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ABSTRACT: 

Drought is a natural disaster that causes problems in agriculture. Such events have been frequented in 

the Chi River basin, Thailand, in the last 10 years. Currently, drought assessment is conducted in 

several ways, including the use of product data from satellites or meteorological and hydrological data. 

In this study, we developed the anomaly drought index (ANDI) based on a combination of normalized 

difference vegetation index and soil water index product data and runoff station data using the entropy 

weight method. The ANDI was created and compared to historical data from the Emergency Events 

Database (EM-DAT) and drought-related data from 2011 to 2020. The ANDI shows a correlation with 

0.80 with rice yield and 0.9 with reservoir (dry), and 0.95 with rainfall (wet). Furthermore, we classified 

ANDI's drought intensity into three categories: mild, moderate, and severe. Droughts were discovered 

to have occurred in 2013, 2015, 2016, 2019, and 2020. They began in wet seasons and materialized in 

the subsequent dry seasons. These results were consistent with the drought reports of EM-DAT and 

the National Hydroinformatics Data Center. Therefore, the ANDI is suitable for assessing drought in 

the Chi River basin in Thailand. 
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1. INTRODUCTION 

Drought is the one of natural disasters that occurs in several countries, and its impact can huge 

damage to environmental, energy, and human activities, especially agriculture (Wilhite et al., 2007). 

Generally, drought hazard occurred by a prolonged lack of precipitation or insufficient rainfall (Kallis, 

2008; Dracup et al., 1980). Additionally, extended periods of precipitation deficit deplete surface 

water and groundwater reservoirs (Marcos-Garcia et al., 2017). Thailand frequently experiences 

droughts and is one of the most drought-affected countries in Southeast Asia (Pandey et al., 2007). Its 

agricultural sector is directly affected by droughts. Most of the Thai people are farmers and are often 

affected by drought. The damage from droughts in Thailand is concentrated in the northeastern part 

of the country, given the large area used for rice cultivation in this region (Prabnakorn et al., 2018). 

In 2004–2005 and 2015–2017, drought events in Thailand occurred with high damage to economic 

system approximately $220 million and $330 million, respectively (Wichitarapongsakun et al., 2016). 

Several researchers have developed drought indices for analyzing drought hazards using 

meteorological and satellite data (Anderson et al., 2016; Cui et al., 2021). Drought indices are mostly 

analyzed based on precipitation data; they include the Palmer drought severity index (Palmer, 1965), 

standard precipitation index (SPI) (McKee et al., 1993), and standard precipitation evapotranspiration 

index (SPEI) (Vicente-Serrano et al., 2010). Despite all of these indices, the SPI is the most suitable 

for assessing drought in rain-fed areas, but not for irrigated areas (Teweldebirhan et al., 2019). The 

normalized difference vegetation index (NDVI) can represent quantified vegetation based on satellite 

data and connected to drought occurrences. It is calculated from red and infrared reflectances.  
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The NDVI is widely used to indicate vegetation health because it can detect chlorophyll well 

(Tucker, 1979; Amri et al., 2011; Rouse et al., 1974). The soil water index (SWI) is a drought index 

developed from a fusion of surface soil moisture (SSM) observations from the Sentinel-1 C-band 

SAR and Metop ASCAT sensors; it is calculated via recursive formulation. The SWI has eight 

characteristic T values for various soil depths (Bauer-Marschallinger et al., 2018; Albergel et al., 

2008; Brocca et al., 2010). The global drought index (GDI) was developed based on a combination 

of the NDVI and SWI. The GDI varies between areas with different land uses (Zribi et al., 2021). The 

composite drought indicator is a drought index calculated by a weighted combination of the SPI, 

NDVI, evapotranspiration, and land surface temperature (Bijaber et al., 2018). These studies show 

that composite drought indices can better identify drought hazard areas than single indices. 

In this study, we developed a new index (Anomaly Drought Index [ANDI]) using the Entropy 

Weight (EW) method for analyzing the drought hazard in the Chi River basin by combining runoff 

station data, SPI, NDVI, and SWI. In addition, drought reports from relevant agencies were used for 

comparison to verify the accuracy of the drought assessment results obtained from the ANDI.  

2. STUDY AREA  

The Chi River basin is a major watershed in northeast Thailand. It has an area of 49,131 km2 

(Fig. 1) and consists of the following provinces: Chaiyaphum, Khon Kaen, Nong Bua Lamphu, Udon 

Thani, Maha Sarakham, Nakhon Ratchasima, Loei, Phetchabun, Kalasin, Roi Et, Yasothon, Ubon 

Ratchathani, Sisaket, and Mukdahan.  

 
Fig. 1. Topography map of the Chi River basin. 

 

The climate in the Chi River basin is influenced by northeast and southeast monsoons, which 

result in a dry season (November–April) and a wet season (May–October), respectively. Annual 

rainfall in the Chi River basin averages approximately 1,285 mm and more than 90% of rainfall occurs 

in the wet season (Table 1).  
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Table 1. 

Monthly average rainfall in the Chi River basin. 

month 1 2 3 4 5 6 7 8 9 10 11 12 sum 

average rainfall (mm) 12 7 36 56 150 136 242 309 253 67 16 1 1285 

 

There are two large, important reservoirs, namely, the Ubon Rat Reservoir and the Lampao 

Reservoir, which have storage capacities of 2,431 million and 1,980 million m3, respectively. 

According to land use data produced by the Department of Land Development in 2016, agricultural 

land accounts for 70% of the total area, whereas forest land accounts for 19% (Fig. 2). In the dry 

season, normally farmers planted rice crop during December-January. For harvesting activities is 

usually between March and April. 

 
Fig. 2. Land used map of the Chi River basin. 

3. DATA AND METHODS 

In this study, we used data from 15 runoff stations operated by the Royal Irrigation Department 

(RID), observed monthly runoff data from 2011 to 2020 (10 years), data from two large reservoirs 

(Ubon Rat and Lampao dam), and rice yield during dry season data (collected by the RID). The 

monthly rainfall data were collected by 37 rain gauge stations of the Thai Meteorological Department 

during 2010 to 2020 for calculating SPI. Furthermore, we gathered land use data from the Land 

Development Department. We then generated a drought hazard map for the Chi River basin using 

remote sensing data and a geographic information system (GIS).  
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In 1993, the SPI was developed by Mckee et al., which it based only on monthly precipitation 

data. The SPI can be described using Eqs. (1)-(3) (Asadi Zarch, M.A. et al. 2014). 

 

𝐻(𝑥𝑘) = 𝑞 + (1 − 𝑞)𝐺(𝑥𝑘)     (1) 

 

For 0 < H(xk) < 0.5 

𝑆𝑃𝐼 = − (𝑡 −
𝑐0+𝑐1𝑡+𝑐2𝑡2

1+𝑑1𝑡+𝑑2𝑡2+𝑑3𝑡3) , 𝑡 = √𝑙𝑛 (
1

𝐻(𝑥𝑘)2)  (2) 

For 0.5 < H(xk) < 1.0 

𝑆𝑃𝐼 = (𝑡 −
𝑐0+𝑐1𝑡+𝑐2𝑡2

1+𝑑1𝑡+𝑑2𝑡2+𝑑3𝑡3) , 𝑡 = √𝑙𝑛 (
1

(1−𝐻(𝑥𝑘))2)  (3) 

 

the G(xk) is Gamma probability density function, q is the probability of zero precipitation and 

H(xk) is the cumulative probability. Where c0 = 2.515517, c1 = 0.802853, c2 = 0.010328, d1 = 

1.432788, d2 = 0.189269, and d3 = 0.001308. 

 

The SWI, which was included to represent the water content, is a product of the Copernicus Global 

Land Service (https://land.copernicus.eu/global/products/swi accessed on 1 March 2022). The SWI 

has a daily spatial resolution of 10 km2 and a characteristic temporal length (T) parameter that includes 

1, 5, 10, 15, 20, 40, 60, and 100 to reflect soil depth. (Albergel et al., 2008; Paulik et al., 2014). This 

index is highly correlated with soil moisture content, especially when the T length is 20 (Zribi et al., 

2010). The SWI is calculated as Eqs. (4)-(6). 

 

𝑆𝑊𝐼(𝑡𝑛) = ∑ 𝑆𝑆𝑀(𝑡𝑖) 𝑒−
𝑡𝑛−𝑡𝑖

𝑇

𝑛

𝑖
/ ∑ 𝑒−

𝑡𝑛−𝑡𝑖
𝑇

𝑛

𝑖
   (4) 

𝑆𝑊𝐼(𝑡𝑛) = 𝑆𝑊𝐼(𝑡𝑛−1) + 𝐾𝑛(𝑆𝑆𝑀(𝑡𝑛) − 𝑆𝑊𝐼(𝑡𝑛−1))  (5) 

𝐾𝑛 = 𝐾𝑛−1/(𝐾𝑛−1 + 𝑒−(
𝑡𝑛−𝑡𝑛−1

𝑇
))            (6) 

the variables tn and tn-1 are the current and previous dates, respectively, in Julian days. T is the 

parameter of characteristic time length. SSM is Surface Soil Moisture observations from Sentinel-1 

C-band SAR and Metop ASCAT sensors. Kn is factor at time n. The initial value of SWI0 and K0 

were set = 1.  

The NDVI, an effective remote sensing indicator of green vegetation distribution, is derived by 

determining the difference in spectral reflectance value between the red and NIR bands (Rouse Jr et 

al., 1974). Additionally, the NDVI can indicate the growing conditions of plants (Bharathkumar et 

al., 2015; Gillespie et al., 2018) and is used for drought monitoring (Son et al., 2012; Nanzad et al., 

2019). Generally, the NDVI value ranges between −1 and 1 and can be calculated as in Eq. (7). In 

this study, we used NDVI values from MODIS (MOD13A2). The MOD13A2 product is corrected 

for atmospheric conditions, has a resolution of 1 km2, and is provided every 16 days 
(https://e4ftl01.cr.usgs.gov/MOLT/MOD13A2.006 (accessed on 1 March 2022). 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝑅𝐸𝐷
     (7) 

 

where NIR denotes the near-infrared band and RED is the red band. They have wavelengths of 859 

and 649 nm, respectively. 
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3.1. Relationship of drought indices 

This method calculates data values in a way that indicates the change in such values for the same 

month in each year. Thus, the obtained data are not affected by the season. The standard anomaly 

time series is calculated by Eq. (8). Previously, the usual anomaly approach was utilized to determine 

the NDVI and SWI (Amri et al., 2011; Amri et al., 2012). To analyze drought without the influence 

of seasonality, we produced standard anomalies for the NDVI, SWI, and runoff data; we renamed the 

indices by adding Sa before the original names, thus, Sa-NDVI, Sa-SWI, and Sa-R. Due of its 

significant relationship to drought episodes in the Chi River basin, a 3-month cumulative runoff was 

used in drought estimate for Sa-R. The results shown that accumulated runoff from the previous 3 

months (Sa-R) is strongly related to the drought events in the Chi River basin.  

The SPI was created to track precipitation shortages over time. These time scales describe the 

impacts of drought on various water supplies, which have two timings for detecting drought: 1. short 

durations (1-6 months) and 2. long timescales (12-36 months). In this study, the SPI's 6-month 

cumulative rainfall was estimated. 

𝑆𝑎𝑖(x) =
𝑋𝑖−𝑋𝑎𝑣𝑔,𝑖

σ𝑖
           (8) 

 

where X denotes SPI, SWI, NDVI, and Sa-R. Xi is the data estimate for a given month i. Xavg,i is the 

mean value of the data for month i generated from ten years of data. and σi is the standard deviation 

of the data during month i over the same 10-year period. 

Additionally, we analyzed the relationship between the four indices (SPI, Sa-NDVI, Sa-SWI, and 

Sa-R) and the drought data (rice yield, rainfall, and water storage) by dividing the data into two 

seasonal groups (dry and wet seasons). Rice yield and water storage data were compared between dry 

season, and rainfall data was compared between wet season. The Pearson correlation coefficient is 

usually used to test relationships as Eq. (9).  

𝑅𝑥𝑦 =
∑ (𝑥𝑖−𝑥̅)(𝑦𝑖−𝑦̅)

𝑛

𝑖=1

√∑ (𝑥𝑖−𝑥̅)𝑛
𝑖=1

2
∑ (𝑥𝑖−𝑥̅)𝑛

𝑖=1
2
          (9) 

 

where x is the indices (SPI, Sa-SWI, Sa-NDVI, and Sa-R) and y is the drought data (yield, rainfall, and 

water storage). 

3.2. ANDI 

In this research, we developed the ANDI for assessing the drought hazard in the Chi River basin. 

This new index was developed as a combination of SPI, Sa-SWI, Sa-NDVI, and Sa-R obtained from 

the same period, and it was computed by Eq. (10). The Entropy Weight (EW) was used to evaluate 

the criterion weight based on the intensity of the available data, and it calculated the weights of the 

four indices (a, b, c, and d) (Shannon et al., 1948). A specified variable will vary more the higher the 

entropy. The composite drought index weight is often determined using this approach (Chen et al., 

2020, Waseem et al., 2015). The EW is computed as in Eqs. (11)-(14). 
 

ANDI = a(SPI) + b(Sa-NDVI) + c(Sa-SWI) + d(Sa-R)  (10) 

 

𝑃𝑖𝑗 =
𝑥𝑖𝑗

∑ 𝑥𝑖𝑗

𝑛

𝑖=1

      (11) 
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𝐸𝑗 = −
1

𝑙𝑛(𝑛)
∑ 𝑃𝑖𝑗𝑡 𝑙𝑛(𝑃𝑖𝑗)

𝑛

𝑖=1
    (12) 

 

Dj = 1 - Ej      (13) 

 

𝐸𝑤𝑗 =
𝐷𝑗

∑ 𝐷𝑗

𝑛

𝑗=1

     (14) 

 

where i is ith year (i = 1, 2, ... 10); Xij is value of j index at the ith year (j = 1, 2, 3, and 4 refer to 

SPI, Sa-SWI, Sa-NDVI, and Sa-R) and Pij is the projection value that corresponds to the normalized 

value. Ej is entropy for j index; Dj is Degree of divergence for j index; Ewj are the weights allocated 

to the variables. 

 

The ANDI map, which was created using the SPI, Sa-NDVI, Sa-SWI, and Sa-R data sets, should 

aid in the efficiency of drought assessment in each sub-basin area. Because the NDVI and SWI data 

are held at spatial resolutions of 1 and 10 km2, respectively, we aggregated the NDVI resolution to 10 

km2 by average value, which has the same resolution as SWI, and then computed it to the grid map 

of Sa-NDVI and Sa-SWI at 10 km2 resolution. The SPI map was constructed by distributing rainfall 

station data to all grids with a resolution of 10 km2 using the inverse distance squared technique 

(IDW), where rainfall station weights change with distance, as indicated in Eq (15). Then it was grid-

calculated into the SPI grid map. We computed Sa-R from runoff station data at sub-basin outlets and 

used it to represent all grids in these sub-basins. The Sa-R grid map utilized in this study has 15 sub-

basins with no reservoir area (See Fig. 3 for the Sa-R map). Following that, the grid maps of Sa-

NDVI, Sa-SWI, Sa-R, and SPI were weighted using the EW technique, which was derived using the 

grid as shown in Fig.3. 

𝑊𝑖 =

1

𝑑𝑖
2

∑ (
1

𝑑𝑖
2)

𝑛

𝑖=1

     (15) 

where di is the distance between the runoff station and the considered grid location. Wi is the grid 

weighting of each rainfall station. 

For effective drought assessment by ANDI. We determined three levels of severity for drought 

(mild, moderate, and severe) by comparing the ANDI values in the basin with quantities of rice yield 

and drought events recorded from EM-DAT. Drought conditions were represented by rice crops since 

the amount of rice cultivated between December and April of each year is determined by the amount 

of available water. However, droughts have the greatest impact on rice harvests. 

3.3. Validation of ANDI via comparison of drought events recorded 
The results of the ANDI drought map assessment in the Chi River basin were compared with the 

above drought levels. We divided the drought assessments into two seasons (dry and wet) and 

compared them with actual drought situations to analyze the relationship between them. We used  

drought reports for the Chi River basin from two sources, namely, the Centre for Research on the 

Epidemiology of Disasters (CRED) and the National Hydroinformatics Data Center (NHC). The 

CRED provides free access to the full Emergency Events Database (EM-DAT) for noncommercial 

purposes. EM-DAT is a global database containing details on the occurrences and effects of over 

22,000 natural disasters, such as the number of people killed, injured, or affected and economic 

damage estimates. The NHC is maintaining a database for the management of water resources and 

natural disasters in Thailand. The NHC has been collecting records on water events for droughts and 

floods since 2005. Fig. 4 shows a flowchart of the methodology in this study. 
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Fig. 3. Process of generating the ANDI map for assessing drought hazard (February 2013). 
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Fig. 4. Flowchart of the study methodology hazard. 

4. RESULTS AND DISCUSSIONS 

4.1. Relationship between drought indices and historical data 

In the drought analysis for this study, Fig. 5 shows the time series of the four data sets had distinct 

characteristics (SPI NDVI, SWI, and Runoff). The SPI demonstrates the change in cumulative rainfall 

at 6 months, and a negative value indicates that cumulative rainfall at 6 months is less than average. 

The remaining three data sets indicate that NDVI, SWI, and runoff are greater in the rainy season and 

lower in the dry season, with seasonality. Furthermore, each drought index reacts differently to 

drought occurrences. The NDVI is a useful tool for detecting changes in agricultural areas. However, 

it may not be suitable for non-agricultural locations. In December–April, the NDVI values in the 

irrigation area are clearly higher than those in the rain-fed area (Fig. 6a). This is because rice crops 

are cultivated in the irrigation area but not in the rain-fed area. Fig. 6b shows that the SWI values in 

the irrigated and rain-fed areas are nearly identical. Although the SWI accurately measures soil 

moisture content, the soil moisture that causes dryness in each place may differ, depending on the 

type of land use in that area. Additionally, the runoff data considered in this study directly shows the 

amount of water available to everyone, which accurately reflects the available quantity. However, it 

drops to zero during the dry season, making it difficult to quantify the severity of each year’s drought 

(Fig. 5d). 
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Fig. 5. SPI, NDVI, SWI, and monthly runoff (million cubic meters (MCM)/month) data time series  

from 2011–2020. 

 

 
Fig. 6. SWI and NDVI time series in irrigation and rain-fed areas. 

 

The results of the standard anomaly method (Sa-NDVI, Sa-SWI and Sa-R) are shown in Fig. 7, 

which can be separated into two main groups, namely, negative (the index is below the annual average 

for that month) and positive (the index is above the annual average for that month). These results 

indicate that if the standard anomaly value is negative during the dry season, then there is less soil 

moisture than typical. However, if it occurs during the rainy season, then rainfall is delayed or less 

than typical. The analysis of the seasonal correlation between the four indices and the measurement 

data (rice yield, reservoirs, and rainfall) reveals that, in dry seasons, Sa-R has the highest correlation 

with rice yields (0.86), followed by Sa-NDVI (0.67), SPI (0.61), and Sa-SWI (0.48), whereas SPI has 

the strong correlation with reservoir (0.88), followed by Sa-R (0.85), Sa-NDVI (0.77), and Sa-SWI 

(0.65). For the wet season, SPI is the most correlated with rainfall (0.96) and is followed by Sa-R 

(0.89), Sa-SWI (0.72), and Sa-NDVI (0.28) (Table 2-3). In addition, Sa-R stands out in its 

relationship to rice yield, while its relationship with reservoirs and rainfall is slightly less SPI. 
Although the Sa-R is more powerful than the others, it is a station data. When used as a representative 

of the sub-basin, it cannot see the difference between each pixel in sub-basins.  
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Fig. 7. SPI, Sa-NDVI, Sa-SWI, and Sa-R time series from 2011–2020. 

 

 
                                                                                                         Table 2. 

Correlation coefficient between drought indices during before harvest,                                                      

rice yield and reservoir storage in the Chi River basin. 

  SPI Sa-NDVI Sa-SWI Sa-R ANDI 

Rice yield (dry) 0.61 0.67 0.48 0.86 0.80 

Reservoir (dry) 0.88 0.77 0.65 0.85 0.90 

 

                                                                                                        

                                                                                                Table 3. 

Correlation coefficient between drought indices during 

end of rainy, rainfall in the Chi River basin. 

  SPI Sa-NDVI Sa-SWI Sa-R ANDI 

Rainfall (wet) 0.96 0.28 0.72 0.89 0.95 

 

The combining of Sa-R with spatial data indices. Combining Sa-R with spatial data indices (Sa-

NDVI and Sa-SWI) will assist to overcome this challenge.  
Afterward, we estimated the weights of indices that were used to generate ANDI via the EW 

method. The results of this approach are provided in (Table 4-5), which were calculated in February. 

The weights of SPI, Sa-NDVI, Sa-SWI, and Sa-R are 0.22, 0.10, 0.11, and 0.57, respectively. 

However, this weight is unique for each month. The ANDI has correlations with rice yield, reservoirs, 

and rainfall of 0.80, 0.90, and 0.95, respectively (Table 2-3). It has the highest correlation with 

reservoir, while the correlation with rice yield is larger than SPI, Sa-NDVI, and Sa-SWI, and the 

correlation with rainfall is greater than Sa-NDVI, Sa-SWI, and Sa-R. ANDI also outperformed Sa-R 

and SPI in terms of pixel-difference. Therefore, ANDI was selected to represent drought conditions 

because it is well related to the drought situation in the dry and wet seasons (Fig. 8). 
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Table 4. 

Practical Example of Entropy Weight Calculation in February. 

February 

Pij 

Year 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 

SPI 0.11 0.15 0.09 0.13 0.08 0.08 0.15 0.17 0.04 0.01 

Sa-NDVI 0.09 0.18 0.08 0.07 0.06 0.06 0.08 0.13 0.10 0.14 

Sa-SWI 0.06 0.14 0.07 0.09 0.06 0.10 0.13 0.19 0.10 0.05 

Sa-R 0.20 0.27 0.03 0.03 0.05 0.03 0.13 0.21 0.02 0.03 

ln(Pij) 

SPI -2.25 -1.87 -2.45 -2.06 -2.47 -2.48 -1.93 -1.80 -3.21 -5.04 

Sa-NDVI -2.40 -1.71 -2.55 -2.67 -2.81 -2.88 -2.47 -2.01 -2.25 -1.95 

Sa-SWI -2.74 -1.96 -2.60 -2.43 -2.77 -2.26 -2.06 -1.68 -2.28 -3.02 

Sa-R -1.59 -1.32 -3.62 -3.46 -2.98 -3.58 -2.08 -1.54 -3.97 -3.38 

 
                                                                                         Table 5. 

Entropy Weight for SPI, Sa-NDVI, Sa-SWI 

and Sa-R for combining into ANDI. 

Indices ej divj Wj 

SPI 0.94 0.06 0.22 

Sa-NDVI 0.97 0.03 0.10 

Sa-SWI 0.97 0.03 0.11 

Sa-R 0.83 0.17 0.57 

 

 

Fig. 8. Relationship between SPI, Sa-NDVI, Sa-SWI, and Sa-R and rice yield, reservoirs and rainfall. 
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4.2. Generation of ANDI drought hazard map 

  

Remote sensing and GIS are used to produce the ANDI to investigate the spatial distribution of 

drought hazard areas in the basin with a 10 km2 resolution. Most of the ANDI values in the 10 studied 

years (2011–2020) are between −1.5 and 1.5, but they are less than −0.5 when considering only the 

drought situation in the Chi River basin (2013, 2015, 2016, 2019, and 2020) (Fig. 9). 

 

 

 

Fig. 9. Time series of monthly ANDI in the Chi River basin during 2011 – 2020. 

 

 

According to data on rice yield, rainfall, and reservoir water quantities, drought occurred in 2013, 

2015, 2016, 2019, and 2020. The initial ANDI, which was used to determine the occurrence of 

drought, was then examined.  

In Fig. 9, the pink, orange, and yellow bars show the examined ANDI values of ANDI ≤−1, −1 < 

ANDI ≤ −0.75, and −0.75 < ANDI ≤ −0.5. Findings show that the ANDI of −0.25 is overvalued as 

a drought indicator because it sees areas in 2017 and 2018 that were not undergoing droughts. 

Moreover, the values of −0.75 and −1 are too small; they identify too little of the drought area in 2016. 

Thus, we set ANDI = −0.5 as the threshold for drought conditions in this study, and we established 

three drought levels for drought monitoring in the Chi River basin. Fig. 9 shows the proportion of 

ANDI values dispersed in each range of ANDI values. Hence, we experimented with various random 

values to determine the appropriate value for the drought events (2013, 2015, 2016, 2019, and 2020). 

Then, we set the following ranges of drought levels: mild drought (−0.75 < ANDI ≤ −0.5), moderate 

drought (−1 < ANDI ≤ −0.75), and severe drought (ANDI ≤ −1).  

The ANDI map was generated using the determined drought levels. There were three apparent 

droughts, namely, 2012 (wet) – 2013 (dry), 2014 (wet) –2016 (dry), and 2018 (wet) – 2020 (wet), all 

of which were followed by a wet season and then a dry season (Fig. 10). The drought event of 2019 

– 2020 was the worst in 10 years, followed by those in 2012–2013 and 2014–2015; these severe 

droughts affected 37%, 22%, and 17%, respectively, of the basin. 
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Fig.10. Drought hazard map in the Chi River basin based on the ANDI during 2011–2020. 
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4.3. Validation of ANDI map with reported drought events 

Data on drought occurrences in the Chi River basin were collected from the georeferenced EM-

DAT (https://public.emdat.be/data accessed on 1 March 2022) and the NHC (https://tiwrm.hii.or.th/v3/archive 

accessed on 1 March 2022). The EM-DAT contains three disaster reports of drought in the Chi River 

basin in 2011–2020. In 2012, the April–August drought incurred damages of $1.2 million. From 

January 2015 to May 2017 (2 years and 4 months), the long, intense drought incurred a total damage 

value of $3.3 billion. The last recorded drought occurred in July 2019 and lasted 6 months, but no 

damage was reported (Table 6). The NHC contains data about five drought events that occurred 

during 2011–2020 (2013, 2014, 2015, 2016, and 2020), which may have occurred during the dry 

season (November–April). According to a comparison between the ANDI map’s drought assessment 

results and the drought situation reports from the CRED and NHC, the ANDI map’s assessment is 

consistent with that of EM-DAT during 2015, 2016, and 2020 but not in 2017 and 2019. It is also 

consistent with drought data from the NHC for 2013, 2015, 2016, and 2020 but not for 2014 and 2019. 

A comparison of EM-DAT and NHC data shows corresponding drought events during dry seasons in 

2015, 2016, and 2020. This is consistent with the drought analysis results from the ANDI map; 

inaccuracies are observed for 2019 (Table 7).  

In Thailand, several research articles on drought monitoring have been published. In 2019, Zenkoji 

et al. analyzed drought in the upper Chao Phraya River basin using data on rainfall and dam inflows 

of large reservoirs (Bhumibol Dam and Sirikit Dam) during 1953–2015; their findings showed that 

droughts occurred in 2012–2015, especially in 2015, when the worst drought occurred (Zenkoji et al., 

2019). Raksapatcharawong et al. (2020) studied droughts in 2012, 2014, 2015, 2018, and 2019 using 

information gathered from the Department of Agricultural Extension and concluded that northeast 

Thailand experienced the greatest impact. Jomsrekrayom et al. (2021) conducted a study on droughts 

in the northeast region of Thailand using VCI values from MODIS products; their results showed 

droughts during the wet seasons of 2011, 2012, 2013, 2017, 2018, and 2019, with those in 2013 and 

2019 being severe ones. The drought assessment results from these previous studies show droughts 

in 2012, 2013, 2014, 2015, 2018, and 2019 in agreement with the ANDI drought assessment results. 
 

Table 6. 

Drought hazard events in Thailand from EM-DAT 

 

Disaster No. 
Disaster 

Type 
Country 

Start 

year 

Start 

month 
End year 

End 

month 

Total 

Damages 

(US$) 

2012-9109-THA Drought Thailand 2012 4 2012 8 1,200,000 

2015-9574-THA Drought Thailand 2015 1 2017 5 3,300,000,000 

2019-9359-THA Drought Thailand 2019 7 2020 2 - 

 
Table 7. 

Comparison of drought hazard results of the ANDI with EM-DAT and NHC data . 

Year 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 

Season D W D W D W D W D W D W D W D W D W D W 

ANDI     ✓ ✓    ✓ ✓ ✓ ✓        ✓ ✓ ✓   

EMDAT     ✓       ✓ ✓ ✓ ✓ ✓       ✓ ✓   

NHC     ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓          ✓ ✓   

Combined       ✓         ✓ ✓ ✓             ✓ ✓   
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5. CONCLUSIONS 

Drought analysis in the Chi River basin using the proposed ANDI, a composite index 

incorporating SPI, Sa-NDVI, Sa-SWI, and Sa-R, is conducted from a combination analysis of satellite 

data and station measurement data. The NDVI and SWI values are based on MODIS and ASCAT 

products, respectively, whereas SPI is based on precipitation and utilizes IDW to distribute into pixels. 

Runoff measurements are used to construct runoff maps. All four data points are connected to various 

drought scenarios. The SPI detects variations in precipitation, the NDVI distinguishes agricultural 

and non-agricultural places, the SWI shows soil moisture, and runoff indicates the quantity of water 

farmers may utilize at a given moment. 
ANDI outperforms other indices in its association with the reservoir during the dry season, but it 

performs similarly to Sa-R and SPI in its link with rice yield during the rainy season. Furthermore, 

ANDI is more efficient than the Sa-R and SPI for estimating droughts in any season. 

Drought occurs during the dry season and is driven mostly by water scarcity; during the wet 

season, it is influenced primarily by rainfall. The ANDI is analyzed and compared with drought event 

data from 2011 to 2020 to establish drought severity levels. During times of drought, most ANDI 

values are below −0.5. Therefore, the ANDI value of −0.5 is set as the threshold for entering a drought 

state. Then, the following drought levels are set: mild drought (−0.75 < ANDI ≤ −0.5), moderate 

drought (−1 < ANDI ≤ −0.75), and severe drought (ANDI ≤ −1). Drought analysis using the ANDI 

and the defined levels shows that each drought occurred during the wet season and arrived during the 

dry season because of the low rainfall during the wet season. This results in insufficient water supply 

in dams during dry seasons. Additionally, findings indicate a total of 5 years of drought (2013, 2015, 

2016, 2019, and 2020). For 2015, 2016, and 2020, the ANDI drought assessment results agree with 

EM-DAT and NHC drought reports. Therefore, the ANDI can assess drought effectively (close to 

actual events) and is a good tool for monitoring and assessing future droughts. 
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