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Abstract

:

South Africa has a long history of recurrent droughts that have adversely affected its economic performance. The recent 2015 drought has been declared the most serious in 26 years and impaired key agricultural sectors including the forestry sector. Research on the forests’ responses to drought is therefore essential for management planning and monitoring. The effects of the latest drought on the forests in South Africa have not been studied and are uncertain. The study reported here addresses this gap by using Moderate Resolution Imaging Spectroradiometer (MODIS)-derived normalized difference vegetation index (NDVI) and precipitation data retrieved and processed using the JavaScript code editor in the Google Earth Engine (GEE) and the corresponding normalized difference infrared index (NDII), Palmer drought severity index (PDSI), and El Niño time series data for KwaMbonambi, northern Zululand, between 2002 and 2016. The NDVI and NDII time series were decomposed using the Breaks for Additive Seasonal and Trend (BFAST) method to establish the trend and seasonal variation. Multiple linear regression and Mann–Kendall tests were applied to determine the association of the NDVI and NDII with the climate variables. Plantation trees displayed high NDVI values (0.74–0.78) from 2002 to 2013; then, they decreased sharply to 0.64 in 2015. The Mann–Kendall trend test confirmed a negative significant (p = 0.000353) trend between 2014 and 2015. This pattern was associated with a precipitation deficit and low NDII values during a strong El Niño phase. The PDSI (−2.6) values indicated severe drought conditions. The greening decreased in 2015, with some forest remnants showing resistance, implying that the tree species had varying sensitivity to drought. We found that the plantation trees suffered drought stress during 2015, although it seems that the trees began to recover, as the NDVI signals rose in 2016. Overall, these results demonstrated the effective use of the NDVI- and NDII-derived MODIS data coupled with climatic variables to provide insights into the influence of drought on plantation trees in the study area.
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1. Introduction


Defined as an extended period of rainfall shortage coupled with higher than normal temperatures, droughts result in water shortages and plant water stress [1]. This prevalent, recurrent, and multifaceted feature of the climate system is widely recognized as one of the costliest natural catastrophes of the 20th century, threatening a multitude of terrestrial and aquatic ecosystems worldwide [2] and holding serious implications for ecological and economic factors [3]. In forests, moisture and temperature anomalies associated with droughts affect the tree health, which often results in extensive tree mortality [4].



Past decades have witnessed a notable growth of drought studies reporting their varied impacts on forest ecosystems globally. Extended drought events have, in part, induced forest fires [5,6], provoked the outbreak and spread of tree-attacking insect pests [7], amplified tree moisture deficits [8], stimulated the establishment of opportunistic plant invaders [9,10], and engendered land degradation and fragmentation in and around forested landscapes [11]. These effects can result in severe tree mortality and incur heavy economic costs for the forestry industry [12,13]. This is a serious concern as [14] projected an increase in drought frequency, extent, and intensity, even in areas where droughts are irregular [13]. So, the effects of droughts cannot be ignored, because they present a compounding challenge to forest health and productivity [8,15,16].



Consistent and frequent monitoring of droughts across various scales is important for the forest industry in order to respond promptly to forest disturbances and so reduce the risk of damage [17]. This practice may enhance our understanding of the fundamental drivers that trigger droughts so that relevant forest management strategies can be developed [18], particularly in the face of shifting climate conditions [19]. Measurements based in situ have traditionally been used to monitor drought damage, although their spatial variability defies efforts to assess the ecological effects using field methods alone [20]. Moreover, drought monitoring requires high-density temporal data; satellite remote sensing provides necessary means to retrieve this information at flexible intervals, as well as to augment data derived in situ [21,22].



Progress in remote sensing, and, hence, the ability to detect droughts, has facilitated early warning systems [21] and the timely detection and monitoring of droughts across large areas [14]. The suite of the current generation of satellite imagers are capable of observing forest landscapes at much finer spatial scales than in the past and at a near-daily time step, enabling seamless reconstruction of the spatial and temporal manifestations of drought-mediated disturbances [23]. However, the understanding of droughts depends on the availability and consistency of satellite data. The opening of ample free satellite data archives by the United States (US) Geological Survey, coupled with the capacity to retrieve fully processed images [24,25] has transformed remote sensing into a practical means for monitoring droughts. Particularly, the Google Earth Engine (GEE) platform has become valuable for developing countries that are typically data-poor and lack high-performance computing systems for drought monitoring [26].



Typically, a remote sensing-based drought monitoring approach is achieved by tracking indices that reflect plant responses as an indicator of climate variability. Several vegetation indices exist, although the normalized difference vegetation index (NDVI) is the main, efficient, and commonly used one [27]. It is the measure of plant photosynthetic ability and productivity, which is a function of the difference between near-infrared (0.858 µm) and the red band (0.648 µm) reflectance over the combined reflectance in these two parts of the spectrum [20,28]. Vegetative drought conditions are described by a deviation of the NDVI values from their temporal mean, typically measured over extended time scales. Studies have established strong correlations between the NDVI values and the climatic variables [29], demonstrating that the index is an efficient indicator of climatic drought-driven vegetation changes [30]. Other important variables for the study of droughts are related to moisture storage in the root zone of the vegetation, which is measured by the normalized difference infrared index (NDII), and similar to the NDVI, it uses ratios of the near-infrared and short-wave infrared reflectance (1.65 µm) [31]. This is a robust indicator of water availability in the soil for use by trees [32].



To determine the influence of droughts on the vegetation, variations in the NDVI are often associated with drought indices, numerical criteria that characterize the drought intensity, scale, and duration by assimilating key environmental variables such as precipitation, temperature, and vegetation status [22]. The Palmer drought severity index (PDSI) is widely adopted [33], providing standardized moisture conditions over time by incorporating precipitation, temperature, and potential evaporation [34]. The PDSI has been relatively successful at computing long-term drought conditions in several regions [33]. The index varies between −10 and +10 [35], where strong positive values represent extremely wet conditions, and strong negative ones indicate extreme drought. Here, we define a drought as a negative detrended NDVI as a response to a moisture deficit caused by climate variability.



In the eastern seaboard of South Africa, the 1991–1992 drought cost the forestry sector nearly R450 ($33.9) million [36]. During this period, more than 30,000 ha of forests were replanted shortly after the drought season, and a further expense of R2000 per hectare was incurred to replace the affected trees [37]. The most recent drought is closely comparable with that of 1991–1992 [38] and has been declared as the worst in 26 years [39,40]. Furthermore, [41], an agricultural industry association reported declining yields in other agricultural crops during 2016. However, in spite of their regular occurrence, the effects of droughts on forest plantations in this region have received little attention from scientists.



The effects of the recent drought on forest resources along the northeast coast of KwaZulu-Natal, South Africa have not been studied and are inconclusive. While previous drought effects on forests have been explored in South Africa, no past studies have employed remote sensing—this study is the first attempt to address this gap. Here, we use Moderate Resolution Imaging Spectroradiometer (MODIS)-derived NDVI and NDII coupled with climate variables over a 15-year period (2002−2016) to assess the influence of drought conditions on plantation forests in this region. MODIS was employed because of its informative characterization of drought events [42].




2. Materials and Methods


2.1. Study Area


The spatial context for this research is the KwaMbonambi plantation forests, which are located along the eastern seaboard of KwaZulu-Natal, 30 km northeast of Richards Bay (Figure 1). It is dominated by even-aged Eucalyptus L’Héritier. plantations of almost 40,000 ha. The plantations are managed by Sappi, a large South African pulp and paper company with a global reach. The growing stock mainly comprise 6–14-year-old Eucalyptus grandis W. Hill ex Maiden (E. grandis), E. grandis × Eucalyptus camaldulensis Dehnh. (E. gxc), and E. grandis × Eucalyptus urophylla S.T.Blake (E. gxu) hybrid clones. The stands are fairly uniform regarding canopy cover with tree density established at 1667 trees ha−1. It is typical of the northern KwaZulu-Natal forestry region, which is subject to notable forest disturbances, such as fire and insect pest outbreaks. The area is characterized by a subtropical climate, and the mean annual temperature is 22 °C [43]. The area receives an annual rainfall averaging 1200 mm, which is highly seasonal and peaks between November and February [44], and the potential evapotranspiration is 1772 mm [45]. The landscape of KwaMbonambi is flat and consists of Quaternary alluvial sediments of clay sands of aeolian deposits [46] and soil with varying levels of organic matter [47], at an elevation of 74 m above sea level. The high penetrability of the soils permits prompt leaching of the nutrients due to the high rainfall in this region [46]. These conditions are favorable for fast-growing Eucalyptus plantations [48].




2.2. Data for NDVI and Climate Variables


Numerous Moderate Resolution Imaging Spectroradiometer (MODIS) products have been extensively used to monitor vegetation changes since 2000. In this study, we used the MODIS (MCD43A4) 16-day composite NDVI image product with 500-m resolution and nadir and bidirectional reflectance distribution function-adjusted spectral reflectance bands, because it reduces the anisotropic scattering effects of surfaces under different illumination and observation conditions [49]. The dataset provides a sample on a rolling 8-day interval based on 16 days of a MODIS surface reflectance composite period for bands 1–7. This product combines data from both the Terra and Aqua spacecrafts, taking the best representative pixel from the 16-day epoch [50]. The image collection ID: (MODIS/MCD43A4_NDVI) in the Google Earth Engine (GEE) environment was used to retrieve the MODIS data. The high temporal frequency of this product makes it possible to detect changes by using time series analysis, especially in the eastern seaboard of South Africa, where cloudy conditions present a challenge. Otherwise, a finer Landsat product is ideal for the unit scale of the study area, but data gaps were detected, and for that reason, the MODIS data was considered. The cloudy dates were filtered to obtain images captured under cloudless conditions and processed using the JavaScript code editor in the GEE environment. The NDVI values were averaged for the entire study area, and the mean annual NDVI was used for analysis. The NDII was calculated in the GEE environment using MODIS data.



To understand the NDVI–drought relationship, climatic factors that include PDSI, Niño 3.4, and precipitation were considered. Precipitation was also extracted from GEE using the Climate Engine Application (CEA, http://climateengine.org./). These data are generated from the Modern-Era Retrospective Analysis for Research Application (MERRA-2) model [51]. The MERRA model data are available at 0.67° × 0.50° resolution at 1–6 h intervals. The Niño 3.4 index is an index commonly used to quantify the strength and phase of the El Niño Southern Oscillation. El Niño events result from the anomalous warming of the eastern equatorial Pacific Ocean, which affects the circulation, often inducing drought and heat wave conditions over southern Africa via teleconnections [52,53]. The Niño 3.4 index was retrieved from the National Oceanic and Atmospheric Administration (NOAA) online portal http://www.esrl.noaa.gov./psd/gcos_wgsp?Timeseries/. Niño 3.4 is computed by averaging sea–surface temperatures (SST) within the Niño 3.4 region, in this case 5° N–5° S latitude and 120° W–170° W latitude over the Pacific Ocean. The self-calibrating monthly Palmer drought severity index (PDSI) data were obtained from the University of East Anglia’s Climatic Research Unit (CRU) (https://crudata.uea.ac.uk/cru/data/drought/). PDSI is computed from time series of precipitation and temperature, in conjunction with fixed parameters related to the soil/surface characteristics at each location [54].




2.3. Temporal Trend Analysis


The NDVI time series generally contains a strong seasonal component that is associated with the growing seasons of the vegetation [55]. The Breaks for Additive Seasonal and Trend (BFAST) method, an aligner tool, was applied to decompose the time series into the trend, seasonal, and random components, which explain seasonality and facilitate the detection of trend variations within the time series. The BFAST equation is given as follows:


   y t  = m +  T t  +  S t  +  R t     



(1)




where m is the mean, T is the trend component value, S is the seasonal component, and R is the random component at timestep t. The summation of the mean, trend, seasonal, and random components is equivalent to the original time series. Thereafter, the time series was “deseasonalized” using the “smoothTrend” function to remove the variations resulting from seasonal cycles.



Because the NDVI time series generally do not have normally distributed patterns and comprise non-linear trends and outliers [56], the Mann–Kendall test was applied to determine the significance of the 2002–2016 NDVI trend. A notable feature of this test is that it is insensitive to missing values and avoids the loss of seasonal information when inspecting the trend [57]. Following [58], the Mann–Kendall trend test is computed as follows:


  S =   ∑   i = 1     n − 1     ∑   j = i + 1  n  sign  (   T j  −  T i   )   



(2)




where


  S i g n  (   T j  −  T i     )  =  {      1   if    T j  −  T i  > 0       0   if    T j  −  T i  = 0       − 1   if    T j  −  T i  < 0        



(3)




where Tj and Ti are the annual values in years j and i, respectively, j > i. The average value of S is E(S) = 0, and the variance (σ2) for the S statistic is given by the following:


   σ 2  =   n  (  n − 1    )   (  2 n + 5  )  −   ∑  ​   t i   ( i )   (  i − 1  )   (  2 i + 5  )    18    



(4)




in which ti denotes the number of ties to extent i. The summation term in the numerator is used only if the data series contains tied values. The standard test statistic Zs is calculated as follows:


   Z s  =  {        s − 1 .  σ  f o r   S > 0       0   f o r   S = 0         s + 1  σ  f o r   S < 0     .    



(5)







The test statistic Zs is used a measure of significance of the trend. In effect, this statistic is used in this study at a 95% confidence interval. If the z-score is between −1.96 and 1.96, then it implies that the trend is not significant, but if it falls outside this range, then the trend is significant.




2.4. Correlation Analysis of NDVI and Climate Factors


In this study, the Pearson correlation coefficient (r) between the NDVI, NDII, and climatic variables was calculated to assess the influence of climatic drought on the plantation trees. This method has been widely applied to analyze the relationship between the NDVI and climatic factors [59]. The strength of influence for climatic factors on the NDVI patterns was determined over the 15-year period, between 2002 and 2016.





3. Results


3.1. Drought Severity in Southern Africa


As an introduction to the general characteristics of the recent drought in terms of its strength and persistence, the El Niño events, which are associated with droughts in South Africa [60] are reconstructed in Figure 2. Severe droughts that affected the country were apparently established during a mature El Niño phase [61]. Over the past 30 years, the 1982–1983, 1991–1992, and 1994–1995 droughts appear to have been the most extreme, with the 1991–1992 drought declared as the worst on record [38]. However, this study, in agreement with [41] established that the recent drought is more severe and prolonged than the 1991–1992 event. In this regard, it was our intention to perform the analyses so that the effects of the recent drought on commercial forestry in South Africa are determined.




3.2. Temporal Variability of NDVI


The temporal variability of the NDVI in the KwaMbonambi forest area is presented in Figure 3. The first panel shows the original NDVI time series, followed by the trend on which the analysis is based. The annual NDVI is fairly stable from 2002 until the breakpoint in 2014, which continues to decline until 2015. The plantation trees showed a relatively stable NDVI pattern between 2002 and 2013 (Figure 4), slightly decreased in 2014, and progressed further in 2015, with remnants of stable green over the eastern section. This difference suggests that the Eucalyptus clones in this region had varying sensitivity to drier conditions. While this may have been the case, there was no way to rule out the possible influence of other factors. In 2016, it seemed as if the plantations were recovering as evidenced by a slight increase in greening. This was confirmed by the smoothed NDVI time series (Figure 5), averaged for the entire study area with the shaded region showing the estimated 95% confidence intervals. The smaller brown (harvested) sites showed a patchy distribution, mostly in the eastern part of the study area, but appeared more prominently during the 2015 drought period. The permanent patch (timber site) southeast of the study area is an exception.




3.3. Time Series Analysis of NDVI, NDII, Precipitation, El Niño, and PDSI


The time series analysis of the NDVI and the climatic factors over the 15-year period from 2002 to 2016 is presented in Figure 6. The result shows a fairly constant NDVI pattern over the first 12 years, ranging between 0.74 and 0.78; it declined to 0.64 in 2015. This is supported by a Mann–Kendall test that showed a non-significant (p = 0.4661, z = −0.728) NDVI trend from 2002 to 2013. The trend (negative) was found to be significant from 2014 to 2015 (p = 0.000353, z = −3.5729). The NDVI was accompanied by a similar precipitation pattern (Figure 6b) with a shortage in 2015. The NDII (Figure 6d) also exhibited a similar pattern with the NDVI and precipitation. It can be seen from Figure 6d that the period of 2002–2013 had a high moisture content (NDII = 0.25), followed by a decrease in 2014 to drier conditions (NDII = 0.13) in 2015. From Figure 6a it is clear that the decrease in the NDVI is associated with the strongest (1.9) 2015 El Niño event, which led to 2015 being the hottest year on record globally [62]. The PDSI (−2.6) also pointed toward intense drought conditions during this period, as shown in Figure 6c. This was also confirmed by the lower NDII (0.13) value in 2015, which was indicative of a soil moisture deficit (Figure 6d). However, as shown in Figure 6a, the El Niño events after 2002 had little influence on the Eucalyptus trees compared with the recent event. This was also supported by Figure 6c, which revealed that previous droughts over the study period surprisingly had a negligible effect on this valuable commodity. These results imply that the recent drought was relatively intense compared with other droughts events over the study period. Although not fully recovered in 2016, it seems that the NDVI is recovering, along with increasing precipitation while the El Niño effect is abating. So, the 2015–2016 drought appears to entail a temporal hiatus of the NDVI trend. However, given the cyclicity of droughts in this region, the apparent recovery trend remains to be confirmed.




3.4. Correlation of NDVI, NDII, and Climatic Variation


The correlations of the NDVI, NDII, El Niño, PDSI, and precipitation are presented in Figure 7. The NDVI showed a strong correlation with the NDII (r = 0.89), highlighting the strength of the NDII to assess drought-related stress in the plantation trees. The results also indicated a negative correlation between El Niño and the NDVI (r = −0.51), as well as the NDII (r = −0.53), reaffirming the consistent mechanism of influence of drier conditions. The PDSI−NDVI correlation (r = 0.34) was also notable. Because the influence of the climate variables on the NDVI may not be stable throughout the study period, it was considered necessary to assess the extent to which the NDVI correlated with NDVII and the climate variables for each year (2002−2016).



The correlation coefficients presented in Figure 8 showed a strong NDVI–NDII relationship (r > 0.7) throughout the study period. The El Niño effect also showed a negative but strong correlation with the NDVI trends in 2015 (r = −0.85)—El Niños are well known to induce drier conditions in South Africa [63]. The relative NDVI decrement was strongly associated with the worsening PDSI signal, particularly in the period of 2013–2014 (r = 0.9) and 2015 (r = 0.6). On the other hand, the correlation of the NDVI and precipitation is not as high as the other variables (r = 0.1). In a similar study, [64] stressed that the correlation between the NDVI and precipitation is strongly influenced by the degree of aggregation over a time dimension. Moreover, studies such as [65] noted that the NDVI lags behind precipitation by several weeks or months. This is also the case in this study as illustrated in Figure 6b. Otherwise, the strong association of the NDII, PDSI, and El Niño with the NDVI confirms a decrease in the tree activity as a result of drier drought conditions in 2015. On the basis of these associations, therefore, it is apparent that the plantation trees during 2014–2015 suffered moisture stress because the El Niño was at its peak. This is reflected by a sharp decrease in greenness in 2015, as illustrated in Section 3.2.





4. Discussion


We have explored the spatial variation and temporal patterns of the NDVI values as a surrogate for the plantation trees in association with climate variables. The plantations trees displayed high NDVI values in harmony with precipitation trends over much of the study period, until a sudden dip in 2014, which intensified further in 2015, reaffirming the consistent mechanism of influence [66,67], especially in arid and semi-arid regions where precipitation is the limiting factor for plant growth [68]. The NDII also exhibited a similar pattern with the NDVI and precipitation, suggesting that the reduction of tree activity in 2015 was related to a water deficit as a result of the strongest El Niño period, which is believed to have induced drier conditions [66] and altered vegetation reflectance spectra [69]. This reaffirms Sriwongsitanon’s [31] finding that the NDII is a robust indicator of the interaction between precipitation, soil moisture, and plant water content. This further highlights the stronger influence of precipitation on tree activity [70]. In accordance with this observation, the negative PDSI signal pointed towards a severe drought event that had already been reported by [38,41] as the worst over the past four decades in this country. This drought was notable because of its severity and duration. In response, the plantation trees exhibited a sharp drop of greenness as the NDVI reached a value of 0.64—the lowest recorded over the study period, with the exception of clones over the central east region that showed tolerance. More recently, in KwaMbonambi, [71] found large-scale dieback of a single E. gxu hybrid clone, while other E. gxu clones in the same area remained relatively healthy. Following this finding, intensive assessments were carried out to consider the possible role of insect pests and pathogens on the affected trees, and the results showed no evidence that these disturbances were responsible for the dieback [71]. Instead, their results showed variation in the hydraulic functioning among the E. gxu clones, where dying clones suffered from drier field conditions compared with other healthier clones.



This is also supported by the extended reduced precipitation over the same period. For this purpose, [61] advised that the advent of El Niño conditions should signify to key stakeholders the probability of severe drought effects. To maintain maximum productivity in the face of threatening climate variability, scientists have long been adjusting and developing crop hybrids that can survive drier conditions [72]. Nevertheless, the El Niño-mediated droughts are most frequent in South Africa [38] and hold important implications not only for the forestry sector but also water resources, food systems, and the socio-economic welfare of the country. Otherwise, the performance of the NDVI and the NDII in detecting the 2015 drought was comparable, with the NDVI showing slightly more sensitivity. In other related studies [32], the NDII was found to react to drought conditions faster and to greater extent than the NDVI. Furthermore, the analyses between the NDVI, NDII, and climate variables using the BFAST time series method proved to be a robust tool for probing forest ecosystem function responses to climate variability [73,74].



The overall impression is that these findings for 2015 indicate several landscape scenarios with implications for forest productivity in northeastern South Africa. First, that the plantation trees appeared to have suffered from moisture stress, as evidenced by the decrease in the NDVI and the NDII; second, that a clear variation in the NDVI was apparent, suggesting that some clones were more sensitive to climate variation than others. This is consistent with [75] who established that the variation in canopy response to water availability has been recorded for many Eucalyptus clones in South Africa; and lastly, based on these conditions, the growth of drought-sensitive clones was affected.



The method demonstrated in this study can be applied on a broader scale and to other drought-prone areas to help provide greater economic security of the plantation forests. Particularly, the GEE platform enables the efficient characterization of the plantations’ responses to droughts with minimal data processing [26]. This holds much promise to address Huang’s [71] concerns that drought monitoring at regional to global scales are challenging.




5. Conclusions


This study provides the first demonstration of the influence of drought on the plantation forest tree activity in South Africa using high-density satellite time series data. The analyses of the NDVI, NDII, and climatic variables offered a more detailed account of the spatiotemporal effects of drought conditions on Eucalyptus plantations. The results showed a positive correlation of the NDVI with the NDII and precipitation; all declined sharply in 2015. This decrease was associated with a strong El Niño event, which is credited with inducing drier conditions over this period. Severe drought was apparent in 2015, as confirmed by a negative (−2.6) PDSI and a low (0.13) NDII value, suggesting a soil moisture deficit. In light of these results, we concluded that the vegetation activity of the Eucalyptus species in KwaMbonambi responded with varying sensitivity to the 2015 drought event. For that reason, we support the suggestion by [76] that drought-tolerant clones can be an ideal substitute for sensitive ones. In addition, it would be desirable to evaluate how different clones react to climatic variability and to evaluate these variables on a larger scale. Lastly, the MODIS-derived NDVI and NDII proved to be reliable indicators for the temporal pattern of drought conditions and provided an efficient means for characterizing plantations and their response to climate variability.



Overall, the results highlight the great potential of the GEE platform in refining our ability to map forest responses to climate variability. Through free access to ready-to-use satellite data, along with continuous algorithm developments, the retrieval of temporal drought effects on plantation forests is now possible. This offers a promising outlook for uncovering key disturbance patterns, which will enable a much-improved understanding of complex forest processes in the face of the changing climate.
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Figure 1. Location of KwaMbonambi along the northeast coast of KwaZulu-Natal, South Africa. 






Figure 1. Location of KwaMbonambi along the northeast coast of KwaZulu-Natal, South Africa.



[image: Forests 09 00528 g001]







[image: Forests 09 00528 g002 550] 





Figure 2. Standardized monthly Niño 3.4 anomalies from 1982 to 2016, showing warm (red) and cold (blue) phases of abnormal sea surface temperatures in the tropical Pacific Ocean. 
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Figure 3. The Breaks for Additive Seasonal and Trend (BFAST) normalized difference vegetation index (NDVI) time series components of the entire area. 
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Figure 4. Temporal variability of NDVI from 2002 to 2016. 
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Figure 5. Smoothened and deseasonalised NDVI time series (2002–2016). 
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Figure 6. (a–d) Temporal variation of the NDVI, normalized difference infrared index (NDII), El Niño, Palmer drought severity index (PDSI), and precipitation from 2002 to 2016. 
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Figure 7. Pearson’s correlation of the NDII, NDVI, PDSI, precipitation, and El Niño (2002–2016). 
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Figure 8. Pearson correlation coefficient of the NDVI, Niño, PDSI, precipitation and NDII for each year (2002–2016). 
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