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Abstract

:

A framework was set up to monitor drought in the semi-arid regions of eastern Tamil Nadu, southern India, for the period of 2014–2018 CE with the application of the standardized precipitation index (SPI), the scaled drought-condition index (SDCI), and the standardized water-level index (SWI). The results emphasized that this region had a negative precipitation anomaly and vegetative stress, both of which triggered meteorological and agricultural droughts and caused significant losses in the farming sector. The distributions of extreme and high-level hydrological droughts were at their maximum in 2017 CE. The multi-drought severity index (MDSI), implemented to assess the combined impact and highlighting the gradient of affected areas, illustrated that the eastern region (i.e., Jayankondam block) was the most extremely affected, followed by the northern and southern regions (i.e., T.Palur and Andimadam), which were moderately affected by droughts. The extremely affected eastern region has less of an ability to overcome droughts due to its socio-economic vulnerability, with its greater population and household density leading to the over-exploitation of potential resources. Therefore, the focus of this study is on the monitoring of drought severity in micro-administrative units to suggest an appropriate management plan. Hence, the extreme-drought-prone block (Jayankondam) should be given high priority in monitoring and implementing long-term management practices for its conservation and resilience against the effects of severe droughts.
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1. Introduction


Drought is one of the natural hazards that occur due to deficits in precipitation. It causes agricultural stress and affects the ecological environment, as well as the socio-economic conditions, in the arid and semi-arid regions of different parts of the world [1,2,3,4,5]. Furthermore, droughts cause water scarcity and a lack of food crops for populations [6]. The global warming of the modern era has enhanced the frequency of droughts [7,8,9]. However, it is difficult to monitor the spatial extent and temporal origin of these anthropogenic droughts [10]. The elements leading to droughts and the elements that are affected by droughts are interrelated [6,11]. Different aspects of drought are sensitive to precipitation, humidity, and soil moisture and groundwater fluctuation [12,13]. Unusual rainfall patterns and substantial temperature anomalies affect vegetation and lead to groundwater stress, which contributes towards extreme droughts [13]. Lower rainfall profiles lead to a higher impact on groundwater and cause hydrological droughts [14,15]. Even though the deterministic prediction of drought severity is a challenging task, the availability of temporal data facilitates its continuous monitoring through the analysis of agricultural, meteorological, hydrological, and socio-economic droughts [16]. Meteorological and agricultural droughts create more vulnerability. Hence, the quantitative assessment of the regional patterns of droughts, their degree of concentration, and the spatial and temporal changes evolving from the indices are used to mitigate droughts in management approaches [17,18,19]. The effective management and consistent determination of drought with precise temporal monitoring and prediction also help policymakers to formulate new strategies for the sustainable development of natural resources [20,21].



In an agrarian country such as India, where agriculture is the backbone of GDP, around 16% of the total land is drought-prone [22]. Meteorological droughts in India are caused by a lack of monsoonal rainfall; these droughts may become more severe in the near future, affecting food crops, industrial development, and power generation [15,22]. The semi-arid regions in the eastern area of the Tamil Nadu state in southern India (i.e., Ariyalur) have been adversely affected due to climate change. It was noted in the field study that most of this region has vegetation stress, as well as scarce surface water and groundwater for domestic and irrigation purposes. Thus, the region needs a critical assessment of multi-aspect drought conditions and the continuous monitoring of triggering factors.



However, the majority of the studies on drought assessments hardly utilize the multiple remote-sensing datasets available across the globe, particularly in India. The framework of this study is formulated to overcome this limitation by adopting multiple satellite products and ancillary data for the assessment of multi-droughts at the micro-administrative level (i.e., Ariyalur), along with the area’s socioeconomic status.



In this study, we proceeded with the application of satellite datasets, such as the multispectral Landsat Optical Land Imager (OLI) [23,24,25], measurements of monthly precipitation using the tropical rainfall measuring mission (TRMM 3B43) [2,26,27,28,29] and ancillary data on monthly precipitation [30,31,32,33,34] and groundwater levels [5,13,15,35]. The district census handbook (DCHB) and primary census abstract (PCA) of the Census 2011 data were used for assessing the socio-economic vulnerability [36,37,38]. Insights from previous research in different parts of the world helped to form the approach to the index-based drought monitoring and the demarcation of the drought-prone areas [5,6,15,18,22,25,39,40,41,42,43]. In the present study, we monitored the meteorological, agricultural, and hydrological droughts by using ancillary and multi-sensor remote sensing indices, such as the standardized precipitation index (SPI), the scaled drought-condition index (SDCI), and the standardized water-level index (SWI), with appropriate datasets for the period of 2014–2018 CE. In the meteorological drought analysis, the deficiencies in the precipitation and climatic anomalies were quantified through the standardized precipitation index (SPI) with the monthly rainfall data. The agricultural drought was computed through multi-sensor remote-sensing indices, such as the scaled drought-condition index (SDCI). The SDCI was evaluated with the integration of three significant indices: the precipitation-condition index (PCI), the temperature-condition index (TCI) and the vegetation-condition index (VCI). Thus, the proportion of the temperature stress (TCI), the precipitation deficit (PCI), and the irregularities in the vegetative growth (VCI) were combined to highlight the drought-prone agricultural regions. Next, the standardized water-level index (SWI) was used for hydrological drought monitoring. The SWI signified the quantity and distribution of the aquifer stress by utilizing the monthly groundwater level data. The multi-drought severity index (MDSI) was introduced in this study to evaluate the combined effect of the three drought types. The MDSI presents the severity of meteorological, agricultural, and hydrological droughts on a common intensity scale to identify the regions affected by severe multiple droughts. The MDSI was computed with three subsequent indices of SPI, SDCI, and SWI, in which the empirical weights applied were 0.3, 0.4, and 0.3 respectively.



Thus, the aim of this study was to identify the overall drought-affected areas and the intensity of different drought conditions affecting the study region through the multi-drought severity index (MDSI. The findings were compared with the socio-economic factors to highlight the vulnerable blocks, which reveal the power of individuals and management to mitigate the effects of future occurrences.




2. Study Area


The Ariyalur district in the eastern part of Tamil Nadu state, in southern India, is situated beside the western Cauvery Delta agro-climatic zone (Figure 1a) (11°24′25″ to 10°52′14″ N latitude and 78°55′28″ to 79°29′57″ E longitude). It covers an area of about 2038 km2, bordered to the north by Cuddalore, to the south by Thanjavur, to the east by Thanjavur and Nagapattinam, and to the west by the Perambalur and Tiruchirapalli districts. This district comprises 3 administrative taluks (Ariyalur, Udayarpalayam, and Sendurai), 6 blocks (Andimadam, Ariyalur, Jayankondam, Sendurai, T.Palur, and Thirumanur), and 213 revenue villages. The geology comprises fossiliferous limestone, sandstone, clay, and marl, and the primary geomorphic structures are alluvial plain and buried pediments [44]. This region is also well known for its deposits of celeste, limestone, shale, sandstone, canker, and phosphate nodules. These materials are used as primary raw materials for cement manufacturing in eight different plants. The occurrence of lignite, oil, and gas pockets has been reported in the Udaiyarpalayam and Andimadam taluks. The study area has two river systems (i.e., the Vellar and Kollidam rivers) and it is characterized by a tropical climate, with an annual average precipitation of about 1139 mm and temperature of 29.6 °C. It has been classified as semi-arid by the Tamil Nadu government. The predominant soil types are red loamy soil and alluvium. The population, of about 752,481 individuals, has a density distribution of 389 persons per km2, according to the 2011 census. We selected 11 continuous monitoring rain-gauge stations and 76 sample-well locations for monitoring the meteorological and hydrological droughts.



The spatial distribution of the cultivated crops was considered to estimate the total effect of the droughts on the food crops (Figure 1b). The major crops in the study area include paddy, cotton, corn, groundnut, maize, sugarcane, sesame, and cashew nut. Paddy is the most prominently cultivated crop, and it is distributed in the eastern and southern regions of the study area. Its distribution has a direct surge on the surface and groundwater stress in the entire region. The next most heavily cultivated crops, behind paddy, are corn, groundnut, and cashew nut, and the remaining crops are sparsely cultivated.




3. Materials and Methods


The assessment and monitoring of multi-aspect drought conditions were carried out with multiple datasets in a spatio-temporal dimension by calculating the standardized precipitation index (SPI) for evaluating meteorological drought, scaled drought-condition index (SDCI) for evaluating agricultural drought, and the standardized water-level index (SWI) for evaluating hydrological drought. The multi-dimensional drought assessment was carried out by introducing the new multi-drought severity index (MDSI), which processed all the drought indices (SPI, SDCI, and SWI) in a standard severity scale with the empirical weights of 0.3, 0.4, and 0.3, respectively. Both the ancillary and remote-sensing data covered the baseline period (2014–2018 CE) of temporal monitoring during the northeastern monsoon (October, November, and December) season (Table 1). The dataset comprised (i) daily precipitation, acquired through the continuous-monitoring rain-gauge station at the Regional Meteorological Center (RMC) in Chennai, (ii) multispectral imagery of Landsat 8 OLI (Optical Land Imager) from UGSG earth explorer, (iii) satellite-based monthly precipitation of TRMM 3B43 (tropical rainfall measuring mission), and (iv) monthly groundwater-level data from the public works department (PWD), Chennai. The results were compared with the socio-economic vulnerability, which was analyzed with the influencing factors of population density (PD), household density (HD), literacy ratio (LR), and working-population ratio (WPR). ArcMap 10.4 software was used for data processing and mapping and the detailed methodology was described in the in the Figure 2.



3.1. Meteorological Drought


Standardized precipitation index (SPI) is an index-based meteorological drought-severity monitoring method, and it is considered to be one of the most significant indices for monitoring meteorological-drought-affected regions [45,46]. It needs monthly precipitation data for 30 consecutive years. Here, we used the monthly precipitation data from 1989 to 2018 for computing SPI with the interval range of one month (SPI-1) using the formula in Table 2 [30]. The study period (2014–2018 CE) of northeastern monsoon season was extracted to map spatio-temporal distributions of drought severity.




3.2. Agricultural Drought


Precipitation-condition index (PCI) is a remote-sensing-based drought-monitoring technique that represents abnormalities in climatic signs and spatio-temporal deficits in precipitation [2,47,48]. We employed the satellite-based TRMM 3B43 monthly precipitation data in the analysis [49]. This global gridded dataset has a spatial resolution of 0.25° × 0.25° (~27 km), and we applied the bilinear resampling techniques for downscaling to a fine resolution of 250 m [50]. Accordingly, the data were downloaded, resampled, and extracted to a spatial extent for encompassing the study region. Using the formula mentioned in Table 2, the PCI was calculated for October, November, and December for the five years of study period (2014–2018 CE). It was further downscaled to a spatial resolution of 30 m, so that all indices could maintain the same pixel size.



Temperature-condition index (TCI) is one of the essential indices used to understand the climatic signs and soil-moisture content in a region [51,52]. It detects the effect of thermal stress on vegetative growth and intensity of dryness. The thermal infrared sensor (TIRS) of Landsat 8 OLI was utilized to derive the TCI and the land-surface temperature (LST) was extracted from the thermal band of Landsat 8 using the split-window algorithm [53,54]. TCI was calculated from the minimum and maximum pixel values of LST. The minimum, maximum, and monthly LST were extracted for a time series (2014–2018 CE) to compute TCI using the equation mentioned in Table 2.



Vegetation-condition index (VCI) monitors drought-affected regions with the long-term normalized-difference vegetation index (NDVI) values [55,56]. The VCI and TCI are inversely proportional, as vegetation growth is affected by temperature intensity. In order to quantify vegetation stress, the NDVI is a useful tool, with the limitation that it detects only short-term variations in vegetation deficiency [57,58]. The VCI, however, detects long-term vegetation-drought severity [51]. Based on red and near-infrared (NIR) bands in Landsat 8, we calculated the NDVI for the study period (2014–2018 CE) and extracted VCI with the multiple time series of NDVI (equation mentioned in Table 2) with the minimum (NDVImin) and maximum (NDVImax) values.



Scaled drought-condition index (SDCI) is an advanced remote-sensing index for monitoring agricultural drought severity conditions [59]. It provides better results compared to other indices (i.e., NDVI, VCI, and VHI) for screening drought-affected areas. It is a multi-sensor drought index, computed by integrating precipitation deficiency as PCI, temperature variation as TCI, and vegetation stress as VCI, with the empirical weights of 0.5, 0.25, and 0.25, respectively [60,61]. The PCI was given higher empirical weightage as it played a vital role in influencing the SDCI values [59]. We evaluated the agricultural drought after calculating SDCI, as described in Table 2.




3.3. Hydrological Drought


Standardized water-level index (SWI) scales the aquifer stress and fluctuation of groundwater table caused by hydrological droughts [62]. It is computed by dividing the standard deviation with the difference between the water level of the current month and the long-term mean value [5,13]. We selected around 75 wells for collecting the groundwater levels for evaluating the fluctuations. The monthly groundwater-level data from the PWD Chennai was used to compute the monthly SWI for the study period of 2014–2018 CE, and it was clipped to map the spatio-temporal distribution of hydrological drought using the equation mentioned in Table 2.




3.4. Multi-Drought Severity Index (MDSI)


Satellite-based drought assessment and monitoring are more effective as the data availability and the resolution (i.e., spatial and temporal) are high enough for regional/local-scale analysis. Drought complexity and its degree of severity are nevertheless evaluated with a single indicator, as they are the result of multiple influencing factors [6], and it is challenging to determine multiple severity factors in a single index. Several drought indices are still used (i.e., vegetation-drought-response index [63] and vegetation outlook [64]), and they require multiple satellite data and in situ weather and biophysical data. However, it is difficult to apply these indices to different spatial extents due to data constraints. The drought indices adopted for different climatic conditions are developed only by integrating (i.e., blending) multiple remote-sensing-based indices and factors. The blending of remote-sensing-index techniques was implemented by Heim [65] and several blended hybrid remote-sensing indices, which are helpful in drought monitoring, were developed (VCI [55], VHI [56], SDCI [59]) as a consequence. Accordingly, the multi-drought severity index (MDSI) is introduced to understand dynamic drought phenomena and multi-aspect influences on drought intensity in the study area. The seasonal mean value of meteorological (SPI), agricultural (SDCI), and hydrological droughts (SWI) was computed, and its empirical weightage was assigned through a linear combination approach [51,59]. The seasonal mean indices of SPI, SDCI, and SWI were blended through equation mentioned in Table 2 to compute the MDSI, which is a standardized scaled index used to portray regions affected by three types of drought (meteorological, agricultural, and hydrological). The blending process of remote-sensing indices includes assigning appropriate weights for multiple factors, which is a difficult process and requires a suitable technique, for which equal weighting and linear combination approaches are commonly used. Here, equal weights were applied to meteorological (0.3) and hydrological droughts (0.3), while the weightage of agricultural droughts (0.4) was slightly increased as the study region is exposed to such droughts frequently.




3.5. Socio-Economic Vulnerability (SEV)


Almost every natural calamity involves social and economic aspects. In the case of drought, there is an absolute crisis at the socio-economic level; this study assesses the socio-economic vulnerability of the study area. We considered four key factors, population density (PD), household density (HD), literacy ratio (LR), and working population ratio (WPR) [36,37,38,66], to compute the socio-economic vulnerability with the equation in Table 2. These were computed with the integration (i.e., sum) of PD, HD, LR, and WPR, and the vulnerability scale, ranges from 1 to 5, was classified into five classes such as very high, high, moderate, low and very low [67].
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Table 2. The formula/index adopted for the study to compute the drought indices and socio-economic vulnerability.






Table 2. The formula/index adopted for the study to compute the drought indices and socio-economic vulnerability.





	Formula/Index
	Description





	    SPI =       ( X    ij   −  X  im   )  σ    
	SPI is standardized precipitation index, Xij is the precipitation of ith month and ith year, Xim is mean of the seasonal precipitation received by the same rain-gauge station, and σ is the standard deviation. It categorizes the severity of meteorological drought into seven major classes, extending from extremely dry to extremely wet (Table 3) [45].



	    PCI =     ( TRMM  −   TRMM   min   )      ( TRMM    max   −   TRMM   min   )     
	PCI is precipitation-condition index, TRMM is a pixel value of monthly precipitation, and TRMMmax and TRMMmin are maximum and minimum values of the same months of the year between 2014 and 2018 CE. The intensity of drought severity based on the PCI value ranges from 0 to 1 (Table 4). The values nearerst to 1 are characterized as no drought (wet condition), and values nearest to 0 represent extreme drought [2].



	    TCI =       ( LST    max   −   LST  i  )      ( LST    max   −   LST   min   )     
	TCI is temperature-condition index, LSTi is a pixel value of the current month temperature, LSTmax and LSTmin are the absolute maximum and minimum LST values in multiple years. The severity range of TCI values varies from 0 to 1 (Table 4). Values closer or equal to 0 denote dry conditions with abnormal temperatures, and values nearer to 1 represent wet conditions with adequate temperatures [51].



	    VCI =       ( NDVI   i  −   NDVI   min   )      ( NDVI    max   −   NDVI   min   )     
	VCI is vegetation-condition index, NDVIi is pixel range of current month NDVI, and NDVImin and NDVImax are the minimum and maximum values of temporal NDVI. The vegetation stress is indicated with VCI varying from 0 to 1 (Table 4) indicating a range of intense vegetation stress to optimal vegetation conditions [55].



	    SDCI = 0.25   ×   TCI + 0.50   ×   PCI + 0.25   ×   VCI    
	SDCI is scaled drought-condition index, with the agricultural drought severity varying between 0 and 1 (Table 4). The values nearest to 0 represent extreme drought, and the values nearest to 1 suggest no drought [59].



	    SWI =       ( W    ij   −  W  im   )  σ    
	SWI is standardized water-level index. Wij is a water level of ith month and ith year, Wim is the seasonal mean of the same well, and σ is the standard deviation. The values of SWI varying between 0 and 2 suggest different degrees of t hydrological drought (Table 5) [62].



	    MDSI = 0.30   ×   SPI + 0.40   ×   SDCI + 0.30   ×   SWI    
	The MDSI is multi-drought severity index, and its severity values vary from 0 to 1, reflecting the potential effect of multi-drought. The values nearest to 0 represent extremely unfavorable drought conditions, and vice versa.



	    PD =    Number   of   Population   Total   Geographical   Area     
	PD is population density. The total populations of the villages were divided by geographical area (km2) of the village [63].



	    HD =    Number   of   Households   Total   Geographical   Area     
	HD is household density. The total number of households in each village was divided by geographical area (km2) of the village [36].



	    LR =    Total   Literate   Population   Total   Population     
	LR is literacy ratio. The total number of literate individuals was divided by total population in the villages [37].



	    WPR =    Total   Working   Population   Total   Population     
	WPR is working population ratio. The total number of working individuals was divided by total population in the villages.



	    SEV =   ∑   ( PD , HD , LR , WPR )      
	SEV is socio-economic vulnerability. Summation of normalized PD, HD, LR, and WPR and its severity scale varies from 1 to 5 [67].










4. Results


4.1. Meteorological Drought


The SPI values for the three months (October, November, and December) over the five years were used to examine the rainfall during the northeastern monsoon season (Figure 3, Table 3). These values demarcated the areas as extremely dry, severely dry, moderately dry, near normal, moderately wet, very wet, and extremely wet. We did not notice very wet or extremely wet areas in any of the years, and the meteorological drought generally ranged from moderately wet to extremely dry, except for 2017 CE. The study area remained moderately wet to moderately dry in October of 2015 CE and 2016 CE, and moderately dry to extremely dry in December of 2017 CE. We did not detect the extremely dry class in 2014 CE, 2015 CE, or 2016 CE. The extremely dry class was noted only in the years 2017 and 2018. The year2017, it was noted to be the most vulnerable year, during which the extremely dry class was distributed intensely in the blocks of Sendurai and Ariyalur in the month of November and in the blocks of Andimadam and Jayamkondam in the month of December. Next, the severely dry class was observed in the northeast of the study area (i.e., Andimadam and Jayankondan blocks) and the moderately dry class covered a large portion of the study area during the three months of 2017 CE. This shows that the rainfall was deficient in 2017 CE, as there were no wet classes in the SPI. The extremely dry and severely dry classes, however, had relatively less coverage in 2018 CE. The occurrence of the extremely dry class in the years 2017 CE and 2018 CE suggests insufficient precipitation, suggesting the risk of meteorological drought in the study area.




4.2. Agricultural Drought


The precipitation-condition index (PCI) is an influencing factor in agricultural drought analysis as its values are directly proportional to the level of precipitation. It was used to categorize the regions of extreme, high, moderate, slight, and no drought (Figure 4a, Table 4). The outcome illustrates that extreme drought was present in all the years. Except for 2017 CE and December 2016 CE, the precipitation pattern of the study area was divided into five different classes, ranging from no drought to extreme drought. The precipitation in 2017 CE and December of 2016 CE did not show no-drought or slight-drought regions. The entire area was divided into moderate drought to extreme drought due to insufficient seasonal rainfall in 2017 CE.



The temperature-condition index (TCI) is a direct indicator of the heat that prevailed in the study area, and it was derived from the land-surface temperature for the years between 2014 and 2018 CE (Figure 4b, Table 4). The values, subdivided into five classes, classed the area as having extreme, high, moderate, slight, or no drought. The values exhibited extreme and high drought more frequently, and the areas of slight and no drought were in minor patches. The influence of the temperature on the level of drought was comparatively low in 2015 CE and 2016 CE. By contrast, the higher temperatures of 2014 CE, 2017 CE and 2018 CE led to extreme and high levels of drought. Similar to the PCI values, the TCI also recorded extreme drought conditions in several areas in 2017 CE.



The vegetation-condition index (VCI) is the graphical indicator of the vegetation stress, and it was derived from the quantitative values of NDVI. It indicated the prevailing vegetation condition in the study area for 2014–2018 CE (Figure 4c). The five classes demarcated the areas of extreme, high, moderate, slight, and no drought (Table 4). The no-drought classes were mostly observed in 2014 CE and 2015 CE, and the coverage of this area slightly decreased in 2016 CE. Eventually, the coverage of the extreme and high drought classes was higher in proportion in 2017 CE.



The spatial distribution of the scaled drought-condition index (SDCI) categorized the study area into five different classes (extreme, high, moderate, abnormally dry, and no drought), as shown in Figure 5 and Table 4. The spatio-temporal view resembles the pattern of the VCI. The extreme- and high-drought classes were scattered all over the study region in all the months of every year with an intensified pattern, but had only minor coverages in 2014 CE. Eventually, both of these classes increased moderately in the east and south of the study area (near the Jayankondam, T.Palur, and Thirumanur blocks) in 2015 CE and 2016 CE. The abundance of drought-stricken crops increased slightly. The extreme drought class had the highest coverage in 2017 CE and the areas with no drought remained the least common. The extreme drought of 2017 CE indirectly nullified the no-drought class for the region, especially during the month of November. Furthermore, in the year 2018, the extreme-drought-class region reduced in comparison with the previous years. The SDCI monitoring suggests that the vegetation health in parts of Jayankondam, T.Palur, and Thirumanur blocks had suffered significant damage. The no-drought condition had the highest coverage in 2014 CE.




4.3. Hydrological Drought


The standard water-level index (SWI) characterized the groundwater stress as its values precisely reflected the groundwater levels. The quantitative assessment of the SWI between 2014 and 2018 CE classified the areas as having extreme, high, moderate, slight, and no drought (Figure 6, Table 5). In 2014 CE, the proportion of slight-drought areas was high, and a minimal number of areas had a high level of drought. A significant part of the study area indicated no drought both in 2014 CE and in 2015 CE, as this region received more rainfall, as shown on the SPI map (Figure 3). The no-drought areas in 2015 CE covered the western and southern parts of the study area (i.e., Ariyalur, Sendurai, and Thirumanur blocks, Figure 1), whereas the northern, northeastern, and southwestern areas covering Andimadam, Jayamkondam, and T. Palur mostly featured the moderate- and high-drought SWI class. The areas of slight and no drought were modified into moderate- and high-drought conditions in 2016 CE. Eventually, the coverages of the extreme and high drought conditions peaked in 2017 CE, mirroring the PCI and SPI values. This extreme drought class was mostly concentrated over the Sendurai, Andimadam, and Jayamkondam blocks. However, these drought-class areas changed to high and moderate drought in 2018 CE, and some areas in the northern and southern tip became no-drought areas.




4.4. Socio-Economic Vulnerability (SEV)


We derived the socio-economic vulnerability from the parameters of the population density, household density, literacy ratio, and working-population ratio. This separated the study area into very high, high, moderate, low, and very low classes following the rankings of the influencing parameters. The population density and household density showed similar patterns, as these parameters are interlinked (Figure 7a,b). The areas with high classes were mostly in the northeastern blocks (Andimadam and Jayamkondam). In these blocks, the population and household density are higher than in the other blocks of Sendhurai and Ariyalur, where most of the region falls under the moderate-density class of both population and household. It was then inferred that the literacy ratio was inferior as one-third of the region remained in the very-high-vulnerability class, mostly in the middle and southeastern parts covering most of Ariyalur, T.Palur, and a minor portion of Thirumanur block (Figure 7c). The very-high-vulnerability literacy class was also noticed over the northernmost area of the Sendhurai block, in the Ariyalur district. The working-population ratio showed a very-high-vulnerability class in Sendhurai and Jayamkondam, whereas the highly vulnerable class was mostly concentrated over the Jayankondam block in the study region (Figure 7d). The final map of the socio-economic vulnerability demarcated the areas of the very-high and high classes, which mostly resembled the distributions of the population density and household density (Figure 7e). The Thirumanur block in south of the study area had low socio-economic vulnerability as the block features a population that is of mostly low vulnerability and household density. The Andimadam and Jayankondam blocks, in the northeast of the study area, exhibited the worst socio-economic conditions; their populations belonged to the highly vulnerable class of socio-economic vulnerability, as these blocks mostly include the highly vulnerable class of the population, a high level of household density, and a high working-population ratio. Hence, these blocks were identified as possessing very high socio-economic vulnerability, with less of an ability to overcome severe droughts.




4.5. Multi-Drought Severity Index (MDSI)


The analysis and monitoring of the multi-aspect drought severity in this study for the eastern part of Tamil Nadu, Ariyalur district, were carried out with several indices through the evaluation of the combined effects of meteorological (SPI), agricultural (SDCI), and hydrological (SWI) droughts on a scaled value, i.e., the multi-drought severity index (MDSI), by applying the empirical weights to the SPI, SDCI, and SWI (Figure 8a–c). Thus, the results of the MDSI presented a similar distribution of results to those observed in the three indices (i.e., SPI, SDCI, SWI), in accordance with the weights assigned to it. The Jayankondam block and a small portion of the Tirumanur block were adversely affected by all three drought types (Figure 8a–c), which implies the same as the MDSI results. Furthermore, the Ariyalur block of the study area experienced no drought for SPI, SDCI, and SWI, which perfectly matched the MDSI result. Thus, the results of the MDSI strongly reflected the weights assigned. The spatial variation in the MDSI, scaled in five classes of severity condition (very high, high, moderate, low, and very low), is presented in Figure 8d. The western part (i.e., Ariyalur and Sendurai blocks) was less affected, with a low-to-very-low severity class. On the other hand, the eastern part (i.e., Jayankondam and T.Palur blocks) was enormously affected, with the severity class ranging from moderate to very high. The very-high class was mainly concentrated in the Jayankondam block, as well as in some minor parts of the T.Palur and Thirumanur blocks. The major parts of both the latter blocks exhibited moderate- and high-severity droughts.





5. Discussion


The quantitative temporal analysis of the meteorological, hydrological, and agricultural droughts during 2014–1028 CE revealed extreme and severe droughts in 2017 CE. This suggests that if the frequency and probability persist, the study region will experience severe meteorological droughts, as in 2017 CE (Figure 3), more frequently in the near future. Murthy et al. [68] and Guhathakurta et al. [69] suggest a high probability of drought in Tamil Nadu, in south India, and Dhiman [70] states that most of the districts in Tamil Nadu are overexploiting groundwater due to monsoonal failure. Similarly, Chandrasekar et al. [71], Varadan and Kumar [72], Vaani and Porchelvan [73], Balasundareshwaran et al. [74], and Das et al. [75] suggested that the Ariyalur district is the most vulnerable, with moderate-to-high agricultural drought.



Thus, the combined effect of insufficient rainfall and overexploited groundwater in the eastern blocks (Jayankondan and T. Palur) led to crop failure, suggesting severe agricultural droughts. This crop failure directly constitutes the effect on the paddy, which is the major crop found in the Ariyalur district and in a significant portion of T.Palur and Jayamkondan blocks. If these conditions of severe drought persist over a longer period, they may have a substantial impact on the paddy crop, and the crop pattern will be probably change to that of the groundnut crop that is present over the T.Palur block. This will affect the production of paddy and increase the demand for food crops. Thus, the persistence of this severe drought condition for a prolonged period of time over the region will trigger famine. In the present study, it is concluded from the MDSI (Figure 8d) that the entire eastern region is already facing the worst conditions. If the vulnerable situation, probability, and frequency pattern persist over a longer period of time, the drought affecting these areas could extend to the western region in the future.



The Jayankondam block was the most affected area with the combined influences of meteorological, agricultural, and hydrological droughts, highlighting its extreme vulnerability. The very high agricultural droughts (SDCI) of 2015 CE and 2016 CE were mainly due to low precipitation (PCI, Figure 4a) and high temperatures (TCI, Figure 4b). For the meteorological drought (SPI), the Jayankondam rain-gauge stations recorded lower amounts of rainfall during the northeast monsoon season, except in October and November of 2016 CE (Figure 3). The hydrological drought analysis (SWI) also suggested high aquifer stress and extreme drought, particularly in 2015, 2017, and 2018 CE (Figure 6). The MDSI characterized this area as an extreme-drought-affected block. This cumulative-stress drought condition implies a life-threatening impact on the food crops, leading to famine in the eastern part of the study area. The most severely affected crops in this block include paddy, maize, and cotton (Figure 1b). The distribution of paddy is the most significant of these, and it will be profoundly affected by insufficient rainfall and aquifer stress aquifers. Crop growth would imply a lower level of groundwater. The drought severity by block, in decreasing order, is as follows: T.Palur block in the east, Andimadam block in the north, and Thirumanur block in the south of the study area (Figure 8d). In terms of the SDCI, these blocks were severely affected between 2015 and 2017 CE, with low TCI and PCI values. These regions were also affected by highly fluctuating groundwater levels due to over-exploitation for domestic purposes and the irrigation of crops, which potentially lead to aquifer stress (SWI). The SPI values classified these areas as suffering from moderate-to-very-high drought because of the reduced seasonal rainfall in the years 2015, 2017, and 2018 CE (Figure 3). The cultivations of paddy, sugarcane, groundnut, and maize were sparse due to the scarcity of water.



The fulfilment of the framework was achieved as the results of this study were compared with the socio-economic variable, which is strongly associated with the power of individuals to withstand drought conditions. Vengateswari et al. [76] infer that the southern part of India (Tamil Nadu) is exposed to a moderate-to-high frequency of meteorological droughts and that droughts occurred in the Ariyalur district approximately 8 times over 37 years of the northeastern monsoon season, and Balaganesh et al. [77] state that the Ariyalur district has drought vulnerability with high sensitivity and low adaptive capacity. Moreover, the results of the MDSI, with respect to socio-economic vulnerability, suggest that the Jayankondam block in the east was extremely affected, and that it has less of an ability to overcome severe droughts. This condition is mainly due to its higher population and household density, leading to higher potential resource utilization, which reduces the possibility of recovery under the existing environmental conditions. The blocks in the north, south, and east (i.e., T.Palur, Thirumanur, and Andimadam) are in an endangered position, as both their MDSI and their socio-economic vulnerability are in the medium-to-high vulnerability categories. This is mainly due to the significant increase in the household density across these blocks, which implies an increasing demand for food crops, such as, paddy, which in turn requires a substantial supply of water, which is limited in the T.Palur, Thirumanur, and Andimadam blocks due to metrological and hydrological drought. These blocks require initial retrieval practices to recover. Thus, to improve the livelihoods of households, the crop paddy can be replaced with a drought-resistant crop, groundnut, which requires a minimum amount of water consumption in comparison with the paddy.



Hence, the outcomes of this study and the field-visit photography (Figure 9) demonstrate that Jayankondam block is a highly drought-prone region, while T. Palur and Andimadam blocks are moderately drought-prone. This is mainly due to the absence of a surface-water system, which makes Jayankondan highly sensitive and less adaptive. The T. Palur and Andimadam blocks benefit from the water resources of the Vellar and Kollidam rivers, contributing to their potential recovery. Additionally, the use of groundwater is restricted in the three blocks due to higher levels of physio-chemical contamination [78]. All these factors combine to create dramatically unfavorable conditions for the individuals in the study area. Thus, management strategies have to be adopted immediately in the Jayankondam block to ensure rapid recovery. Furthermore, structural and non-structural measures should be implemented for long-term operations. The full recommendations for the drought-severity blocks highlighted in the study are as follows:




	
The results exemplify that the socio-economic conditions of the Jayankondan block must be strengthened to manage the existing conditions, as the occurrence of meteorological and hydrological droughts will be more frequent in the near future, due to global warming.



	
The high-priority region (i.e., Jayankondan block) requires closer agricultural drought monitoring through the implementation of a real-time early-warning system, through which prediction models can be developed to mitigate the prevalence of drought.



	
A multi-cropping pattern and a drought-resistant crop must be used to maintain the sustainability of soil nutrients.



	
The region features weak socio-economic conditions, which must be strengthened by increasing the literacy rate and conducting awareness programs for agricultural workers.



	
A proper irrigation system should be maintained for seasonal crops, and as a water conservation plan; rainwater harvesting must be implemented to replenish groundwater levels.



	
Policymakers should consider investment in agro-based projects (i.e., small-scale water conservation and management) at the micro-level, subsidies for agricultural activities, crop insurance plans, emergency disaster funds, and immediate remedial action during monsoon failure).









6. Conclusions


A framework was adopted to analyze the MDSI and identify vulnerable areas by comparing the socioeconomic conditions through regions’ drought tolerance and sensitivity, as well as the resilience of individuals to the consequences of drought in Tamil Nadu, India. This study’s major findings suggest that the combined influences of inadequate rainfall and the over-exploitation of groundwater have caused agricultural stress in Jayankondan, T.Palur, and Andimadam blocks. When comparing these result with the socioeconomic condition, it was found that Jayankondan, in the eastern part of the study area, is highly affected, as the higher population and household density force the overexploitation of the resources present in the study region. On the other hand, T.Palur and Andimadam blocks fall under moderate socioeconomic stress as they benefit from the availability of surface water through the Kollidam and Vellar rivers. Therefore, long-term drought-management measures should be followed in the area exposed to extreme drought severity (i.e., Jayankondan), and short-term practices should be implemented in the moderate-severity areas (i.e., T.Palur and Andimadam). As the socioeconomic conditions are also declining in these blocks, however, special attention must be given to drought preparedness to strengthen the blocks’ adaptive capacity. The construction of surface canals along drought-affected regions to manage the short-term effects of drought, and crop rotation must be practiced in drought-affected agricultural areas to maintain soil-moisture and nutrient levels. The results reported in this study certainly help to improve existing or generate new strategies to minimize the drought conditions in the case-study area.
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Figure 1. Map showing the locational information on the Ariyalur District in eastern Tamil Nadu (South India): (a) the distribution of rain-gauge stations and borewell locations; (b) spatial distribution of different crops cultivated in Ariyalur district of south India. 
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Figure 2. Methodological framework of multi-aspect drought-severity monitoring and assessment of socio-economic status in Ariyalur district of southern India. 
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Figure 3. Spatio-temporal distributions of standardized precipitation index (SPI) and different degrees of drought in Ariyalur district of southern India. 
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Figure 4. Spatio-temporal distributions of agricultural drought and different degrees of severity in Ariyalur district of southern India: (a) precipitation-condition index (PCI); (b) temperature-condition index (TCI); (c) vegetation-condition index (VCI). 
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Figure 5. Spatio-temporal distributions of scaled drought-condition index (SDCI) and different degrees of drought in Ariyalur district of southern India. 
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Figure 6. Spatio-temporal distributions of standard water-level index (SWI) and different degrees of drought in Ariyalur district of southern India. 
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Figure 7. Spatial distributions of: (a) population density (PD), (b) household density (HD), (c) literacy ratio (LR), (d) working-population ratio (WPR), and (e) socio-economic vulnerability (SEV) in Ariyalur district of southern India. 






Figure 7. Spatial distributions of: (a) population density (PD), (b) household density (HD), (c) literacy ratio (LR), (d) working-population ratio (WPR), and (e) socio-economic vulnerability (SEV) in Ariyalur district of southern India.



[image: Water 14 02049 g007]







[image: Water 14 02049 g008 550] 





Figure 8. Seasonal mean of: (a) meteorological drought, (b) agricultural drought, (c) hydrological drought, and (d) multi-drought severity index (MDSI) in Ariyalur district of southern India. 
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Figure 9. Multi-drought severity (i.e., meteorological, agricultural, hydrological), and field photographs of extreme-drought region (i.e., Jayankondam block), which implies that the region is exposed to extreme drought conditions. 
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Table 1. Description of the dataset used for this study of multi-aspect drought-severity monitoring and assessment.
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	S. No.
	Data Sets
	Variable
	Period
	Resolution
	Source





	1
	Rainfall
	SPI
	1989–2018
	--
	RMC, Chennai



	2
	Landsat 8 OLI
	NDVI, LST, VCI, TCI
	2014–2018
	30 m
	Earth Explorer



	3
	TRMM 3B43
	PCI
	2014–2018
	27 km
	NASA Mirador



	4
	Ground Water Level
	SWI
	2004–2018
	--
	PWD, Chennai



	5
	Census
	PD, HD, LR, WPR
	2011
	--
	Census India
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Table 3. Severity of meteorological drought classes (SPI) based on McKee et al. [45]’s classification.
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	Drought Classes
	SPI Values





	Extremely dry
	<−2



	Severely dry
	−1.5 to −1.99



	Moderately dry
	−1.0 to −1.49



	Near normal
	−0.99 to 0.99



	Moderately wet
	1.0 to 1.49



	Very wet
	1.5 to 1.99



	Extremely wet
	>2.0
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Table 4. Values of different agricultural drought classes are based on the PCI, TCI, VCI, and SDCI indices [2,51,55,59].
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	Drought Classes
	Values
	PCI
	TCI
	VCI
	SDCI





	Extreme Drought
	<0.10
	
	
	
	



	High Drought
	0.11–0.20
	
	
	
	



	Moderate Drought
	0.21–0.30
	
	
	
	



	Slight Drought
	0.31–0.40
	
	
	
	



	No Drought
	>0.40
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Table 5. Values of different hydrological drought classes (SWI) are based on Bhuiyan [62]’s classification.






Table 5. Values of different hydrological drought classes (SWI) are based on Bhuiyan [62]’s classification.





	Drought Classes
	SWI Values





	Extremely Drought
	>2



	High Drought
	1.5 to 1.99



	Moderate Drought
	1.0 to 1.49



	Slight Drought
	0.99 to 0.00



	No Drought
	<0
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