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Abstract: This study assesses the applicability of remote sensing data for retrieval of key 

drought indicators including the degree of moisture deficiency, drought duration and areal 

extent of drought within different land cover types across the landscape. A Normalized 

Vegetation Supply Water Index (NVSWI) is devised, combining remotely sensed climate 

data to retrieve key drought indicators over different vegetation cover types and a lag-time 

relationship is established based on preceding rainfall. The results indicate that during the 

major drought event of spring 2010, Evergreen Forest (EF) experienced severe dry conditions 

for 48 days fewer than Cropland (CL) and Shrubland (SL). Testing of vegetation response 

to drought conditions with different lag-time periods since the last rainfall indicated a highest 

correlation for CL and SL with the 4th lag period (i.e., 64 days) whereas EF exhibited 

maximum correlation with the 5th lag period (i.e., 80 days). Evergreen Forest, which 

includes tree crops, appears to act as a green reservoir of water, and is more resistant than CL 

and SL to drought due to its water retention capacity with deeper roots to tap sub-surface 

water. Identifying differences in rainfall lag-time relationships among land cover types using 

a remote sensing-based integrated drought index enables more accurate drought prediction, 

and can thus assist in the development of more specific drought adaptation strategies. 
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1. Introduction 

Periods of persistent abnormally dry weather, known as droughts, can produce serious agricultural, 

ecological, or hydrological imbalances and have severe environmental, social, and economic  

effects [1]. Impacts depend on the degree of moisture deficiency, duration, and size of affected  

area [2]. Drought can be monitored either through classical climatic drought indices from station-based 

meteorological data sets or through modern Remote Sensing (RS) based drought indices. 

Generally, RS based indices for droughts can be categorized into four classes. The first deals with 

spectral properties of soil with an assumption that soil moisture conditions portray significant changes 

in the spectral reflectance patterns of soil. In the optical wavelength ranges, 0.4–2.5 μm, the spectral 

reflectance of soil is inversely proportional to its moisture content [3]. For example, based on three 

spectral bands, the Normalized Multiband Drought Index (NMDI) was recently developed for 

monitoring soil water content [4]. In the thermal region (3.5–14 μm), a thermal inertia (TI) method has 

been developed based on an assumed lower diurnal temperature fluctuation in moist soil (high TI). 

However, applications of these methods are limited to arid regions with bare land or sparse vegetation [5]. 

On the other hand, vegetation indices (VIs), such as the NDVI (Normalized Difference Vegetation 

Index), EVI (Enhanced Vegetation Index, and LAI (Leaf Area Index), are used to represent vegetation 

condition in drought indices, as the state of vegetation in field and tree crops usually indicates the 

underlying soil moisture content [6]. Examples of VI-based drought indices are, Vegetation Condition 

Index (VCI) [7], NDVI Anomaly (NDVIA) [8], and Standardized Vegetation Index (SVI) [9].  

The VCI is considered to be suitable to monitor agro-droughts and highly correlated with crop  

yield [7,10], but its application has limitations and its interpretation is complicated as it is only  

an indirect measure of soil moisture. However, anything that stresses vegetation including insects, 

disease, and lack of nutrients will be represented by the VCI [11] and may not be highly correlated 

with in situ meteorological drought indices [1]. 

The third method of measuring surface moisture is based on the difference between the measured 

surface temperature and typical baseline temperature of a well-watered crop. The index is known as the 

Crop Water Stress Index (CWSI) and has been applied for monitoring drought over spatio-temporal 

scales [12,13]. However, use of CWSI with remote sensing based LST is restricted to full canopy 

conditions so that the surface temperature sensed is equal to canopy temperature. The Evaporative Stress 

Index (ESI) has been used to quantify actual evapotranspiration that is important in parts of the world 

with scarce or unreliable rainfall data sets, using thermal imagery from a geostationary satellite [14]. 

The thermal stress of the land surface has also attracted researchers’ interest, resulting in an LST-based 

Temperature Condition Index (TCI) [15,16], and subsequently researchers found a combination of 

vegetation and temperature conditions to be a good indicator of soil moisture content, since both VNIR 

and TIR based drought indices have merits and demerits in terms of utility for drought detection.  

The LST is a better indicator over sparse canopies or bare lands, whereas VI-based drought estimates 

are good for drought indication with moderate vegetation canopy cover. Therefore, using the 
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complimentary information available from TIR and VNIR, a new set of drought indices were 

developed as unified drought indicators. Generally, VIs exhibit negative correlation with LST [17,18] 

from the cooling effect of canopy transpiration, however in energy limited ecosystem NDVI indicates 

a positive correlation with LST [19,20]. In recent decades several indices based on the NDVI-LST 

relationship such as Vegetation Health Index (VHI), Temperature-Vegetation Drought Index  

(TVDI) [21], Vegetation Supply Water Index (VSWI) [22,23], and Drought Severity Index (DSI) [24] 

have been proposed. 

Classical climatic drought indices include the Palmer Drought Severity Index (PDSI) [25], Palmer 

Moisture Anomaly Index (z-index) [25], and Standardized Precipitation Index (SPI) [26]. Among these, 

SPI has gained more attention due to its simplicity and flexibility to monitor drought at different 

temporal scales (e.g., 1, 3, 6, 9, 12 and 24 months intervals) with four drought classes (i.e., near 

normal, moderate, severe and extreme droughts). Although precipitation has a major influence on 

drought, precipitation records from climate stations are sparse in most areas and the point data cannot 

be extended far beyond the stations. Until recently, remote sensing based estimation of drought did not 

include climatic data, but recent advancements in microwave sensors have produced estimations of 

global climate parameters as an alternative to ground measurements, including rainfall estimation from 

the “Tropical Rainfall Measurement Mission (TRMM)” [27,28], CPC Morphing Technique 

(CMOPHR) [29], and Precipitation Estimation from Remotely Sensed Information using Artificial 

Neural Networks (PERSIANN) [30]. These near-real time satellite based estimates of precipitation 

lack the historic context and are mostly available for the last 15 years. Therefore, until recently, these 

data sets could not be used to produce drought indices that require longer term records. 

Soil moisture products of the Advanced Microwave Scanning Radiometer (AMSR-E) [31], have 

given a new direction to remote sensing based drought indices. Based on multi-sensor data sets, 

including optical, thermal and microwave sensors, a new generation of integrated remote sensing 

indices has been developed for agro-drought monitoring using NDVI, LST and TRMM rainfall data. 

Such indices include the Scaled Drought Condition Index (SDCI) [32], a comprehensive index for 

assessment of agro-drought severity (SADI) [33], the Microwave Integrated Drought Index (MIDI) [31], 

and the Synthesized Drought Index (SDI) [1] as well as an integrated method to monitor soil moisture 

anomalies [34] from TCA (Triple Collocation Analysis) [35] based on merging of AMSR-E, ALEXI 

(Atmosphere-Land Exchange Inverse surface energy balance algorithm) [36] and the NLSM  

(Noah Land Surface Model) [37]. Also the Global integrated drought monitoring and prediction 

system (GIDMaPS) provides near real-time drought information based on multiple drought indicators 

(e.g., SPI [38], SSI [39], and MSDI [40]) and other input data sets [41]. 

However, in the case of vegetation moisture conditions, there is a time lag between precipitation 

occurrences and response of vegetation, and this lag time varies according to regional rainfall  

patterns [42], soil type [43], land cover and vegetation type [44] or crop type. Furthermore, it may 

possible that the absence of a particular period or event of rainfall can trigger a drought event, since 

some crops are very sensitive to specified amount of moisture at specific growth stages. Therefore, it is 

also necessary to understand the rainfall and drought index (based on VI and LST) relationship specific 

to local land cover types. Because drought monitoring requires data of high temporal resolution, all 

previous remote sensing studies have used daily orbiting satellites with low spatial resolution such as 

AVHRR and MODIS (e.g., [1,7,8,13,16,25,43–45]). They have therefore applied drought indices at 
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whole landscape level, and no study has identified different land cover types for the derivation of 

drought parameters. In this study, an attempt has been made to retrieve key drought indicators from 

MODIS, for different vegetation cover types and to identify the lag-time coefficient of rainfall for each 

vegetation cover type derived from Landsat data, to incorporate in further development of integrated 

drought indices. 

This study has two main objectives; (1) to implement a drought index for retrieval of key drought 

indicators for different cover types, including the degree of moisture deficiency, drought duration and 

areal extent of drought in Yunnan Province, Southwest China; and (2) to discover a lag time 

relationship between rainfall and moisture conditions derived from the drought index. 

2. Study Area 

The current study is carried out in three districts, namely Dali Bai Autonomous Prefecture, 

Chuxiong Yi Autonomous Prefecture, and Kunming Municipality, in central Yunnan Province, 

Southwest China (Figure 1). The study area extends from 24°6′0″N to 26°48′0″N and from 97°42′0″E to 

103°48′36″E. All the analyses have been performed within a rectangular area covering these three 

districts, as they were the most severely affected by the drought in spring 2010 [46]. The size of the 

study area is approximately 14,000 km
2
 and elevation rises to ~4300 m. In Yunnan Province 94% of 

the area is mountainous, and the average altitude of agricultural areas ranges from 1000 m (in the 

southwest) to 2600 m (in the northwest). Situated at the confluence of three geographic regions: the 

eastern Asia monsoon region, the Tibetan plateau region, and the tropical Indian monsoon region, 

Yunnan’s climate is characterized by a dry monsoon (25% of total precipitation) in winter and humid 

monsoon in summer (75% of total precipitation), but climate is variable spatially according to altitude 

and latitude. The mean annual precipitation varies from 600 mm in dry valleys to 1700 mm in the 

southern and western mountainous areas. Rainfall patterns are controlled by four major circulation 

patterns (north-eastern Monsoon, south-eastern Monsoon, west-eastern Monsoon and extra-tropical 

westerlies in north-west). As a result, the onset of the rainy season varies throughout the area and 

ranges from the end of February to the beginning of June. In central Yunnan, the rainy season typically 

starts in May [47]. However, drought is a major and frequent natural disaster in southwest China. Over 

the last three decades more droughts have been observed, which may constitute a long term or 

permanent climate shift in rainfall patterns. A severe and sustained drought, considered as the worst 

drought in Yunnan in the last 50 years, was observed in Yunnan province, from winter 2009 to spring 

2010 which affected 4.9 million ha of agricultural land [48–50]. 

3. Data and Methods 

3.1. Data and Pre-Processing 

The primary data sets used for the study consist of two MODIS products, the NDVI (Normalised 

Difference Vegetation Index) and LST (Land Surface Temperature), and one TRMM (Tropical 

Rainfall Measurement Mission) rainfall product. In this study, the NDVI and LST data were used to 

develop the Vegetation Supply Water Index (VSWI) [22]. The NVSWI was produced to have more 
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objective indicator than the original VSWI which is only a relative measure. The rainfall data sets were 

used for cross correlation by covariance analysis between rainfall and the NVSWI time-series. 

Figure 1. Location map of study area. 

 

The NDVI shows a high correlation with green biomass and vegetation productivity [51–53]. In the 

current study, the MODIS NDVI standard product coded as MOD13Q1 (Level 3 Product), for 16-day 

time intervals and at 250 m spatial resolution, was obtained for the years 2008–2011. These NDVI 

time series data were smoothed using a state-of-the- art Whittaker filter (the data is freely 

downloadable from at [54]) [55]. 

The LST products based on MODIS data have been validated and are considered ready to use in 

scientific analysis [13,56]. In this research, LST from the Terra MODIS 8-day LST composite with 1 km 

resolution (MOD11A2, collection v005) was used for the years 2008 to 2011. The 8-day product is 

based on an average of “two to eight days” LST estimates with clear-sky conditions [57]. To match the 

NDVI composite temporal resolution, we composited consecutive 8-day LST images to 16-day images. 

The QA flags accompanying the LST product were used to select good quality pixels. Priority of the 

QA flags in integer values was; 0, 1, 5, 64, 17, 21, 65, 69, 81, and 85 [58]. If the quality of both 8-day 

images was equally good then the average was output. Otherwise the better quality pixel was chosen, 

and if both pixels did not have acceptable quality, the spatial average of neighboring pixels was taken. 

The daily rainfall product (3B42) of the TRMM (Tropical Rainfall Measurement Mission) was used 

as an alternative to station based rainfall measurements. This product extends from 50° north to 50° 

south with spatial resolution of 0.25° (for more detail: see [59]). The 3B42 product is a daily average, 

and can be simply converted by multiplying by 24 in order to have accumulated rainfall for the 

day [30,60,61]. For our analysis daily rainfall was also composited into 16-day accumulated rainfall. 

Although the use of TRMM rainfall data is well established, before further use of TRMM rainfall data, 

they were validated and compared with ground based rainfall measurements. Historic (1961–2007) and 
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recent (2008–2011) monthly rainfall measurements from the Kunming ground station were acquired 

from the statistical yearbook of China. Similarly, historic records of mean monthly rainfall (1961–1990) 

were obtained from the Hong Kong Observatory [62] and data from 1991 to 2007 was taken from 

statistical year books of China [63–79]. These data sets were used for validation of TRMM rainfall 

measurements and for identification of relatively dry/wet years. 

The Land Cover Land Use (LCLU) map of the study area was prepared from two available global 

LCLU products, the MODIS LCLU at 500 m and GLC2000 LCLU derived from Landsat at 30 m 

resolution. The GLC2000 LCLU appeared more accurate than MODIS LCLU when validated with 

Google Earth imagery, but “Urban Areas”, which were better mapped in the MODIS product, were 

mosaicked into the GLC2000 LCLU. Additionally, an omission error in the in GLC2000 “Cropland” 

class whereby most “Cropland” class, identified at high resolution imagery on Google Earth
TM

, was 

misclassified as “Grassland”, was addressed by merging Grassland into Cropland. The final LCLU 

map output at 30 m resolution consisting of seven LCLU classes, viz., Built-up Area, Cropland (CL), 

Shrubland (SL), Deciduous Forest (DF), Evergreen Forest (EF), Mixed Forest (MF), and Water (W), 

was resampled to 250 m, along with all other datasets (Figure S1). 

3.2. Validation of TRMM Rainfall Data 

Monthly satellite-based rainfall estimates from TRMM and in situ rainfall measurements from the 

Kunming ground station were compared over the study period of 2007 to 2011, using Deming 

Regression (DR) [80] analysis on 60 observations within the period (Equation (1)). 

                    (1) 

The correlation coefficient (R) is a good indicator of agreement between two variables. We used 

DR as opposed to Linear Regression (LR) because DR estimates an unbiased slope by assuming  

a Gaussian distribution of errors in both x and y data points [81]. 

Statistical indicators (namely—slope (m), intercept (c), correlation coefficient (R), root mean square 

error (RMSE), and mean absolute error (MAE), were used to evaluate the satellite based estimation of 

rainfall against ground station rainfall (Table S1). 

3.3. Drought Index: Vegetation Supply Water Index (VSWI) 

The VSWI (Equation (2)) is based on the assumption that under normal conditions, with sufficient 

soil water supply, land surface temperature observed over vegetation will have low values due to 

cooling effects of evapotranspiration [82] (Figure S2). When vegetation suffers from drought, soil 

water deficit causes leaf stoma to partly close in order to sustain water in the canopy. As a result, 

evapotranspiration is reduced and LST increases. The accompanied withering of leaves has negative 

effect on NDVI which is dependent upon leaf health. Cai et al. 2011 [83] applied the same approach to 

indicate the spatial spread of drought in Yunnan province using a single observation of MODIS-based 

NDVI and LST on 7 March 2011. 

      
    

   
 (2) 
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In present study, the VSWI used for drought monitoring was modified, as the index gives only 

values relative to the scene and study area and does not convey real meaning in terms of drought severity. 

Therefore the VSWI values were normalised over the study period (2008 to 2011), to give NVSWI 

(Equation (3)) which permits realistic and absolute comparisons within the study period 

       
               

                  
       (3) 

where NVSWI is Normalized Vegetation Supply Water Index,         and         are minimum 

and maximum value of VSWI of the pixel during the period of study, respectively. 

The index, with values of 0 to 100, portrays relative drought conditions across the years and 

between the years, with an NVSWI of zero indicating severest drought during the study period and 

NVSWI of 100 indicating wettest conditions. The index values were categorized into five drought 

classes, namely severe drought (<20), moderate drought (20–40), slight drought (40–60), normal (60–80), 

and wet (>80). Availability of in situ field data would be likely to permit more meaningful class 

division. An Equal Interval classification was used for categorization of normalized values, because  

if a normal distribution is assumed, this method is able to indicate extreme high and low values such as 

exceptionally wet, and severe dry conditions. 

3.4. Normalized Rainfall Difference (NRD) 

The Normalized Rainfall Difference was calculated based on in situ monthly measurement from 

2008 to 2011 and mean monthly precipitation recorded by historic records over 47 years (1961–2007). 

     
       

            
       

where R is rainfall of corresponding month,    is the historic average of rainfall of the month,      

and      are minimum and maximum monthly rainfall during the period, respectively. 

The NRD is assumed to represent the difference in rainfall from the historical average, and its 

purpose is to indicate relative rainfall deficit rather than identifying a drought event (as indicated 

through classical drought indices such as SPI) (Figure S3). 

3.5. Covariance of Drought Index and Rainfall Time Series 

The response of the NVSWI time series to rainfall series with different lag-time scales (0, 16, 32, …, 

128 days) for each of LCLU class (i.e., CL, SL and EF) was analyzed using Pearson’s cross correlation 

(PCC) analysis [84]. This was performed up to the 8th lag period corresponding to 16, 32, …, 128 

days lag-periods. 

In order to assess the robustness of the methodology, the index was also implemented in an additional 

study area which we conducted in the Koshi River Basin in the Himalayan region (Figure S4), and the 

results were very similar (Figures S5 and S6). We also used satellite derived monthly SPI (based on 

GPCP [85] and PERSIANN [30]), after Aghakouchal [38], to verify the same drought event and to 

draw a comparison between the SPI and NVSWI time series (Figures S3 and S7).  
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4. Results and Discussions 

4.1. LCLU Dynamics 

Approximately 95.75% of the area is dominated by three major LCLU types, which are—EF 

(40.80%), CL (38.26%), and SL (16.69%) (Table 1). The elevation profile of the LCLU classes (Figure 2) 

indicates CL extends from 600 m to 2700 m with maximum cover around 2000 m, whereas EF ranges 

from 1200 m to 3700 m with maximum cover around 2200 m. However, SL occupies a comparatively 

narrow altitudinal range from around 700 m to 2200 m with major cover around 1800 m. It is also 

notable that natural vegetation is dominated by SL at lower elevations up to 1800 m, which seems to 

be transitional to EF above 1800 m elevation. 

Table 1. Distribution of LCLU classes in the study area. 

No. LCLU Classes Area (10
3
 ha) Percentage Area 

1 Built-up Area 66.35 0.46 

2 Cropland 5574.42 38.26 

3 Deciduous Forest 10.066 0.07 

4 Evergreen Forest 5955.31 40.87 

5 Mixed Forest 372.71 2.55 

6 Shrubland 2431.90 16.69 

7 Water 161.4 1.11 

 Total 14571.46 100.00 

Figure 2. Elevation profile of the major LCLU classes. 

 

4.2. Validation of TRMM Rainfall with in situ Rainfall 

Literature suggests that TRMM rainfall measures have potential to substitute for ground based 

observations [86–88]. In this study, TRMM estimates of rainfall have been used as an alternative to  

in situ observations, and a comparison with ground station data (Figure 3) indicates a very similar 

magnitude and temporal pattern over the study period, with a correlation coefficient of 0.97 (Figure 4). 

The relationship is statistically significant (based on F-statistics and t-statistics with p values less  

than 0.01) such that TRMM estimates explain 94% of the variability in observed rainfall estimates at 

the ground station (Table S1). In Figure 4 the majority of the observations lie close to the 1:1 line 
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when the amount of rainfall is less than 100 mm. For 100 mm to 150 mm the TRMM rainfall gives 

slight underestimates but for higher rainfall values (>150 mm) TRMM rainfall highly underestimates 

and the RMSE is increased. However, the pattern of both measurements are similar, as indicated by the 

high correlations and visual patterns in Figure 3. The underestimation of TRMM rainfall in summer is 

in not negligible in absolute terms. However, as we are interested in relative deficiency of rainfall,  

we can assume this is not biasing the output. The analysis concludes that RS based rainfall measures 

can be used as an alternative to in situ rainfall estimates for this study, although the result may vary  

in other geographical regions. 

Figure 3. Comparison of TRMM and in situ rainfall measurements. 

 

Figure 4. Regression analysis between monthly TRMM and in situ rainfall measurements. 

 

4.3. Drought Identification from Rainfall Records 

Figure 5 shows the monthly deviation of rainfall from a 47-year historic average and suggests  

a shortage of rainfall in the study area in 2009, and that the year 2009, within the 4-year period, is the 

most seriously affected. Spring droughts in the region have serious repercussions on livelihoods as 

they come at the start of the growing season, and these are dependent on rainfall from November to 

February. It can be seen that November 2009 to February 2010 had a significant deficit (red circle) 

compared to normal years. The impact of this drought spell is evident in the moisture index derived 

from RS data sets (Figure 6) where the March to June growing season of 2010 was under Severe Dry, 

i.e., drought conditions. The accumulated winter season rainfall in 2008–2009, 2009–2010, and  
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2010–2011 is recorded as 95.2, 25.7 and 86.2 mm, respectively (whereas the accumulated 47-year 

winter rainfall average is 62.98 mm). The higher rainfall in November 2008 and December to January 

of 2010–2011 is reflected in increased vegetation moisture conditions in the subsequent spring seasons 

of 2009 and 2011 (Figure 6). Thus, we may deduce that rainfall in the winter season is critical for 

vegetation moisture conditions in the following spring and early summer season (May–June), which 

corresponds to the main growing season. 

Figure 5. Normalized difference of monthly rainfall (2008–2011) from 47-year mean 

monthly rainfall (1961–2007). 

 

Figure 6. Year to year spatial patterns of moisture conditions from NVSWI. 
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4.4. Spatio-Temporal Patterns of Drought 

Time series of spatially averaged NVSWI over the major LULC classes in the study show annual 

and seasonal cycles of moisture conditions (Figure 7). Moisture contents reach maximum values 

during July, August, and September, whereas minimum values are observed around March and April. 

It is discernable, wet season usually begins in June and lasts till the end of November. By December, 

vegetation starts to get drier and reaches maximum dryness in March-April, and dry season ends in 

May. A time series graph of the index clearly indicates abnormally dry conditions in the 2009–2010 

dry season, which is visible (i.e. Slight Dry Range) until August and the wet season seems to be 

prolonged into November–December of 2010 (Figure 7). The temporal span of drought also indicates 

March-May as the driest time during the drought spell of 2010. Although EF experienced delayed 

dryness during that drought period (Figure 7), by March-to-May the drought had become homogenous 

across the land cover types with approximately 80% of the area under severe dry conditions (Figure 6). 

Figure 7. Spatially averaged NVSWI time-series of the LCLU classes. 

 

Degree of moisture deficiency: The effect of winter drought on vegetation is observed to start in early 

spring 2010, become severe in April and extend until the end of August. During this time, CL and SL 

followed similar patterns of moisture conditions but EF portrayed a distinct signature of moisture 

conditions as it remained relatively stable in both dry and wet seasons (Figure 7). Notably, in spring 2010 

CL and SL experienced severe dry conditions while EF remained resistant to them. In terms of moisture 

deficiency severity, EF indicated the least severe dry conditions with approximately 70%, and 58% less 

than SL and CL respectively (and a delay of ~30 days to reach severe dry conditions). 

Drought duration: By overlaying the LCLU onto the NVSWI images, the amount of time in each 

year that each cover type spent under different moisture conditions can be seen (Figure 8). EF spent 

the fewest days under Severe Dry conditions and most of the time it remained under normal 

conditions. CL and SL spent more time than EF under Severe Dry and Moderate Dry conditions.  

In addition to the difference in the number of days, EF exhibited almost 32 days delay in drought onset 

in comparison to CL and SL (Figure 7). Thus, EF exhibited the greatest resilience to severe drought, 

which suggests it can adapt to drought through leaf stomata closure to reduce water loss from 

evapotranspiration, and a deeper root system [89,90]. CL and SL suffered approximately 30 days more 

drought than EF (Figure 8). On the other hand, in the severe drought spell of 2010, EF experienced  

48 days more in Moderate Dry conditions than SL, and 16 days more than CL. The area representing 
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Normal conditions in Figure 8 was much lower during the 2009–2010 drought spell, and the area 

representing Moderate Dry and Severe Dry conditions, higher than in other years. Much of the time 

that the vegetation types spend under Normal conditions has been shifted to Moderate and Severe Dry 

conditions. In comparison to CL and SL, EF spent considerably longer time (~4 weeks more than CL 

and SL) in Normal conditions and spent less time (~2 weeks less than CL and SL) in Wet conditions 

(Figure 8). From Figures 6–8, it can be deduced that the amount of time spent by CL, SL and EF under 

wet conditions is similar but the wet season shifted later in the drought year of 2010. Evidence from 

TRMM data (Figure 6) suggests that the image-derived drought was not merely due to late sowing and 

late harvesting of crops, but was a rainfall-induced drought, i.e., a temporary shift in growing season. 

Moisture was lowest from April to May 2010 was lowest due to spring drought, whereas very high 

moisture conditions are observed from October to November 2010 due to exceptionally high rainfall in 

late summer and early winter (Figures 5, 6 and 9). Thus, the shift in vegetation calendar is primarily 

driven by changes in the rainfall pattern. Zhang et al. [91] also observed this temporal shift in primary 

productivity during the 2010 drought event in south-western China, and found that the GPP and NPP 

were lowest from 2000 to 2010. 

Figure 8. Distribution of number of days of the LCLU classes under different moisture 

conditions, based on overlay of LCLU map on NVSWI image. 

 

Figure 9. Spatially averaged NVSWI corresponding to the LCLU classes and spatially 

mean rainfall patterns across the time. Mean rainfall and Mean Rainfall (Moving Average 

by 5) are plotted on secondary Y-axis. 
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4.5. Rainfall and Vegetation Moisture Conditions 

To assess the relationship between rainfall and vegetation moisture conditions implied by the 

drought index, PCC was performed between time series of NVSWI and rainfall across the LCLU 

classes over the entire period of analysis (2008–2011) (Table 2 and Figure 10). Rainfall lag times  

(16, 32, 48, …, 128) were incorporated in the analysis to identify the drought resilience of the 

vegetation types in the area. Table 2 shows that the correlation coefficients varied significantly by the 

lag time (as indicated in Figure 10 also) and by vegetation type. CL and SL indicated highest 

correlations (R = 0.80 and 0.82, respectively) with the 4th lag period (~64 days earlier) of rainfall, 

whereas, EF exhibited strongest correlation coefficients (R = 0.79) with the 5th lag period (~80 days 

earlier) of rainfall. It is notable that the correlation coefficient for EF is considerably lower than that 

for CL and SL up to the 4th lag period, while during the 5th to 8th lag period it obtained a higher 

correlation coefficient. This suggests that EF can retain moisture from earlier rainfall events. EF is 

clearly more resilient to drought conditions and least affected by the rainfall deficit acting as a green 

reservoir of water. However it should be noted that the time lag between precipitation occurrence and 

response of vegetation may be particular to this study and may vary in other parts of the globe. For 

example, lag time of one to two months is reported in natural ecosystems of South Africa [92], and 24 

to 64 days is observed in Central and South West Asian Region [84].  

Figure 10. Plot of correlation between spatially averaged NVSWI of the LCLU classes and 

rainfall time series with different lag times. 

 

When compared with a time series plot of the SPI [38] which is based on in situ rainfall data, 

NVSWI which indicates conditions across the whole landscape showed a lag time of about two months 

while the drought severity observed by both indices was similar. The SPI indicated maximum severity 

in February while NSVWI indicated severe effects on vegetation across the study area in April. The 
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time under severe dry conditions, as characterized by the SPI was approximately 60 days (20 January 

to 22 March) and for the NVSWI, 110 days (20 February to 10 June) (Figures S3 and S7). 

Table 2 Correlation values of the LCLU classes corresponding to lag time scale of rainfall. 

Rainfall Lag Time Scale (Days) Cropland Shrubland Evergreen Forest 

0 0.36 0.44 0.10 

16 0.54 0.62 0.31 

32 0.69 0.75 0.49 

48 0.77 0.81 0.63 

64 0.80 0.82 0.74 

80 0.78 0.77 0.79 

96 0.70 0.67 0.78 

112 0.59 0.53 0.72 

128 0.43 0.35 0.60 

Since our index uses temporally normalized data, it was possible to precisely discriminate between 

degrees of moisture stress across the time scale. Such an approach is more useful for understanding 

detailed drought conditions across different land use/land cover types at local scale, in comparison to 

conventional drought indices which are mainly used for regional and global studies. The current 

approach can therefore provide, important information for development of practical adaptation 

strategies. The current work is focused on characterization of drought conditions during an extreme 

event and its impacts on local ecosystems. The main limitations are that the time lag relationships are 

study area specific, and the index may not be appropriate for sparse vegetation canopies due to the 

influence of background soil reflectance on the NDVI as well as on LST.  

5. Conclusion 

In this study, the applicability of remote sensing data products for characterizing severe drought 

across the landscape, as opposed to classical drought indices based on fixed rainfall data, is assessed. 

The results demonstrate that the empirical NDVI-LST relationship can be effectively exploited as an 

indicator of spatial temporal characteristics of water stress conditions, and the high correlation  

(R = 0.97) between Tropical Rainfall Measuring Mission (TRMM) images and in situ rainfall data 

recommends the use of image-based rainfall estimates in integrated drought indices. The effect of 

drought on the major vegetation communities (Cropland, Shrubland, and Evergreen Forest) was 

characterized using a remote sensing approach in terms of on-set, length, and severity of drought.  

It was found that Evergreen Forest was the least affected by the severe drought spell of 2009–2010, as 

it was less dry and spent approximately 32 days less than the other vegetation types under Severe Dry 

condition. Rather, it spent a longer time (~32–48 days) in Moderate Dry conditions. Furthermore, the 

highest correlation (R = 0.79) of the image-derived moisture conditions for Evergreen Forest with two 

and a half month’s earlier rainfall indicates higher resilience to drought, of Evergreen Forest than 

Cropland and Shrubland, which showed highest correlations (R = 0.80 and 0.82) with two months 

earlier rainfall. Thus, Cropland and Shrubland can sustain moisture from only two months earlier 

rainfall and this dependence on earlier rainfall further decreases with increase in lag time after the two 
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months. In summary, Evergreen Forest acts as a green reservoir of water, and is more resilient to 

drought due to its water storage ability and deeper roots to approach sub-surface water resources. The 

impacts of a spring 2010 drought in Yunnan, China, were visible until the end of August, and 

exceptionally extended wet conditions into October and November as a result of late summer rainfall 

were also discernible. Drought frequency has increased in Yunnan, and is projected to become more 

severe in the 21st century [93]. Severe drought resulting from a long and extended winter dry season 

can delay spring germination, and also reduce summer productivity by reducing the length of growing 

season. Using the predicted lag time relationships observed in this study, remote sensing datasets can 

provide several months of advanced warning of such droughts, across the whole landscape, and with 

adequate spatial resolution of 250 m, to permit stakeholders to distinguish between the land cover 

types affected. These lag time relationships provide a way forward for remote sensing-based integrated 

drought monitoring, as well as predictions of drought specific to cover type. 
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