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Abstract 

Thailand frequently suffers from droughts due to a shortage of rainfall, and the northeast region is particularly 

vulnerable to drought. The effect of climate change on water resources directly relates to agricultural drought 

vulnerability. The study aims to assess the response of adaptive capacity to agricultural drought vulnerability 

and its impact. This study integrated agricultural drought exposure and sensitivity without and with adaptive 

capacity in the framework of climate change adaptation for assessing the response of adaptive capacity 

(groundwater use in agriculture) on agricultural drought vulnerability and drought impact in 3m7 (May to 

July), 3m10 (August to October, and 6m10 (May to October). As a result, based on severity level change 

detection between agricultural drought vulnerability classification without and with groundwater use, areas of 

decreasing severity by combining moderate, high, and very high severity levels after applying groundwater use 

in agriculture in 3m7, 3m10, and 6m10 cover an area of 4,408.50 sq.km, 4,776.09 sq.km, and 7,149.33 sq.km, 

respectively. In addition, based on the changed area of agricultural drought vulnerability impact on economic 

crops without and with groundwater use in agriculture, the affected areas, by combination of moderate, high, 

and very high severity levels for rice, sugarcane and corn, decreased in 3 periods. Still, the areas affected by a 

combination of moderate, high, and very high severity levels for cassava increased in three periods. These 

findings suggest a significant role for groundwater use in agriculture in mitigating the impact of drought. 

Therefore, a feasibility study on the use of groundwater in agriculture is recommended. 
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1. Introduction 

Drought is a complex phenomenon due to its 

unpredictable onset and termination, variable 

duration, uncertain frequency and intensity, and 

nonspecific spatial extent. Drought has multiple 

negative impacts, even within a single domain [1]. 

Drought impacts on agriculture rely on its intensity, 

severity, duration and timing relative to crop growth 

stages. Additionally, drought events with comparable 

intensity and duration can have varying impacts on 

agriculture, depending on the crops and local 

adaptive capacity [2]. According to the 

Intergovernmental Panel on Climate Change (IPCC) 

report on extreme events in 2012, quantifying loss 

and damage from extreme climate events, such as 

droughts, has become essential for effective policy 

implementation [3]. 

Thailand regularly suffers from droughts due to a 

shortage of rainfall, reduced flow in surface and sub-

surface rivers, and poor land management practices. 

The whole country was affected by severe droughts 

in 1979, 1994, and 1999. In particular, the 

northeastern region, which has the highest poverty 

rates, is vulnerable to drought [4]. The severe drought 

in Thailand in 1999 resulted in agricultural 

production losses estimated at approximately 26 

billion Thai Baht (US$840 million), primarily due to 

reduced off-season rice production in MY2019/20 [5] 

Conceptually, vulnerability is a relative measure that 

indicates the degree to which a system is susceptible 

to damage (harm) due to the occurrence of an event 

[6]. The vulnerability of the system should 

encompass exposure, sensitivity and adaptive 

capacity components [7]. Based on the definition, 

exposure is a measure of the degree to which the 

systems under consideration are in areas susceptible 

to hazard [8] 
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Sensitivity is defined as “the degree to which a 

system is affected, either adversely or beneficially, by 

climate-related stimuli” [9]. Adaptive capacity is 

defined as ‘‘the ability to adjust, take advantage of 

opportunities, or cope with consequences” [10]. 

Recently, there has been an increasing number of 

drought vulnerability assessments in the framework 

of two approaches: (1) climate change adaptation 

(CCA) and (2) disaster reduction risk (DRR) [11]. 

Many researchers applied the CCA approach to 

assess vulnerability and its impact related to the 

effect of climate change [12][13][14][15][16][17] 

[18] and [19]. 

In this study, the framework of Fontaine and 

Steinemann [12], which includes exposure, 

sensitivity, and adaptive capacity, was applied to 

assess the response of adaptive capacity to 

agricultural drought vulnerability and its associated 

impact. The specific objectives are (1) to classify the 

suitability of groundwater uses in agriculture as a 

proxy of adaptive capacity and (2) to assess the 

responses of adaptive capacity to agricultural drought 

vulnerability and its impact. 

 

2. Methods 

2.1 Study Area 

Nakhon Ratchasima province is Thailand’s largest 

province, situated in the central part of the country, 

far from the coastal zone. Nakhon Ratchasima 

province covers an area of about 20,729 sq.km and 

has 288 sub-districts in 32 districts (Figure 1). 

 

2.2 Sources of Data 

The collected and prepared data are summarized 

below: 

• Rainfall data from 1975 to 2022 from 37 

stations from the Thai Meteorological 

Department (TMD) for Standardized 

Precipitation Index (SPI) calculation. 

• MOD31A-NDVI product from 2002 to 2022 

from the U.S. Geological Survey (USGS) 

website (https://earthexplorer.usgs.gov) for 

Vegetation Condition Index (VCI) extraction.  

• MOD11B-LST product from 2002 to 2022 from 

the USGS website for Land Surface 

Temperature (LST) extraction. 

• Shuttle Radar Topography Mission (SRTM) 

Digital Elevation Model (DEM) from the USGS 

website for landform and elevation extraction. 

• Land use data in 2008, 2011,2015, 2017, 2019, 

and 2023 from the Land Development 

Department (LDD) for land use extraction. 

• Soil series from the LDD for soil drainage 

extraction. 

• Agricultural irrigation area from the Royal 

Irrigation Department (RID) for irrigated areas 

and rain-fed agricultural areas extraction. 

 

 
 

Figure 1: Nakhon Ratchasima province 
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• Waterbody in 2023 from the LDD for Euclidean 

distance calculation. 

• River network and sub-basin boundary from the 

Department of Water Resources (DWR)for 

drainage density calculation. 

• Average rice harvested area from 2011 to 2023 

from the Nakhon Ratchasima Provincial 

Agriculture and Cooperatives Office (NKM-

PACO). 

• Number of rice farmer households in 2023 from 

the NKM-PACO. 

• Population data in 2023 from the Department of 

Provincial Administrative (DOPA). 

• Potential groundwater yield from the 

Department of Groundwater Resources (DGR). 

 

2.3 Methodology 

In overview, three components related to climate 

change adaptation were initially examined: 

agricultural drought exposure, agricultural drought 

sensitivity, and adaptive capacity (groundwater use 

in agriculture). Later, the potential impact of 

agricultural drought vulnerability, both without and 

with groundwater use in agriculture, was assessed to 

describe the response of adaptive capacity to 

agricultural drought vulnerability and drought impact 

(Figure 2). A brief description of the research 

methodology is summarized below. 

 

2.3.1 Agricultural drought exposure 

The agricultural drought exposure (ADE) was 

assessed by combining the meteorological drought 

frequency (MDF) and meteorological drought 

intensity (MDI) indices, which were separately 

calculated based on SPI values in 3m7 period (May 

to July), 3m10 period (August to October), and 6m10 

period (May to October), covering planting, growing 

and harvesting periods of economic crops (rice, 

cassava, sugarcane and corn) in Nakhon Ratchasima 

province, using multiplication operation (Figure 3). 

For the MDF index, monthly rainfall data (1975 – 

2022) from 37 stations were used to calculate the SPI 

[20] for 3 periods with four drought severity 

categories: near normal drought (NND), moderate 

drought (MD), severe drought (SD) and extreme 

drought (ED) with weight [20] as show in Table 1. 

The probability of drought occurrence for four 

categories (NND, MD, SD, and ED) of each period 

at each station was calculated, and a continuous 

surface of data was separately interpolated using the 

Inverse Distance Weighted (IDW) method [21].  

 

 
Modified from Fontaine and Steinemann [12] 

 

Figure 2: Overview of research methodology 

 

Table 1: Drought severity classification with weight based on SPI values [20] 
 

Drought severity category SPI value Probability of occurrence (%) Weight 

1. Near-normal drought (NND) 0 to -0.99 34.1 1 

2. Moderate drought (MD) -1.00 to -1.49 9.2 2 

3. Severe drought (SD) -1.50 to -1.99 4.4 3 

4. Extreme drought (ED) -2.00 and less 2.3 4 
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Figure 3: Workflow of agricultural drought exposure assessment 

 

Later, the interpolated probability of drought 

occurrence of each category in 3 periods was 

reclassified into four levels: low, moderate, high, and 

very high, using the Natural Break (NB) method and 

assigned a rating of each level with a value of 1, 2, 3, 

and 4, respectively. The MDF index of each period 

with drought severity category was integrated using 

Simple Additive Weighting (SAW) [22] and [23]. 

Meanwhile, the MDI index is reflected in the 

precipitation deficiency and the drought severity 

measures by SPI when it is less than -1 and equals -1 

for the specific period. The MDI index of each period 

at each station was extracted based on SPI values less 

than or equal to -1 [24], and the extracted MDI value 

of each period at 37 stations was separately 

interpolated to create the MDI index using the IDW 

method.  Finally, the MDF and MDI indices were 

combined by multiplication to form the ADE index, 

and then reclassified into five ADE severity levels 

(very low, low, moderate, high, and very high) using 

the NB method. 

 

2.3.2 Agricultural drought sensitivity 

The agricultural drought sensitivity (ADS) was 

assessed using the Analytical Hierarchical Process 

(AHP) and the Weighted Linear Combination (WLC) 

method based on selected factors under four 

conditions (vegetation, climate, physical and socio-

economic) (Figure 4). 

 

(1) Vegetation Condition: Two factors representing 

vegetation conditions for ADS are agricultural 

drought frequency (ADF) and agricultural drought 

intensity (ADI). This study identified ADF based on 

the Vegetation Condition Index (VCI), computed 

using the Normalized Difference Vegetation Index 

(NDVI) from MOD31A-NDVI products, over a 

phenological period (May-October) from 2002 to 

2022, as described in Equation 1.  
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Figure 4: Workflow of agricultural drought sensitivity assessment 

 

If VCI values are 100%, it indicates healthy 

vegetation conditions. In contrast, if VCI values are 

nearly 0%, it is identified as poor vegetation 

condition [25]. VCI is defined in Equation 1: 
 

min

max min

100iNDVI NDVI
VCI

NDVI NDVI

−
= 

−
 

Equation 1 

 

Where:  

NDVIi is the filtered NDVI image in the  

               phenology period, 

NDVImax is the multi-year maximum NDVI in  

               the phenology period, 

NDVImin is the multi-year minimum NDVI in  

              the phenology period. 

 

As a representative of vegetation conditions, VCI 

values equal to or less than 35% during the 

phenology period were identified as indicative of 

agricultural drought. All VCI images were 

reclassified with a threshold value of ≤ 0.35 as 1, 

while other values were reclassified as 0. After that, 

all reclassified images (1 and 0) were added together 

and divided by the number of images (210 images 

from 21 years) for ADF. The extracted value was 

reclassified into five rating scores by the NB method. 

Meanwhile, ADI was calculated using VCI values (0-

100%) in the phenology period. Herein, all VCI 

images were reclassified with a threshold value of ≤ 

0.35 as their values, while other values were 

reclassified as 0. After that, all reclassified images 

were added and averaged by the number of years for 

ADI. The extracted value was reclassified into five 

rating scores by the NB method. 

 

(2) Climate Condition: Two factors that characterize 

climate conditions for ADS [26] and [27] were 

average SPI and average Standardized Precipitation 

Evapotranspiration Index (SPEI). The average SPI 

was extracted from rainfall data (2002–2022) of 37 

stations in 3 periods (3m7, 3m10 and 6m10). Then, 

they were interpolated using the IDW method and 

reclassified into five rating scores by the NB method. 

Meanwhile, SPEI, specifically characteristics of the 

region’s climate [28], was calculated based on 

monthly rainfall and temperature (2002–2022). Here, 

monthly rainfall data were extracted from 37 stations, 

while the monthly average temperature was extracted 

from MODIS LST data. Monthly rainfall and 

temperature data were used to calculate the average 

SPEI for 3 periods (3m7, 3m10 and 6m10) using the 

SPEI calculator. They were interpolated using the 

IDW method and reclassified into five rating scores 

by the NB method. 

 

(3) Physical Condition: Seven factors that 

characterize physical conditions for ADS are land 

use, agricultural irrigation area, distance to the water 

body, drainage density, landform, and elevation. 

 

(3.1) Land Use: Land use data in 2008, 2011, 2015, 

2017, 2019, and 2023, as reported by the LDD, were 

reclassified into five rating scores based on land use 
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type and then averaged across these five rating 

scores. Paddy fields are susceptible to drought since 

they require more water than other crops. On the 

contrary, waterbodies and miscellaneous land are less 

affected by drought. 

 

(3.2) Agricultural Irrigation Area: According to 

ADS, agricultural irrigation area was manually 

assigned rating scores for irrigated areas and rain-fed 

agricultural areas [29]. 

 

(3.3) Distance to the Water Body: Areas nearer to 

waterbodies are less susceptible to water shortages 

due to their higher recharge potential [29]. Euclidean 

distance was applied to calculate the distance to water 

bodies, and the results were reclassified into five 

rating scores using the NB method. 

 

(3.4) Drainage Density: Drainage density values, 

calculated as the total length of rivers in a drainage 

basin divided by the basin’s surface area [30], were 

reclassified into five rating scores using the NB 

method. 

 

(3.5) Soil Drainage: The soil drainage properties of 

the soil series from the LDD were reclassified into 

five rating scores [31]. 

 

(3.6) Landform: Landform classification was 

classified based on the percentage of slope [32] and 

reclassified into five rating scores. 

 

(3.7) Elevation: The elevation classification was 

extracted from SRTM DEM according to the 

standard of LDD [32] and reclassified into five rating 

scores. 

 

(4) Socio-economic Condition: Socio-economic 

factors include the average harvested rice area (2011-

2023), the number of farmer households in 2023, and 

population density in 2023 at the sub-district level. 

 

(4.1) Average Rice Harvested Area: Average rice 

harvested areas (2011-2023) at the sub-district level 

were calculated and reclassified into five rating 

scores by the NB method. 

 

(4.2) Number of Farmer Households: The number of 

farmer households is sensitive to agricultural drought 

[33]. The areas will be more vulnerable when the 

proportion of farmer households increases. The 

number of farmer households in 2023 was extracted 

and reclassified into five rating scores by the NB 

method. 

 (4.3) Population Density: Population density was 

applied by [34] to assign agricultural drought 

sensitivity. Population densities in 2023 were 

extracted and reclassified into five rating scores by 

the NB method. 

 

Since all factors of ADS have different units, so 

rating score of each factor was normalized into a 

shared standard using a standardized rank value [35]. 

After that, the weight of each factor on ADS was 

calculated using the AHP method, based on pairwise 

comparisons with a standard scale of 1 to 9 [36]. 

Value 9 indicates that the factor is extremely 

important than others, while value 1 indicates equal 

importance. The AHP was executed by generating a 

pairwise comparison matrix and calculating its 

principal eigenvector to obtain the best-fit set of 

weights using the Weight and MCE modules [37] 

within IDRISI software. Finally, the normalized 

rating score and weight of each factor (Table 2) were 

applied to calculate the ADS index for 3 periods 

using Equation 2 [38]:  

 

1

n

i j ijj
A w a

=
=  

Equation 2 

 

Where, Ai is total importance of the alternative when 

all the criteria are considered simultaneously, wj 

denotes the relative weight of importance of the 

criterion Cj, and aij is the performance value of the 

alternative Ai when it is evaluated in terms of the 

criterion Cj. Finally, the ADS index was reclassified 

into five severity levels (very low, low, moderate, 

high, and very high) for ADS classification using the 

NB method. The spatial distribution of all factors for 

ADS classification is displayed in Figure 5. 

 

2.3.3 Adaptive capacity (Groundwater uses in 

agriculture) 

Groundwater suitability classification for agricultural 

uses, which represents adaptive capacity, was 

analyzed using the WLC method [38] based on 

suitability factors for groundwater use in agriculture, 

including potential groundwater yield, land use (as of 

2023) from LDD, and landform (Table 3 and Figure 

6). Finally, the groundwater suitability index was 

reclassified into five suitable levels (Not suitable, 

Low suitability, Moderate suitability, Highly 

suitable, and Very highly suitable) using the NB 

method. 
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Figure 5: Spatial distribution of the factors for agricultural drought sensitivity assessment: 

(a) agricultural drought frequency, (b) agricultural drought intensity, (c) average SPEI in 3m7,  

(d) average SPEI in 3m10, (e) average SPEI in 6m10, (f) average SPI in 3m7, (g) average SPI in 3m10,  

(h) average SPI in 6m10, (i) land use, (j) agricultural irrigation area, (k) distance to waterbody,  

(l) drainage density, (m) soil drainage, (n) landform, (o) elevation, (p) average rice harvested area,  

(q) number of farmer household, (r) population density 

 

 

Very low 

Low 

Moderate 

High 

Very high 

Drought sensitivity levels 



 

International Journal of Geoinformatics, Vol. 21, No. 8, August, 2025 

ISSN: 1686-6576 (Printed)  |  ISSN  2673-0014 (Online) | © Geoinformatics International  

40 

Table 2: Normalized rating and weight for agricultural drought sensitivity assessment 
 

Factor 
Normalized rating score 

Weight 
Very low Low Moderate High Very high 

Agricultural frequency drought 1.0 1.5 2.0 2.5 3.0 0.175 

Agricultural intensity drought 1.0 1.5 2.0 2.5 3.0 0.175 

Average SPEI in 3m7, 3m10 and 6m10 1.0 1.5 2.0 2.5 3.0 0.156 

Average SPI in 3m7, 3m10 and 6m10 1.0 1.5 2.0 2.5 3.0 0.151 

Land use 1.0 1.5 2.0 2.5 3.0 0.082 

Agricultural irrigation area 1.0 Not apply Not apply Not apply 3.0 0.057 

Distance to waterbody 1.0 1.5 2.0 2.5 3.0 0.053 

Drainage density 1.0 1.5 2.0 2.5 3.0 0.039 

Soil drainage 1.0 1.5 2.0 2.5 3.0 0.039 

Landform 1.0 1.5 2.0 2.5 3.0 0.024 

Elevation 1.0 1.5 2.0 2.5 3.0 0.019 

Average rice harvested area 1.0 1.5 2.0 2.5 3.0 0.012 

Number of farmer households 1.0 1.5 2.0 2.5 3.0 0.011 

Population density 1.0 1.5 2.0 2.5 3.0 0.009 
 

Table 3: Rating and weight of suitability factors for groundwater use in agriculture 
 

Suitability Groundwater yield Land use types Landform Rate 

Not suitable Waterbody Other land uses Waterbody 0 

Low suitability Yield < 2 cubic m/hr. Cassava Denudational hills and a dissected erosion surface 1 
Moderate suitability Yield 2-10 cubic m/hr. Sugarcane High Terrace 2 

Highly suitable Yield 10-20 cubic m/hr. Corn Low and middle terraces 3 

Very highly suitable Yield > 20 cubic m/hr. Paddy field Flood Plain 4 

Weight 3 2 1  

Note: The waterbody category includes groundwater yield and landform, as surface waters are not considered suitable for groundwater 

use in agriculture 
 

   

 

(a) (b) (c)  

 

Figure 6: Spatial distribution of the factors for groundwater suitability classification:  

(a) potential groundwater yield, (b) land use types, (c) landform 

 

2.3.4 Assessing the potential impact of agricultural 

drought vulnerability on economic crops without 

and with groundwater use in agriculture 

The ADE and ADS were first combined to assess the 

potential impacts of agricultural drought using an 

additive operation without adaptive capacity 

(groundwater use in agriculture) and then reclassified 

into five severity levels (very low, low, moderate, 

high, and very high) using the NB method. Then, the 

derived data were used to examine spatial and 

temporal patterns at the district and subdistrict levels 

through zonal analysis with a majority operation, and 

to assess the impacts on economic crops based on 

LDD land use data in 2023 using overlay analysis. In 

addition, the derived potential impact of agricultural 

drought data was combined with adaptive capacity 

(groundwater use in agriculture) using a subtraction 

operation to calculate the agricultural drought 

vulnerability (ADV) index. The ADV index was then 

reclassified into five severity levels using the NB 

method for ADV classification. Later, the spatial and 

temporal patterns of ADV at district and sub-district 

levels were assessed using zonal analysis with 

majority operation. Their impacts on economic crops 

were assessed using overlay analysis based on the 

2023 LDD land use data. 
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Furthermore, the changes in severity levels of 

agricultural drought vulnerability, both without and 

with groundwater use, across three periods were 

assessed using post-classification comparison change 

detection [39]. Meanwhile, the impacts of 

agricultural drought vulnerability on economic crops, 

both without and with groundwater use in agriculture, 

were compared to describe the response of adaptive 

capacity to agricultural drought vulnerability and 

drought impact. 

 

3. Results and Discussion 

3.1 Classification of Agricultural Drought Exposure 

The results of the agricultural drought exposure 

(ADE) over three periods are displayed in Figure 7 

and Table 4. As a result, the spatial patterns of ADE 

classification in the three periods (Figure 7) display a 

completely different pattern in the study area due to 

variations in the rainfall data from 1975 to 2022, 

collected from 37 stations for SPI calculation. These 

findings are consistent with the previous studies of 

many researchers [15][24][28][40][41][42][43][44] 

[45][46][47][48][49] and [50]. The correlation 

coefficient (R) values among ADE severity across 

the 3 periods show weak negative and positive linear 

relationships, with values ranging from -0.140 to 

0.031 [51]. See Table A1 in Appendix A. These 

results indicate the dissimilarity of ADE patterns 

among the 3 periods. Additionally, suppose the 

severity at moderate, high and very high levels of the 

ADE in each period is combined. In that case, the 

ADE in 6m10 (May to October), which covers the 

planting, growing, and harvesting periods of crops, 

exhibits the highest severity and spans an area of 

14,257.41 sq km, or 68.78%. See details in Table 4. 

This finding suggests that drought exposure affects 

crops at all stages of growth. 

 

3.2 Classification of Agricultural Drought Sensitivity 

The results of the agricultural drought sensitivity 

(ADS) in three 3 periods are displayed in Figure 8 

and Table 5. As a result, the spatial patterns of ADS 

classification in 3 periods (Figure 8) show a slightly 

different pattern according to the normalized rating 

and weighting scores of each factor for calculating 

the ADS index using the WLC method [36][37][38] 

[52][53] and [54]. The R values for ADS severity 

across the 3 periods display a strongly positive linear 

relationship, with values ranging from 0.779 to 0.879 

[51]. See Table A2 in Appendix A. These results 

imply a similarity in ADS patterns among the three 

periods. Additionally, suppose the severity at 

moderate, high, and very high levels of the ADS in 

each period is combined; the ADS in 3m7, 3m10, and 

6m10 covers an area of 11,620.68 sq km, 12,259.13 

sq km, and 11,612.39 sq km, or 56.06%, 59.14%, and 

56.02%, respectively. See details in Table 5. These 

findings suggest that drought is sensitive to crops in 

all growing stages. 

 

   
(a) (b) (c) 

 

Figure 7: Spatial distribution of agricultural drought exposure in 3 periods:  

(a) 3m7, (b) 3m10, (c) 6m10 
 

Table 4: Area and percentage of agricultural drought exposure classification in 3 periods 
 

Severity level 

Classification of agricultural drought exposure 

3m7 (May-June) 3m10 (July-October) 6m10 (May-October) 

Sq.km Percent Sq.km Percent Sq.km Percent 

Very low 1,971.33 9.51 1,616.86 7.80 1,276.91 6.16 

Low 5,605.12 27.04 7,798.25 37.62 5,194.69 25.06 

Moderate 5,155.30 24.87 6,882.03 33.2 5,926.42 28.59 

High 5,115.92 24.68 3,809.99 18.38 5,860.09 28.27 

Very high 2,881.33 13.90 621.87 3.00 2,470.90 11.92 

Total 20,729.00 100 20,729.00 100 20,729.00 100 
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(a) (b) (c) 

 

Figure 8: Spatial distribution of agricultural drought sensitivity in 3 periods: (a) 3m7, (b) 3m10, (c) 6m10 

 

Table 5: Area and percentage of agricultural drought sensitivity classification in 3 periods 
 

Severity level 

Classification of agricultural drought sensitivity 

3m7 (May-June) 3m10 (July-October) 6m10 (May-October) 

Sq.km Percent Sq.km Percent Sq.km Percent 

Very low 4,168.60 20.11 2,736.23 13.2 3,855.59 18.6 

Low 4,939.72 23.83 5,733.64 27.66 5,261.02 25.38 

Moderate 4,782.18 23.07 4,939.72 23.83 4,943.87 23.85 

High 4,315.78 20.82 4,415.28 21.3 4,373.82 21.1 

Very high 2,522.72 12.17 2,904.13 14.01 2,294.70 11.07 

Total 20,729.00 100.00 20,729.00 100 20,729.00 100 

 

  
(a) (b) 

 

Figure 9: Spatial distribution of groundwater suitability  

(a) suitability index (b) classified groundwater index 

 

3.3 Classification of Groundwater Suitability for 

Agriculture Uses 

The groundwater suitability for agriculture uses, 

which represents an adaptive capacity for mitigating 

agricultural drought, is displayed in Figure 9 and 

Table 6. As a result, the most dominant suitable class 

is not suitable according to the rating and weighting 

scores of each factor for calculating the groundwater 

suitable index using the WLC method [38] and [54]. 

Additionally, if the moderate, highly suitable, and 

very highly suitable classes for groundwater use in 

agriculture are considered, these  suitable classes are  

 

situated in floodplain and terrace landforms over 

paddy areas, accounting for 9,304.49 sq km, or 

44.88%. Based on the groundwater well data from 

2023, provided by the Department of Groundwater 

Resources, the number of groundwater wells 

distributed in the moderate, highly, and very highly 

suitable classes at district and sub-district boundaries 

is 1,324 wells (51.32%) and 1,261 wells (48.87%), 

respectively. See details in Table 7. Thus, the 

classification of groundwater for agricultural use is 

acceptable. 
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Table 6: Area and percentage of groundwater suitability for agriculture uses 
 

Suitability class 
Classification of groundwater suitability for agriculture uses 

Sq.km Percent 

Not suitable 5,858.84 28.26 

Low suitability 5,565.67 26.85 

Moderate suitability 3,962.31 19.11 

Highly suitable 5,047.32 24.35 

Very highly suitable 294.86 1.42 

Total 20,729.00 100 
 

Table 7: Number of existing groundwater wells in 2023 at groundwater suitable classes for agriculture 

use at the district and sub-district levels 
 

Suitability class 
District boundary Sub-district boundary 

Number of wells Percent Number of wells Percent 

Not suitable 764 29.61 604 23.41 

Low suitability 492 19.07 715 27.71 

Moderate suitability 493 19.11 546 21.16 

Highly suitable 831 32.21 691 26.78 

Very highly suitable 0 0.00 24 0.93 

Total 2,580 100.00 2,580 100.00 
 

Table 8: Area and percentage of potential impacts of agricultural drought classification in 3 periods 
 

Severity level 

Classification of potential impacts of agricultural drought 

3m7 (May-June) 3m10 (July-October) 6m10 (May-October) 

Sq.km Percent Sq.km Percent Sq.km Percent 

Very low 3,592.34 17.33 5,186.40 25.02 4,952.16 23.89 

Low 4,572.82 22.06 4,614.28 22.26 5,178.10 24.98 

Moderate 5,020.56 24.22 4,831.93 23.31 4,651.59 22.44 

High 4,203.84 20.28 3,768.53 18.18 2,918.64 14.08 

Very high 3,339.44 16.11 2,327.87 11.23 3,028.51 14.61 

Total 20,729.00 100.00 20,729.00 100.00 20,729.00 100.00 
 

Table 9: Number of districts and sub-districts at different severity levels of potential impacts of agricultural 

drought classification in 3 periods 
 

Severity level 

Classification of potential impacts of agricultural drought 

3m7 (May-June) 3m10 (July-October) 6m10 (May-October) 

District Sub-district District Sub-district District Sub-district 

Very low 6 65 10 90 8 68 

Low 6 44 1 32 6 74 

Moderate 8 63 7 63 12 64 

High 5 56 11 58 1 21 

Very high 7 60 3 45 5 61 

Total 32 288 32 288 32 288 

 

   
(a) (b) (c) 

 

Figure 10: Spatial distribution of the potential impact of agricultural drought vulnerability classification in 

three periods: (a) 3m7, (b) 3m10, (c) 6m10 
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3.4 Classification of Potential Impacts of 

Agricultural Drought Vulnerability 

The spatial and temporal patterns of the potential 

impacts of agricultural drought vulnerability in 3 

periods are displayed in Figure 10 and reported in 

Table 8 and Table 9. As a result, the spatial patterns 

of potential impacts of agricultural drought 

vulnerability (excluding groundwater use in 

agriculture) differ across regions in three periods.  

These results indicate the influence of ADE and 

ADS in each period. The R values among the 

potential impacts of agricultural drought 

vulnerability severity across the three periods show a 

moderately positive linear relationship, with values 

ranging from 0.431 to 0.519 [51]. See Table A3 in 

Appendix A.  

In addition, if the moderate, high and very high 

severity levels of the potential impacts of agricultural 

drought vulnerability classification in each period are 

considered, the highest potential impacts of 

agricultural drought vulnerability occurred in 3m7 

(May to July), accounting for 12,563.84 sq km or 

60.61%. In contrast, the lowest potential impacts of 

agricultural drought vulnerability classification 

occurred from May to October (6m10), accounting 

for 10,598.74 sq km, or 51.13%. See details in Table 

8. This finding suggests that the planting and growing 

periods of crops are sensitive to drought. 

Moreover, if the majority of severity classes, 

including moderate, high, and very high, of the 

potential impact of agricultural drought vulnerability 

at district and sub-district levels are considered, the 

potential impact of agricultural drought vulnerability 

at the district level occurred at its highest in 3m10 

(August to October), accounting for 21 districts. The 

potential impact of agricultural drought vulnerability  

 

at the sub-district level was highest from May to July 

(3m7), affecting 179 sub-districts. See details in 

Table 9. These districts and sub-districts should focus 

on monitoring and preventing agricultural drought in 

the future through the efforts of relevant government 

agencies. 

 

3.5 Potential Impacts of Agricultural Drought 

Vulnerability on Economic Crops 

The potential impact of ADV affecting economic 

crops in different periods is summarized in Table 10. 

As a result, when considering the moderate, high, and 

very high severity levels of the potential impact of 

ADV in each period, the highest potential impact of 

ADV occurred from May to July (3m7). It affected 

rice, cassava, sugarcane, and corn in 2023, covering 

a total area of 4,763.79 sq.km, 2,087.00 sq.km, 

1,170.44 sq.km, and 578.61 sq.km, respectively. See 

details in Table 10. This finding confirms that 

planting and growing periods are sensitive to 

drought, as previously mentioned. 

 

3.6 Classification of Agricultural Drought 

Vulnerability 

The spatial patterns of the agricultural drought 

vulnerability (ADV) in 3 periods are displayed in 

Figure 11 and reported in Table 11 and Table 12. As 

a result, the spatial patterns of agricultural drought 

vulnerability differ among regions in three periods. 

These results indicate the influence of suitability 

classification for groundwater use in agriculture in 

each period. The R values among ADV severity 

levels across the three periods display a strongly 

positive linear relationship, with values ranging from 

0.457 to 0.559 [51]. See Table A4 in Appendix A.

 

  

   
(a) (b) (c) 

 

Figure 11: Spatial distribution of agricultural drought vulnerability classification in 3 periods: 

(a) 3m7, (b) 3m10, (c) 6m10  
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Table 10: Potential impact of agricultural drought vulnerability on economic crops in 3 periods 
 

Crops Severity level 

Potential impact of agricultural drought vulnerability in 

3m7 3m10 6m10 

Sq.km Percent Sq.km Percent Sq.km Percent 

Rice 

Very low 583.54 9.58 569.08 9.34 691.21 11.34 

Low 745.40 12.23 932.52 15.31 1,152.57 18.92 

Moderate 1,194.78 19.61 1,420.72 23.32 1,619.02 26.57 

High 1,579.36 25.92 1,779.59 29.20 1,108.81 18.20 

Very high 1,989.65 32.66 1,390.81 22.83 1,521.11 24.97 

Total 6,092.73 100.00 6,092.73 100.00 6,092.73 100.00 

Cassava 

Very low 974.80 25.30 874.81 22.70 925.77 24.02 

Low 791.85 20.55 966.85 25.09 1,092.24 28.34 

Moderate 977.72 25.36 1,016.18 26.37 820.64 21.30 

High 767.87 19.93 654.24 16.98 524.97 13.62 

Very high 341.41 8.86 341.57 8.86 490.03 12.72 

Total 3,853.65 100.00 3,853.65 100.00 3,853.65 100.00 

Sugarcane 

Very low 417.95 20.40 649.17 31.68 485.98 23.72 

Low 460.36 22.47 566.27 27.64 576.43 28.13 

Moderate 591.89 28.89 478.79 23.37 504.33 24.62 

High 402.96 19.67 252.34 12.32 285.52 13.94 

Very high 175.59 8.57 102.19 4.99 196.49 9.59 

Total 2,048.75 100.00 2,048.75 100.00 2,048.75 100.00 

Corn 

Very low 48.41 6.18 144.85 18.50 170.14 21.72 

Low 156.08 19.93 175.01 22.35 167.56 21.40 

Moderate 241.13 30.79 220.16 28.11 167.79 21.43 

High 228.26 29.15 156.26 19.95 125.68 16.05 

Very high 109.22 13.95 86.82 11.09 151.94 19.40 

Total 783.10 100.00 783.10 100.00 783.10 100.00 
 

Table 11: Area and percentage of agricultural drought vulnerability classification in 3 periods 
 

Severity level 

Classification of agricultural drought vulnerability 

3m7 (May-June) 3m10 (July-October) 6m10 (May-October) 

Sq.km Percent Sq.km Percent Sq.km Percent 

Very low 1,032.82 4.98 3,259.99 15.73 3,090.49 14.91 

Low 4,375.10 21.11 3,802.52 18.34 8,752.20 42.22 

Moderate 4,203.54 20.28 4,890.66 23.59 4,201.52 20.27 

High 8,841.86 42.65 6,939.48 33.48 3,842.46 18.54 

Very high 2,275.68 10.98 1,836.35 8.86 842.32 4.06 

Total 20,729.00 100.00 20,729.00 100.00 20,729.00 100.00 
 

Table 12: Number of districts and sub-districts at different severity levels of agricultural drought 

vulnerability in 3 periods 
 

Severity level 

Classification of agricultural drought vulnerability 

3m7 (May-June) 3m10 (July-Oct) 6m10 (May-Oct) 

District Sub-district District Sub-district District Sub-district 

Very low 1 11 8 72 2 27 

Low 11 96 1 32 26 191 

Moderate 0 34 7 57 0 17 

High 20 140 15 116 3 50 

Very high 0 7 1 11 1 3 

Total 32 288 32 288 32 288 

 

In addition, if the moderate, high and very high 

severity levels of ADV in each period are considered, 

the highest impacts of ADV occurred in 3m7 (May to 

July), accounting for 15,321.08 sq km or 73.91%.  

In contrast, the lowest impacts of ADV occurred 

from May to October (6m10), accounting for 

8,886.30 sq km, or 42.87%. See details in Table 11.  
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This finding suggests that the planting and growing 

periods of crops are sensitive to drought. 

Furthermore, if the majority of severity classes, 

including moderate, high, and very high, of ADV at 

district and sub-district levels are considered, the 

severity of ADV at these levels occurred at its highest 

in 3m10 (August to October), accounting for 23 

districts and 184 sub-districts, respectively. See 

details in Table 12. Thus, from August to October, 

these districts and sub-districts should focus on 

monitoring and preventing agricultural drought in the 

future through relevant government agencies.  

 

3.7 Impact of Agricultural Drought Vulnerability on 

Economic Crops 

The results of the impact of agricultural drought 

vulnerability (ADV) affecting economic crops in 

different periods are summarized in Table 13. As a 

result, if the moderate, high and very high severity 

levels of ADV in each period are considered, the 

ADV in 3m7 (May to July) affected rice, cassava, 

sugarcane and corn with a total area of 2,400.04 

sq.km, 2,423.62 sq.km, 798.81 sq.km, and 325.25 

sq.km, respectively. See details in Table 13. This 

finding confirms that the planting and growing 

periods of crops are sensitive to drought, as 

mentioned in Section 3.5. 
 

Table 13: Impact of agricultural drought vulnerability on economic crops in 3 periods 
 

Crops Severity level 

Agricultural drought vulnerability in  

3m7 (May to July) 
3m10 (August to 

October) 
3m10 (May to October) 

Sq.km Percent Sq.km Percent Sq.km Percent 

Rice 

Very low 1,151.38 18.9 1,302.82 21.38 1,569.47 25.76 

Low 2,541.23 41.71 2,979.14 48.9 2,785.12 45.71 

Moderate 1,407.83 23.11 1,158.83 19.02 973.64 15.98 

High 979.04 16.07 415.18 6.81 756.22 12.41 

Very high 13.17 0.22 236.67 3.88 8.19 0.13 

Total 6,092.73 100 6,092.73 100 6,092.73 100 

Cassava 

Very low 396.45 10.29 243.44 6.32 171.23 4.44 

Low 1,033.47 26.82 1,243.67 32.27 1,411.77 36.64 

Moderate 859.63 22.31 853.04 22.14 902.73 23.43 

High 1,374.34 35.66 781.4 20.28 979.63 25.42 

Very high 189.65 4.92 731.98 19 388.17 10.07 

Total 3,853.65 100 3,853.65 100 3,853.65 100 

Sugarcane 

Very low 360.43 17.59 484.8 23.66 394.54 19.26 

Low 889.51 43.42 1,033.82 50.46 985.28 48.09 

Moderate 454.14 22.17 319.92 15.62 348.7 17.02 

High 334.29 16.32 145.77 7.12 270.61 13.21 

Very high 10.38 0.51 64.44 3.15 49.61 2.42 

Total 2,048.75 100 2,048.75 100 2,048.75 100 

Corn 

Very low 57.05 7.28 154.52 19.73 182.29 23.28 

Low 400.8 51.18 396.74 50.66 326.98 41.75 

Moderate 218.92 27.96 146.76 18.74 122.89 15.69 

High 103.88 13.27 66.87 8.54 130.2 16.63 

Very high 2.45 0.31 18.22 2.33 20.74 2.65 

Total 783.1 100 783.1 100 783.1 100 
 

   
(a) (b) (c) 

 

Figure 12: Spatial distribution of severity changes of agricultural drought vulnerability without and with 

groundwater use in three periods: (a) 3m7, (b) 3m10, (c) 6m10
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3.8 Severity Change of Agricultural Drought 

Vulnerability by Adaptive Capacity 

Spatial severity changes of agricultural drought 

vulnerability (ADV) without and with groundwater 

use in 3 periods for describing “from-to-change” 

information [39] are displayed in Figure 12 and 

reported in Tables 14-16. As a result, in Figure 12, 

the spatial pattern of severity changes in 3 periods, 

which include (1) decreasing severity levels as gain, 

(2) unchanged severity level, and (3) increasing 

severity levels as loss, which slightly differ from one 

region to another region. These results indicate the 

influence of groundwater use in agriculture. The R 

values for the severity changes of ADV, both with 

and without groundwater use, across three periods 

show a strongly positive linear relationship, with 

values ranging from 0.742 to 0.789 [51]. See Table 

A5 in Appendix A. In addition, based on severity 

level change detection between ADV classification 

without and with groundwater use in Tables 14-16, 

areas of decreasing severity levels after applying 

groundwater use in agriculture in 3m7, 3m10, and 

6m10 cover an area of 4,408.50 sq.km, 4,776.09 

sq.km, and 7,149.33 sq.km, or 21.28%, 23.05%, and 

34.51%, respectively. Conversely, areas of 

increasing severity levels after applying groundwater 

use in agriculture in 3m7, 3m10, and 6m10 cover an 

area of 9,651.24 sq.km, 9,139.34 sq.km, and 5,790.55 

sq.km, or 46.58%, 44.11%, and 27.95%, 

respectively. In the meantime, areas of unchanged 

severity levels after applying groundwater use in 

agriculture in 3m7, 3m10, and 6m10 covered an area 

of 6,659.27 sq.km, 6,803.56 sq.km, and 7,779.12 

sq.km, or 32.14%, 32.84%, and 37.55%, 

respectively. These results indicate the responses of 

adaptive capacity to agricultural drought 

vulnerability in three periods, characterized by trade-

offs among different severity levels. 

 

3.9 Change of Agricultural Drought Vulnerability 

Impact on Crops by Adaptive Capacity 

The change in agricultural drought vulnerability 

impact on economic crops, both without and with 

groundwater use in agriculture, which represents 

adaptive capacity, is compared in Table 17.

  

Table 14: Detection of severity level change between agricultural drought vulnerability  

Without and with groundwater use in 3m7 
 

ADV without 

groundwater use 

Agricultural drought vulnerability (ADV) with groundwater use (Sq.km) 

Very low Low Moderate High Very high Total 

Very low 977.24 1,848.36 765.82 0.00 0.00 3,591.42 

Low 55.08 1,372.48 1,234.18 1,906.55 0.00 4,568.29 

Moderate 0.00 1,079.19 973.04 2,966.24 0.00 5,018.47 

High 0.00 72.96 1,207.42 1,992.01 930.08 4,202.47 

Very high 0.00 0.00 21.05 1,972.79 1,344.51 3,338.35 

Total 1,032.32 4,372.99 4,201.51 8,837.59 2,274.59 20,719.00 
 

Table 15: Detection of severity level change between agricultural drought vulnerability  

without and with groundwater use in 3m10 
 

ADV without  

groundwater use 

Agricultural drought vulnerability (ADV) with groundwater use (Sq.km) 

Very low Low Moderate High Very high Total 

Very low 2,319.92 1,679.14 1,185.52 0.00 0.00 5,184.58 

Low 858.91 918.70 1,356.04 1,475.92 0.00 4,609.58 

Moderate 79.58 1,124.92 965.06 2,660.19 0.00 4,829.75 

High 0.00 77.93 1,360.09 1,546.95 782.53 3,767.50 

Very high 0.00 0.00 21.60 1,253.07 1,052.93 2,327.60 

Total 3,258.41 3,800.69 4,888.31 6,936.13 1,835.46 20,719.00 
 

Table 16: Detection of severity level change between agricultural drought vulnerability  

Without and with groundwater use in 6m10 
 

ADV without  

groundwater use 

Agricultural drought vulnerability with groundwater use (Sq.km) 

Very low Low Moderate High Very high Total 

Very low 1,963.25 2,987.53 0.00 0.00 0.00 4,950.78 

Low 1,050.40 2,448.51 1,677.30 0.00 0.00 5,176.21 

Moderate 75.35 2,287.04 1,159.05 1,125.72 0.00 4,647.16 

High 0.00 986.46 564.81 1,366.40 0.00 2,917.67 

Very high 0.00 38.45 798.34 1,348.49 841.91 3,027.19 

Total 3,089.00 8,747.98 4,199.50 3,840.61 841.91 20,719.00 
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Table 17: Changed area of agricultural drought vulnerability impact on economic crops  

without and with groundwater use in agriculture 
 

Crops Severity level 

Changed area of agricultural drought vulnerability impact on crops 

without and with groundwater use in agriculture (Sq.km) 

3m7 3m10 6m10 

Without  With Without  With Without  With 

Rice 

Very low 583.54 1,151.38 569.08 1,302.82 691.21 1,569.47 

Low 745.4 2,541.23 932.52 2,979.14 1,152.57 2,785.12 

Moderate 1,194.78 1,407.83 1,420.72 1,158.83 1,619.02 973.64 

High 1,579.36 979.04 1,779.59 415.18 1,108.81 756.22 

Very high 1,989.65 13.17 1,390.81 236.67 1,521.11 8.19 

Total 6,092.73 6,092.73 6,092.73 6,092.73 6,092.73 6,092.73 

Cassava 

Very low 974.8 396.45 874.81 243.44 925.77 171.23 

Low 791.85 1,033.47 966.85 1,243.67 1,092.24 1,411.77 

Moderate 977.72 859.63 1,016.18 853.04 820.64 902.73 

High 767.87 1,374.34 654.24 781.4 524.97 979.63 

Very high 341.41 189.65 341.57 731.98 490.03 388.17 

Total 3,853.65 3,853.65 3,853.65 3,853.65 3,853.65 3,853.65 

Sugarcane 

Very low 417.95 360.43 649.17 484.8 485.98 394.54 

Low 460.36 889.51 566.27 1,033.82 576.43 985.28 

Moderate 591.89 454.14 478.79 319.92 504.33 348.7 

High 402.96 334.29 252.34 145.77 285.52 270.61 

Very high 175.59 10.38 102.19 64.44 196.49 49.61 

Total 2,048.75 2,048.75 2,048.75 2,048.75 2,048.75 2,048.75 

Corn 

Very low 48.41 57.05 144.85 154.52 170.14 182.29 

Low 156.08 400.8 175.01 396.74 167.56 326.98 

Moderate 241.13 218.92 220.16 146.76 167.79 122.89 

High 228.26 103.88 156.26 66.87 125.68 130.2 

Very high 109.22 2.45 86.82 18.22 151.94 20.74 

Total 783.1 783.1 783.1 783.1 783.1 783.1 

 

As a result, in Table 17, the affected areas, combining 

moderate, high, and very high severity levels for rice, 

sugarcane, and corn, decreased in three periods. In 

the 3m7, covering the planting and growing periods 

of rice, sugarcane, and corn, the affected areas 

decreased to 2,363.75 sq.km, 371.63 sq.km, and 

253.36 sq.km, respectively. In the 3m10 period, 

covering the growing and harvesting periods of rice, 

sugarcane, and corn, the affected areas decreased to 

2,780.44 sq.km, 303.19 sq.km, and 231.39 sq.km, 

respectively. In 6m10, covering the planting, 

growing, and harvesting periods of rice, sugarcane, 

and corn, the affected areas decreased to 2,510.89 

sq.km, 317.42 sq.km, and 231.39 sq.km, 

respectively. These findings indicate the adaptive 

capacity responses to the impact of drought on rice, 

sugarcane, and corn, as an expected result. In 

contrast, the affected areas, combining moderate, 

high, and very high severity levels for cassava, 

increased in three periods. The affected areas in 3m7, 

3m10, and 6m10 are 336.62 sq.km, 354.43 sq.km, 

and 434.89 sq.km, respectively. These findings 

indicate that the responses of adaptive capacity to 

drought impacts on cassava are an unexpected result. 

In practice, cassava requires less water than other 

crops during the planting and growing periods. The 

favorable climate, characterized by hot and dry 

conditions, is well-suited for cassava production 

[55]. 
 

4. Conclusions 

The response of adaptive capacity to agricultural 

drought vulnerability and its impact was examined 

within the framework of climate change adaptation, 

which comprises agricultural drought exposure, 

sensitivity, and adaptive capacity. Groundwater 

suitability classification for agriculture use was used 

to represent the adaptive capacity for mitigating the 

impact of agricultural drought. The groundwater 

suitability classification indicated that the most 

dominant suitable class is not suitable according to 

the rating and weighting scores of each factor used to 

calculate the suitable groundwater index via the 

weighted linear combination method. However, the 

number of groundwater wells distributed in the 

moderate, highly, and very highly suitable classes at 

district and sub-district boundaries is 1,324 wells 

(51.32%) and 1,261 wells (48.87%), respectively. In 

addition, the spatial and temporal severity changes, 

combining moderate, high, and very high levels of 

agricultural drought vulnerability, without and with 

groundwater use, indicated that the decreasing 

severity areas in 3m7, 3m10, and 6m10 covered an 

area of approximately 21.28%, 23.05%, and 34.51%, 

respectively.  
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Conversely, the increasing severity areas in 3m7, 

3m10, and 6m10 covered an area of about 46.58%, 

44.11%, and 27.95%, respectively. In the meantime, 

areas of unchanged severity levels in 3m7, 3m10, and 

6m10 covered an area of 32.14%, 32.84%, and 

37.55%, respectively. In addition, the change in 

agricultural drought vulnerability impact on 

economic crops after applying groundwater use in 

agriculture over three periods resulted in a decrease 

in the affected areas for rice, sugarcane, and corn, 

which combined moderate, high, and very high 

severity levels in the three periods. Conversely, the 

affected areas, combining moderate, high, and very 

high severity levels for cassava, increased in three 

periods. Nevertheless, these results indicate the 

responses of adaptive capacity on agricultural 

drought vulnerability and its impact on crops. 

Therefore, the Thai government should conduct a 

further feasibility study on groundwater use in 

agriculture to mitigate the impact of drought on 

economic crops. 
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Appendix A 
 

Table A1: Correlation matrix of agricultural drought exposure (ADE) severity levels in 3 periods 
 

ADE ADE-3m7 ADE-3m10 ADE-6m10 

ADE-3m7 1.000   

ADE-3m10 -0.140 1.000  

ADE-6m10 0.031 -0.001 1.000 
 

Table A2: Correlation matrix of agricultural drought sensitivity (ADS) severity levels in 3 periods 
 

ADS ADS-3m7 ADS-3m10 ADS-6m10 

ADS-3m7 1.000   

ADS-3m10 0.779 1.000  
ADS-6m10 0.879 0.831 1.000 

 

Table A3: Correlation matrix of potential impacts of agricultural drought vulnerability (PI-ADS) severity 

levels in 3 periods 
 

PI-ADS PI-ADS-3m7 PI-ADS-3m10 PI-ADS-6m10 

PI-ADS-3m7 1.000   

PI-ADS-3m10 0.431 1.000  
PI-ADS-6m10 0.478 0.519 1.000 

 

Table A4: Correlation matrix of agricultural drought vulnerability (ADV) severity levels in 3 periods 
 

ADV ADV-3m7 ADV-3m10 ADV-6m10 

ADV-3m7 1.000   

ADV-3m10 0.457 1.000  

ADV-6m10 0.503 0.559 1.000 
 

Table A5: Correlation matrix of severity changes of agricultural drought vulnerability without and with 

groundwater use in 3 periods 
 

ADV 
ADV with groundwater 

use in 3m7 

ADV with groundwater 

use in 3m10 

ADV with groundwater 

use in 6m10 

ADV without 

groundwater use in 3m7 

1.000   

ADV without 

groundwater use in 3m10 

0.789 1.000  

ADV without 

groundwater use in 6m10 

0.743 0.742 1.000 

 


