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Abstract: In this study, the Standardized Precipitation Evaporation Index (SPEI) was applied 

to characterize the drought conditions in Southwest China from 1982–2012. The SPEI was 

calculated by precipitation and temperature data for various accumulation periods. Based on 

the SPEI, the multi-scale patterns, the trend, and the spatio-temporal extent of drought were 

evaluated, respectively. The results explicitly showed a drying trend of Southwest China. 

The mean SPEI values at five time scales all decreased significantly. Some moderate and 

severe droughts were captured after 2005 and the droughts were even getting aggravated. By 

examining the spatio-temporal extent, the aggravating condition of drought was further 

revealed. To investigate the performance of SPEI, correlation analysis was conducted 

between SPEI and two remotely sensed drought indices: Soil Moisture Condition Index 

(SMCI) and Vegetation Condition Index (VCI). The comparison was also conducted with the 

Standardized Precipitation Index (SPI). The results showed that for both SMCI and VCI,  

the SPI and SPEI had approximate correlations with them. The SPEI could better monitor 

the soil moisture than the SPI in months with significant increase of temperature. The 

correlations between the VCI and SPI/SPEI were lower; nevertheless, the SPEI was slightly 

superior to the SPI.  
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1. Introduction 

In the context of global warming, extreme weather and climatological events such as flood and drought 

seem to be occurring more frequently. Especially the drought, commonly defined as water deficits during a 

determined period [1], is one of the costliest and most widespread natural disasters with negative impacts on 

agriculture, water resources, natural ecosystems, and society activities [2–4]. Droughts are often divided into 

four categories according to the American Meteorological Society [5–7]: (1) Meteorological drought is 

defined as a lack of precipitation over a region for a period of time; (2) Agricultural drought refers to a period 

with soil moisture deficiency, which leads to reduced crop production and plant growth; (3) Hydrological 

drought occurs with inadequate surface and subsurface water resources supply; (4) Socioeconomic 

drought is associated with insufficient water resources supply to meet the economic demand with the 

above three types of drought. Meteorological drought is accompanied by below-normal precipitation and 

above-normal temperature, and it normally precedes and triggers other types of droughts [8,9]. 

Therefore, it is necessary to monitor the meteorological drought timely and provide early warning and 

risk management of water resources and agricultural production [9]. 

To monitor the drought, the duration, magnitude, and spatial extent of the drought need to be 

evaluated. These characteristics are useful for providing an objective and quantitative assessment of 

drought severity, and are commonly presented by use of the drought indices, which are constructed based 

on different climatic and hydrological variables that can reflect different aspects of drought [2,10–12]. 

In the past decades, scientists have made great efforts to develop different drought indices, and their 

advantages and disadvantages have been extensively discussed [1,6–8,13–15]. The Palmer Drought 

Severity Index (PDSI) [16] was a landmark in the development of drought indices. It takes antecedent 

precipitation, moisture supply, and moisture demand into account, has been frequently used to quantify 

dryness and wetness conditions. However, it cannot be flexibly analyzed at different temporal scales to 

evaluate the different types of drought [13]. To address temporal scale problems present in the PDSI, 

McKee et al. [17] demonstrated the multi-scalar nature of droughts and developed the Standardized 

Precipitation Index (SPI) by means of a precipitation probabilistic approach. The SPI is calculated by 

fitting a probability density function to a given frequency distribution of historical precipitation and then 

the probabilities are transformed into a standardized normal distribution with a mean of zero and variance 

of one. The main advantages of the SPI include the simplicity of calculation and its multi-scalar 

characteristic. The latter means it can be analyzed at different temporal scales (e.g., 1, 3, 6 or more longer 

months) according to users’ need to monitor the different types of drought including the meteorological, 

agricultural, and hydrological drought [1,9,17]. Nevertheless, the main criticism of the SPI is that its 

calculation is only on basis of precipitation data and without consideration of the effect of 

evapotranspiration [1,10,17]. The Standardized Precipitation Evapotranspiration Index (SPEI), proposed 

by Vicente-Serrano et al. [18], is considered to be a suitable alternative for the SPI and PDSI. Mathematically, 
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the SPEI is similar to the SPI, but it incorporates temperature data for the calculation of potential 

evapotranspiration. Therefore, it combines the sensitivity of the PDSI to the changes in 

evapotranspiration demand (caused by air temperature fluctuations and trends) with the multi-temporal 

nature of the SPI [8,19]. 

In the past decades, China experienced an increasing trend in drought events and large areas have 

suffered sustained and severe droughts at different time scales [20,21]. The situation has further 

deteriorated since the 1990s. Nationwide droughts occur almost every year, causing losses of agricultural 

production and lack of water resources supply [22–24]. Especially in Southwest China, where the 

monthly, annual, and interannual variations in precipitation and temperature are significant, the drought 

has become one of main natural disasters. It is reported that regional mean annual precipitation of 

Southwest China decreases by 11.4 mm per decade and experiences enhanced precipitation extremes in 

the past 60 years [25]. The droughts with different duration and severity have frequently hit in the year 

of 2006, 2009, 2010, and 2012. During the summer of 2006, Sichuan Province and Chongqing 

Municipality, both in Southwest China, experienced their most severe drought during the last 50 years. 

The average temperature of August in some regions exceeded 40 ºC with concurrent decrease of 

precipitation [20,26]. In spring 2010, large areas of Southwest China were hit by a long-lasting and 

severe drought. The drought started in autumn of 2009 and sustained until April 2010 and was considered 

to be a “once-in-a-century” drought [27,28]. It led to a great reduction in supply of drinking water to 

local inhabitants and had destructive effects on agricultural production, which caused substantial 

ecological losses and adverse socioeconomic impacts [20,27,28].  

The below-normal precipitation is a trigger factor of these severe droughts, whereas the increasing 

temperature can usually aggravate the droughts. Especially in recent years, many droughts started in 

precipitation deficit and were deteriorated by high temperature [20,29]. Therefore, to monitor and 

quantify the drought in Southwest China, the drought index needs to be incorporated with the 

temperature information. In this study, our first objective is to provide a comprehensive analysis of the 

drought conditions in Southwest China during the period 1982–2012. Based on the SPEI series for 

various time lags, the multi-scale patterns, the trend, and the spatio-temporal extent of drought are 

successively analyzed. Since the link between precipitation, vegetation growth, and soil moisture is 

widely recognized [1,30,31], our second objective is to provide robust insights into the performance of SPEI. 

In this case, the correlation analysis between SPEI and two remotely sensed drought indices (one is for 

monitoring the soil moisture and the other is for monitoring the vegetation drought) is performed, 

respectively. In addition, the comparison is conducted with the SPI which does not take the temperature 

into account. 

2. Data and Methods 

2.1. Study Area 

The study area is situated in the southwestern of China, and consists of three provinces: Yunnan, 

Guizhou, and Sichuan, and a municipality, Chongqing, with an area about 1.13×106 km2 (Figure 1). The 

study region covers the southeastern Tibetan Plateau, most of the Sichuan Basin, and the Yunnan-Guizhou 

Plateau, with different landforms and complicated topography [27]. The Southwest China has relatively 
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abundant water resources and it is the source and main runoff-generation area of many large rivers, such as 

the Yangtze River [32], the Yellow River, and the Pearl River, etc. The climate here belongs to the subtropical 

monsoon climate with a warm and humid condition. Annual precipitation is generally above 900 mm but 

unevenly distributed in months, with more than 85% in rainy season (April–October). Besides, the spatial 

distribution of precipitation is also uneven due to the complicated topography and a general decreasing 

trend is found from east and south to northwest regions [33]. A recent study showed that the changing 

trends of precipitation extremes were also not spatially uniform [34]. 

 

Figure 1. Location of the study area. That consists of three provinces: Yunnan, Guizhou, 

and Sichuan, and a municipality, Chongqing. 

In recent years, with substantial reduction of precipitation and constant increase of temperature, the 

drought occurs frequently in Southwest China. It is reported that these severe droughts have caused 

evident change in regional conditions of water and heat, reducing the supply of drinking water to the 

local inhabitants, disturbing the function of the vegetation service, and even leading to reduction of 

biodiversity and degradation of vegetation [35,36]. Therefore, to characterize the moisture condition of 

Southwest China is of great importance for risk management of water resources and agricultural 

production, and also benefits to provide an early warning for the protection of ecological environment. 

2.2. SPEI 

In this study, the SPEI was applied to monitor and quantify the drought in Southwest China, and 

further comparison was conducted with the SPI to test its performance. Since the focus of this study is 

on the SPEI, the detailed description about SPI is not stated here and please refer to [17]. The SPEI is 

considered as an improved drought index of the SPI that is especially suited to analyze the effect of 

global warming on drought conditions [37]. The calculation of the SPEI in this study follows the method 

mentioned in [18]. 
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The SPEI is based on a climatic water balance which is determined by the difference between 

precipitation (P) and potential evapotranspiration (PET) for the month i: 

i i iD P PET    (1) 

which provides a simple measure of the water surplus or deficit for the analyzed month. The PET is 

calculated following the Thornthwaite equation [38]. 

The calculated 𝐷𝑖 values are aggregated at different time scales, following the same procedure as that 

for the SPI. The difference 𝐷𝑖,𝑗
𝑘  in a given month j and year i depends on the chosen time scale, k. For 

example, the accumulated difference for one month in a particular year, i with a 12-month time scale is 

calculated according to: 
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where 𝐷𝑖,𝑙 is the P-PET difference in the lth month of year i, in mm. 

And then the log-logistic distribution is selected for standardizing the D series to obtain the SPEI. The 

probability density function of log-logistic distributed variable is expressed as: 
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where α, β , and γ are scale, shape, and origin parameters, respectively, for D values in the range (γ > D < ∞). 

Thus, the probability distribution function of the D series is given by: 
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With F(x) the SPEI can easily be obtained as the standardized values of F(x). For example, following 

the classical approximation of Abramowitz and Stegun [39]: 
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where 2 ( )W In p   for 0.5p  and p is the probability of exceeding a determined D value, p = 1 − F(x). 

If 0.5p  , p is replaced by 1 − p and the sign of the resultant SPEI is reversed. The constants are:  

C0 = 2.515517, C1 = 0.802853, C2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308. Positive 

values of SPEI indicate the above average moisture conditions while negative values indicate the drier 

conditions. A drought event is defined when the SPEI value is less than or equal to −1 in a certain period. 

The drought categories according to the SPEI values are presented in Table 1.  

The SPEI and SPI were calculated from monthly precipitation and temperature data during the  

period 1982 to 2012, which were obtained from China Meteorological Data Sharing Service System of 

China Meteorological Administration [40]. Stations with missing data in any of the 31 years were 

removed and finally a total of 89 stations were remained in this study. 
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Table 1. Categorization of dryness/wetness grade by the Standardized Precipitation 

Evaporation Index (SPEI). 

Categories SPEI Values 

Extreme drought  Less than −2.00 

Severe drought −1.99 to −1.50 

Moderate drought −1.49 to −1.00 

Near normal  −0.99 to 0.99 

Moderately wet  1.00 to 1.49 

Severely wet 1.50 to 1.99 

Extremely wet  More than 2.00 

2.3. Remotely Sensed Drought Indices 

Remote sensing technique provides an unprecedented global coverage of surface characteristics 

which are logistically and economically impossible to obtain through ground-based observations [41–43]. 

To investigate the performance of SPEI, the correlations between SPEI and two remotely sensed drought 

indices were calculated. The analysis was also conducted with the SPI for the purpose of comparison. 

2.3.1. The Vegetation Condition Index (VCI) 

In this study, the Vegetation Condition Index (VCI) [44,45] was used to characterize the drought 

impact on vegetation. The VCI is calculated based on the Normalized Difference Vegetation Index (NDVI), 

which is a widely used index for monitoring the vegetation growth condition [46] and has a near-linear 

relationship with Leaf Area Index (LAI), chlorophyll abundance, and Net Primary Production (NPP) [47,48]. 

The VCI is a relative value which indicates the greenness of each pixel relative to the average condition 

over the historical record at a given time [49]. The VCI allows detection of drought and measurement of 

the time of its onset and its intensity, duration, and impact on vegetation [7]. The applications of VCI in 

monitoring the agricultural drought have been reported in numerous researches [3,9,49–51].  

min max min( ) / ( )VCI NDVI NDVI NDVI NDVI     (6) 

The VCI was derived by using the latest version of biweekly 8 km NDVI data (NDVI3g) from 

Advanced Very High Resolution Radiometer (AVHRR) satellite sensors by the Global Inventory 

Modeling and Mapping Studies (GIMMS) group at NASA Goddard Space Flight Center [52]. The 

datasets have been processed to account for orbital drift, sensor degradation, cloud cover, and aerosols, 

and are suitable for identifying long-term trends in vegetation activity [46,53–55]. The monthly NDVI was 

derived by applying the maximum value composite (MVC) method [56] from the two NDVI in each 

month. Pixels with average annual NDVI less than 0.1 were considered as non-vegetated areas and thus 

masked in our study.  

2.3.2. The Soil Moisture Condition Index (SMCI) 

The soil moisture is also essential and important for assessing agricultural droughts since it balances 

the fluxes of precipitation, evapotranspiration, and runoff [22,57,58]. In this study, the Soil Moisture 

Condition Index (SMCI) [9] represented the dry or wet conditions of soil was used. It was constructed 
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similar to VCI by simply scaling the soil moisture from 0–1 using the minimum and maximum soil 

moisture for each location [9]. The definition of SMCI is as follow: 

min max min( ) / ( )SMCI SM SM SM SM    (7) 

The monthly soil moisture data from 1982 to 2010 were obtained from Global Land Data Assimilation 

System Version 2.0 (GLDAS-2) products, which were acquired as part of the mission of NASA’s Earth 

Science Division and archived and distributed by the Goddard Earth Sciences (GES) Data and Information 

Services Center (DISC). The data were simulated from the Noah Model 3.3 at 0.25° × 0.25° spatial 

resolution and generated through temporal averaging of the 3-hourly data [59]. Other parameters such as 

evaporation, soil temperature, and plant canopy surface water, etc. could also been obtained from this 

dataset. The inputs of the model included the meteorological forcing data set, land cover, land water 

mask, soil texture, and elevation. The land surface parameter data used in the model was upgraded, and 

more details please refer to (http://ldas.gsfc.nasa.gov/gldas/). There were four vertical levels for the 

production of soil moisture, and in this study we used the upper layer (0–10 cm) to derive the SMCI. 

2.4. Analysis 

The non-parametric Mann-Kendall (MK) test [60,61] was applied to detect the drying or wetting trend 

of the study area based on SPEI. It does not require an assumption of normality in variance and is less 

sensitive to outliers compared with linear regression analysis [62]. Therefore, it is widely used to 

evaluate the significance of trends in time series [8,13,19,63,64].  

The standardized Z values obtained from MK test provide a convenient means for quantifying the 

trend and its significance. The details for computing the Z values can be found in [63,64]. Positive values 

of Z indicate increasing trends while negative Z values show decreasing trends. Testing trends is done at 

the specific α significance level. When the significance levels are set at 0.001, 0.01, 0.05, and 0.1 and |Z| 

are 3.29, 2.575, 1.96 and 1.645, respectively. 

In addition, to provide robust insights into the performance of SPEI, the Pearson correlation analysis was 

performed between the monthly SPI/SPEI and two remotely sensed drought indices at 1, 3, 6, 12, 24-month 

accumulation period, respectively. The correlation coefficients were obtained in the growing  

season (from April to October) from 1982–2012 for VCI and each month from 1982–2010 for SMCI. The 

remotely sensed index values were extracted according to the in situ meteorological station location. 

Prior to correlation analysis, the trend in both the SPEI time series and remotely sensed indices were 

removed by assuming a linear evolution in each monthly series. 

3. Results and Discussion  

3.1. Multi-Scale Patterns of the Drought 

Following the aforementioned methodology, the monthly SPEI was calculated at 24 time scales for 

all stations during the period 1982 to 2012. Then, these SPEI time series were averaged over all 89 stations 

to characterize the dry or wet conditions in the whole Southwest China. 
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Figure 2. The temporal evolution of the SPEI with 1 to 24-month lags from1982 to 2012 in 

Southwest China. 

 

Figure 3. The temporal evolution of SPEI at 1-, 3-, 6-, 12-, and 24-month lags, respectively. 
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The Hovmoller-type diagram (Figure 2) explicitly showed an increasing trend of SPEI at 24 time 

scales during the period 1982–2012 in Southwest China. The SPEI series with different time scales all 

indicated a drying trend. According to the SPEI values, the moisture conditions were in stark contrast 

before and after 2005. Before the year of 2005, the study area was mainly characterized by the normal and 

wet moisture conditions. However, the droughts were frequently occurred after 2005. It could been found 

some moderate and severe droughts were captured after 2005 and the droughts were even getting aggravated 

during the period 2010–2012. The temporal evolution of SPEI at 1-, 3-, 6-, 12-, and 24-month lags were 

displayed in Figure 3. It could be found the most severe drought was recorded in the year of 2010 with several 

monthly regional-averaged SPEI approximating to −1.5. This severe drought has already been reported by 

numerous researches [27,28,35,65–67]. The temporal evolution of SPI at 1-, 3-, 6-, 12-, and 24-month lags 

were also calculated (not shown), and its difference with SPEI at 1- and 3-month lags were shown in  

Figure 4. It indicated that the SPEI was gradually lower than SPI and the difference was increasing in recent 

decade. Especially in 2010, the difference even reached up to −0.5. The results were likely related to the 

reported increase of temperature (Section 3.4.1). The increase of temperature enhanced the PET  

(Equation (1)), which made the water deficit to a high level and thus lowered the value of SPEI.  

 

Figure 4. The difference between SPEI and SPI at 1- and 3-month lags. The ordinate denotes 

the value using SPEI minus SPI. 

3.2. Trend Analysis 

To investigate the overall trend of SPEI in Southwest China, the non-parametric MK test method is 

applied to analyze the trends of SPEI with different time scales at the 89 stations from 1982 to 2012. The 

positive and negative trends, which represent trends towards wetter and drier conditions respectively, were 

detected. The monthly SPEI series were first averaged for each year at each station for  

each SPEI accumulation period (1-, 3-, 6-, 12-, and 24-month). In addition, then they were averaged over 

all 89 stations to obtain the overall trends at the regional level. The same method was also performed with 

the SPI.  

The drying trends of Southwest China were detected from Table 2. The mean SPEI values at five time 

scales all decreased significantly from 1982 to 2012. The declining trends were statistically significant 
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at 99.9% confidence level for SPEI-24, at 99% confidence level for SPEI-1, SPEI-6 and SPEI-12, and 

at 95% confidence level for SPEI-3. The absolute value of trend was gradually increasing when SPEI was 

calculated with more lagged months (−0.0111 yr−1 for 1-month, −0.0136 yr−1 for 3-month, −0.0168 yr−1 

for 6-month, −0.0259 yr−1 for 12-month, and −0.319 yr−1 for 24-month). It was obvious that the memory 

of moisture conditions in previous months was accumulated to latter months. Thus, the drying condition 

of Southwest China was more remarkable when longer months lag was considered. In terms of SPI, the 

drying trends were also detected. However, the declining trends were not statistically significant at any 

time scale. The SPEI were decreasing more significantly than the SPI due to the increase of temperature 

which was consistent with Figure 4. 

To obtain the spatial patterns of drought trends, the standardized Z values of MK test for 89 stations 

in Southwest China were also provided (Figure 5), which could indicate the increasing or decreasing 

trend at different confidence levels. Some statistical characteristics were listed in Table 3. 

Table 2. The trends of SPI and SPEI at five time scales. 

SPEI Trend Z SPI Trend Z 

SPEI-1 −0.0111 −2.8325 SPI-1 −0.0016 −0.5815 

SPEI-3 −0.0136 −2.5699 SPI-3 −0.0011 −0.3189 

SPEI-6 −0.0168 −2.7574 SPI-6 −0.0044 −0.6940 

SPEI-12 −0.0259 −3.2827 SPI-12 −0.0097 −1.3318 

SPEI-24 −0.0319 −3.5828 SPI-24 −0.0072 −0.9942 

 

Figure 5. The spatial distribution of the standardized Z values for SPEI at 1-, 3-, 6-, 12-,  

and 24-month accumulation periods each station in Southwest China. 
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Table 3. The statistical characteristics of the standardized Z values for 89 stations at five 

accumulation periods. The figures in table represent the corresponding number of stations. 

Z Confidence Level SPEI-1 SPEI-3 SPEI-6 SPEI-12 SPEI-24 

≤ −3.29 99.9% 3 3 3 5 10 

(−3.29 to−2.575] 99% 4 1 5 7 12 

(−2.575 to−1.96] 95% 13 12 13 18 12 

(−1.96 to−1.645] 90% 6 11 8 7 8 

(−1.645 to 0] - 55 54 50 45 40 

(0 to 1.645) - 8 8 10 7 7 

The results indicated more than 88.7 percent of stations (82 stations) showed a negative trend of SPEI for 

all five accumulation periods in Southwest China. The stations with drying trends in the whole region 

obviously prevailed than that with wetting trends. Like for SPEI-1, the negative trend was statistically 

significant for more than 26 stations, of which 6 stations at the 90% confidence level, 13 stations at  

the 95% confidence level, 4 stations at the 99% confidence level, and 3 stations at the 99.9% confidence 

level. The distributions of stations with SPEI trends at different confidence levels were generally 

approximate for five accumulation periods. It could also be found that as the accumulation period  

of SPEI increased (from 1 to 24 months), the number of stations with significantly negative trend was 

increasing (seen in SPEI-12/24 at 99% and 99.9% confidence levels). The memory of moisture 

conditions in previous months was accumulated to latter months in some stations. As for SPEI trends of 

other four periods, the detailed distributions of stations at different confidence levels were not stated here.  

3.3. The Temporal and Spatial Extent of Drought 

To further assess the interannual variability of the drought, two experiments were performed to obtain 

the duration and severity. In addition, they were considered to represent the temporal and spatial extent of 

the drought. 

3.3.1. Temporal Extent 

In this study, the duration of the drought events (defined as SPEI ≤ −1) at each station for each year 

was calculated. The duration is expressed in number of months. Then, the durations for all 89 stations 

each year were averaged to overall temporal extent of the drought at regional scale. 

Figure 6 provided the mean number of dry months each year from 1982 to 2012. The different 

accumulation periods of SPEI were also considered. The aggravating condition of the drought was 

explicitly realized. Generally, there were merely about two dry months before 2000. However, the dry 

months in recent years were significantly increasing. The mean number of dry months reached to four, 

and the maximum number was even greater than six months (SPEI-24 in 2011 and 2012). The different 

accumulation periods of SPEI can represent drought conditions on different aspects. The SPEI with one 

month conveys meteorological drought identification. At the 3–6-month time scales it represents the 

drought in agricultural aspect, and at 6–12-month time scales it can be a hydrological drought index, 

useful for monitoring surface water resources [8,17]. Before the year of 2000, the mean numbers of dry 

months for different accumulation periods of SPEI were generally comparative. The meteorological and 
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agricultural drought were slightly severe than the hydrological drought. However, a quick transition occurred. 

The moisture deficiency in hydrological aspect overwhelmed than which in meteorological and agricultural 

aspects. Especially in 2010–2012, the mean numbers of dry months for SPEI-12/24 were 5.1 and 6.1, 

respectively, which exceeded the numbers of SPEI with less accumulation periods (2.8 months for  

SPEI-1, 3.2 months for SPEI-3 and 3.8 months for SPEI-6). The previous moisture deficiency was 

accumulated when calculating the SPEI with longer accumulation periods. The moisture deficiency led to 

the meteorological and agricultural drought, and further caused the aggravating of hydrological drought. 

  

Figure 6. The mean number of dry months (SPEI ≤ −1) each year from 1982 to 2012. 

3.3.2. Spatial Extent 

Next, another indicator was considered to evaluate the severity of the drought [8].The relatively high 

density of climatological stations in Southwest China facilitates us to assess the spatial extent of the drought 

approximately. In this case, we counted the percent of stations with different dry months (SPEI ≤ −1) each 

year. For simplicity, the percent of stations with more than three and six dry months each year were 

illustrated in Figure 7. Other cases were not listed here. 

The results were consistent with above findings. From Figure 7a, the percent of stations with more 

than three dry months each year was increasing from 1982 to 2012. The most extensive droughts were 

recorded after the year of 2005, and especially in 2010, about 58% of stations were suffering the 

meteorological drought more than three months, and about 67% of stations were suffering the 

agricultural drought, and about 70% of stations were suffering the hydrological drought.  

Similarly, Figure 7b illustrated the percent of stations with more than six dry months each year  

from 1982 to 2012. The increasing trend was more significant in this case. The percent of stations with 

meteorological drought more than six months was generally less than 5% before 2005, and with 

agricultural and hydrological drought more than six months was less than 20%. However, they all 

increased to a great degree in recent several years.  
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Figure 7. Percentage of stations with (a) more than three dry months and (b) more than six 

dry months each year.  

3.4. The Performance of SPEI 

3.4.1. The Performance of SPEI in Monitoring the Soil Moisture 

The correlation analysis was conducted at a monthly basis between the SMCI and SPI/SPEI at five 

accumulation periods. The results which provided the averaged correlations of stations in Southwest 

China were given in Table 4. 

Table 4. The averaged correlations of the stations obtained each month between the SMCI 

and SPI/SPEI at five accumulation periods in Southwest China. 

Month SPI-1 SPEI-1 SPI-3 SPEI-3 SPI-6 SPEI-6 SPI-12 SPEI-12 SPI-24 SPEI-24 

Jan. 0.3943 0.4031 0.5388 0.4892 0.2716 0.2553 0.2158 0.2038 0.1538 0.1391 

Feb. 0.5167 0.5316 0.5621 0.5897 0.3847 0.4020 0.1635 0.1753 0.1504 0.1553 

Mar. 0.4862 0.5349 0.6326 0.6685 0.3962 0.4745 0.1389 0.1941 0.0708 0.1010 

Apr. 0.3777 0.4227 0.5126 0.5235 0.3744 0.4024 0.1166 0.1377 0.0506 0.0539 

May. 0.5105 0.5307 0.5149 0.5112 0.4955 0.4755 0.1519 0.1233 0.1457 0.1083 

Jun. 0.3237 0.3390 0.4607 0.4598 0.4594 0.4469 0.2914 0.2815 0.2099 0.1856 

Jul. 0.4264 0.4390 0.4297 0.4290 0.3980 0.3802 0.2482 0.2201 0.1787 0.1759 

Aug. 0.5760 0.5767 0.5115 0.5157 0.4613 0.4486 0.3987 0.3822 0.2651 0.2358 

Sep. 0.4467 0.4617 0.4779 0.4758 0.3939 0.3909 0.3366 0.3355 0.2204 0.2153 

Oct. 0.4811 0.4749 0.4272 0.4183 0.3036 0.3008 0.2536 0.2509 0.1694 0.1605 

Nov. 0.5597 0.5301 0.4943 0.4629 0.3095 0.3008 0.2777 0.2666 0.1821 0.1740 

Dec. 0.3457 0.3649 0.4957 0.4670 0.3102 0.2924 0.2400 0.2155 0.1226 0.1015 

The SPI and SPEI had approximate correlations with the SMCI. For both SPI and SPEI, the 

correlations were generally higher at short to moderate timescale (1-, 3-, and 6-month). The highest 

correlation was obtained between SMCI and the 3-month SPI/SPEI with annual mean value of 

correlation more than 0.5. 
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Figure 8 shows the box plots displaying the detailed correlations between the SMCI and SPI/SPEI 

obtained each month for all the stations at five accumulation periods in Southwest China. By examining 

the correlations with 3-month SPI/SPEI, the SPEI tended to perform better than the SPI. The correlation 

between the SMCI and SPEI was higher than that of SPI in February, March, April, and October and 

lower in January, November, and December and comparable in other months. In February, March, and 

April, the correlations for five accumulation periods of SPEI were all higher than that of SPI. In addition, 

especially in February and March, the SPEI significantly outperformed the SPI. The SPEI uses 

temperature and precipitation as input while the SPI only uses precipitation. Therefore the least square 

method was applied to detect the temperature trend each month from 1982 to 2012. 

 

Figure 8. The box plots displaying the detailed correlations between SMCI and SPI/SPEI 

obtained each month for all the stations at five accumulation periods in Southwest China. 

Solid lines extend from 5th to 95th percentile of estimations, boxes extend from 25th to 75th 

percentile, and middle horizontal solid and dashed line within each box indicate the mean 

and the median value, respectively. 

The trend and its statistical significance in each month were given in Table 5. In past three decades, 

the temperature of Southwest China was increasing in all months, and with three largest trends occurring 

in February, March, and April (Figure 9). The results were highly consistent with the correlations 

between SMCI and SPI/SPEI. The significant increase of temperature in those three months aggravated 

the drying condition of the study area and therefore the SPEI which incorporated the temperature into 

the calculation of potential evapotranspiration could represent the dry and wet conditions to a higher degree. 
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Table 5. The trend of the temperature from 1982 to 2012in each month and p denotes the 

statistical significance. 

Month Jan.  Feb.  Mar.  Apr.  May.  Jun.  

trend 0.0382  0. 0799  0.0708  0.0542  0.0067  0.0070  

p 0.0417  0. 0074  0.0003  0.0047  0.6548  0.5639  

Month Jul.  Aug.  Sep.  Oct.  Nov.  Dec.  

trend 0.0351  0. 0258  0.0519  0.0292  0.0179  0.0419  

p 0.0017  0. 0601  0.0006  0.0696  0.1995  0.0020  

 

Figure 9. The trend of the temperature from 1982 to 2012 and its statistical significance in 

February, March, and April. The dot denotes the temperature in February, the circle denotes 

the temperature in March and the square denotes the temperature in April. 

3.4.2. The Performance of SPEI in Monitoring the Vegetation Drought  

The correlation analysis was conducted at a monthly basis during the growing season (from April to 

October) between the VCI and SPI/SPEI for five accumulation periods. The results which provided the 

averaged and maximum correlations of stations in Southwest China were given in Table 6 and  

Table 7, respectively. 

For both SPI and SPEI, the correlations were higher when calculated with longer accumulation 

periods, suggesting that the lag time between precipitation occurrence and vegetation response was 

longer in our study area. The highest correlations for different months were obtained between VCI and 

the 3–12 month SPI/SPEI. In addition, the averaged correlations for each accumulation period were 

generally low, indicating that the vegetation growth was insusceptible to meteorological moisture deficit. 

In Southwest China, the annual precipitation is generally above 900 mm, and thus in such moist 

condition the sensitivity of vegetation growth to precipitation is naturally low. The results were generally 

consistent with [9,51]. In [9], the highest correlation between VCI and SPI was obtained in a region with 

lowest precipitation, and vice versa. Similarly in [51], the correlation between scaled NDVI and in situ 

indices in arid regions was 0.33–0.51, but in humid regions the maximum correlation was no more than 0.25. 
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Nevertheless, by examining either the averaged correlations or maximum correlations between  

the VCI and SPI/SPEI, it could be found that the SPEI was slightly superior to the SPI which was similar 

to the results in monitoring the soil moisture but with a smaller difference. Therefore, the performance 

of SPEI in Southwest China has been well demonstrated. 

Table 6. The averaged correlations of the stations obtained during the growing season 

between the VCI and SPI/SPEI for five accumulation periods in Southwest China. 

Month SPI-1 SPEI-1 SPI-3 SPEI-3 SPI-6 SPEI-6 SPI-12 SPEI-12 SPI-24 SPEI-24 

Apr. 0.1361 0.1337 0.1682 0.1404 0.2252 0.1797 0.1594 0.1638 0.1486 0.1322 

May. 0.1820 0.1760 0.2001 0.1905 0.1947 0.1838 0.1991 0.2059 0.1851 0.1850 

Jun. 0.0837 0.0739 0.1412 0.1393 0.1469 0.1448 0.2436 0.2170 0.1954 0.1913 

Jul. 0.1295 0.1353 0.1379 0.1545 0.1448 0.1599 0.1726 0.1885 0.1873 0.1900 

Aug. 0.1488 0.1469 0.1490 0.1484 0.1707 0.1606 0.1626 0.1551 0.1726 0.1853 

Sep. 0.1145 0.1439 0.2239 0.2168 0.2209 0.2121 0.2132 0.1968 0.1943 0.1984 

Oct. 0.1076 0.1243 0.1445 0.1425 0.1300 0.1242 0.1174 0.1159 0.1288 0.1292 

Table 7. The maximum correlations of the stations obtained during the growing season 

between the VCI and SPI/SPEI for five accumulation periods in Southwest China. 

Month SPI-1 SPEI-1 SPI-3 SPEI-3 SPI-6 SPEI-6 SPI-12 SPEI-12 SPI-24 SPEI-24 

Apr. 0.4052 0.4711 0.4930 0.5665 0.4273 0.5147 0.3825 0.3871 0.4135 0.3857 

May. 0.3982 0.5092 0.4897 0.5617 0.4941 0.5481 0.5066 0.5448 0.5922 0.5889 

Jun. 0.2212 0.2046 0.3292 0.2790 0.3994 0.3225 0.5768 0.6545 0.4616 0.4791 

Jul. 0.4014 0.3913 0.5213 0.5046 0.4930 0.4835 0.7210 0.6982 0.5242 0.5092 

Aug. 0.3644 0.4236 0.5104 0.5072 0.4785 0.4378 0.4202 0.4047 0.4224 0.4640 

Sep. 0.2713 0.2797 0.5667 0.5635 0.5407 0.5417 0.5261 0.5257 0.5185 0.5092 

Oct. 0.2950 0.3113 0.4492 0.4596 0.4417 0.4489 0.4539 0.4347 0.3670 0.3446 

4. Conclusions 

As in Southwest China, the fact that the increase of temperature contributes to some severe droughts 

in recent years is recognized. In this study, a drought index SPEI, calculated by both precipitation and 

temperature was used to provide a comprehensive analysis of the drought characteristics in Southwest China 

from 1982–2012. The multi-scale patterns, the trend, and the spatio-temporal extent of the drought were 

evaluated, respectively. In addition, the correlation analysis between SPEI and two remotely sensed indices 

was conducted to investigate the performance of SPEI. The main conclusions are summarized as follows: 

(1) A drying trend of Southwest China was explicitly detected by SPEI series with different time 

scales. Some moderate and severe droughts were captured after 2005 and the droughts were even getting 

aggravated during the period 2010–2012.  

(2) The results of MK test indicated that the mean SPEI values at five time scales (1-, 3-, 6-, 12-,  

and 24-month) all decreased significantly from 1982 to 2012. The absolute value of declining trend was 

gradually increasing when SPEI was calculated with more lagged months.  
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(3) The aggravating condition of the drought was realized by examining the spatio-temporal extent. 

The numbers of dry months were significantly increasing and the percent of stations with more than 

three and six dry months each year were also increasing to a great extent. 

(4) The correlations analysis between the SMCI and SPI/SPEI demonstrated that the highest correlation 

was obtained between SMCI and the 3-month SPI/SPEI. In this case, the SPEI tended to perform better 

than the SPI. The correlation between the SMCI and SPEI was significantly higher than that of SPI in 

February, March, and April, with all months characterized by significant increase of temperature. 

(5) The correlations analysis between the VCI and SPI/SPEI indicated that for both SPI and SPEI, the 

correlations between the VCI and SPI/SPEI were generally low, suggesting that in moist areas vegetation 

growth was less sensitive to precipitation. Nevertheless, the SPEI was slightly superior to the SPI which 

was similar to the results in monitoring the soil moisture but with a smaller difference. 

The performance of SPEI in monitoring the drought in Southwest China has been well demonstrated. 

However, the correlations between the VCI and SPI/SPEI were generally low, suggesting in moist areas 

like Southwest China the sensitivity of vegetation growth to long-term precipitation is low, which makes 

that the SPEI outperform the SPI only to a little extent. It is appropriate to assume that in some semi-arid 

and arid regions, the sensitivity of vegetation growth to precipitation is naturally increasing, and thus 

with increase of temperature, the superiority of the SPEI is expected to be improved. Future work will 

be dedicated to making such an attempt in semi-arid and arid regions. 

In this study, we use SPEI to monitor the drought because it is an improved index of SPI by 

considering both precipitation and temperature and its multi-temporal characteristic facilitates us to 

analyze at different temporal scales to evaluate the different types of drought. Other widely used in situ 

drought indices such as PDSI and its improved variants are not considered at present. In our further 

researches, comprehensive analyses on the performance between different in situ drought indices will 

be conducted. 
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