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Abstract 

Drought is a lengthened dry period in natural climate pattern which is one of the top global concerns. 
Drought in Thailand has been a long occurring issue affecting serious impact on health, economy, energy, 

and especially agricultural sector. Less precipitation caused long term water levels by lowering river 

volume and underground water. Therefore, the drought problem in Thailand is becoming more frequent 
and more severe. Kamphaeng Phet province located at the upper central part of Thailand demonstrated 

as the most drought-prone area. The objective of this study was to develop an approach for drought 
monitoring in provincial scale. MOD13Q1 dataset retrieved from MODIS satellite passing in different 

periods of Kamphaeng Phet was employed to develop the approach. Normalized Vegetation Index (NDVI) 

was extracted from the MOD13Q1 dataset so as to detect the vegetation condition of the study area. 
Afterwards NDVI was essentially standardized into Standardized Vegetation Index (SVI) in order to 

examine the area where NDVI was different from average value (Deviation). The probability of SVI 
acquired from NDVI standard scores reflected vegetation states explaining density and drought of 

vegetation in each period of time and season. Time series analysis of drought was implemented using SVI 

variances in different seasons. Additionally, precipitation variable was also included to find statistical 
consistency between SVI and precipitation.  The lowest average of SVI was referred as drought, and nearly 

0 value described severe drought. It was found that the most severe drought of Kamphaeng Phet occurred 

in 2020. In 2021, 2019, and 2018 drought showed at severe, moderate, and low level, respectively. Using 
both NDVI and SVI approach can be applied for drought monitoring and mitigation. Preparedness 

measures and public awareness of drought mitigation in this area can be enhanced. 
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1. Introduction 

A drought was natural water deficiency from delayed 

rain and unseasonable rainfall [1]. Drought is one of 

the natural disorders that can bring hazards to million 

numbers of people every year, mostly affected the 

agrarian community, similarly decrease the food 

production substantially which leads to the great 

effects on the country economy as well as the food 

supply chain system [2]. Drought is really a complex 

phenomenon whose severity and extent not only 

depends on the spatial and temporal distribution of 

rainfall but also on other hydro-meteorological and 

agricultural factors [3] and [4].  

The study area focused to be investigated drought is 

one of the drought prone areas. Drought disrupts the 

whole system in plantation and agricultural practices. 

Due to the lack of water, the plants cannot grow 

properly resulting in drastic decline in crop yield. 

People in the drought prone areas even migrate to 

other places in search of works when they don’t 

acquire good turn over. This is in the long run causing 

social security problems to the country. One of the 

main natural disasters that has an impact on the 

environment and economies of nations all over the 

world is drought.  
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Monitoring dry spells using weather data alone is 

insufficient, especially because weather data might 

be delayed, sporadic, and partial and do not provide 

a complete, current picture of the drought conditions 

[5][6] and [7]. Temperature increases along with 

changed precipitation patterns cause extreme weather 

events like droughts, which have a significant impact 

on agricultural output [8]. Remote Sensing will 

provide objective and reliable information that could 

be useful for solving the environmental detection 

such as air pollution detection [9], burnt detection 

[10] and [11]. The ability to combine data from 

various sources to create new knowledge and the 

inherent visualization (mapping) functions of 

geosciences make them potentially powerful tools for 

disaster management. These factors can encourage 

innovative problem solving and wise decisions that 

have long-lasting effects on people's lives [12] and 

[13]. It has been acknowledged that current climate 

change processes play a significant role in land 

degradation [1]. In addition to altering the seasonality 

and amount of precipitation, global warming also 

affects land surface water balances by altering the 

atmospheric evaporative demand, which will 

probably rise in the ensuing decades due to rising air 

temperatures and a greater vapor pressure deficit. 

Future droughts are predicted to become more 

frequent and severe due to climate change, which 

could prolong the current land degradation and 

introduce new processes in semi-arid areas [14]. The 

National Disaster Department of Thailand reported 

that in lower northern and upper central regions of 

Thailand drought demonstrated at high level 

increasingly over past five years [15].  

Additionally, the Meteorological Department of 

Thailand was aware of extreme temperature increase 

resulting in climate change. Kamphaeng Phet 

province is one of the areas where drought ought to 

be monitored. To the best of our knowledge, no 

published papers have proposed drought monitoring 

approach of Kamphaeng Phet province, which 

spatio-temporal patterns of SVI and rainfall intensity 

was taken into account. To fill this gap, Kamphaeng 

Phet province was designated as our study area. The 

objective of this research was to standardize, the 

Normalized Difference Vegetation Index (NDVI), 

extracted from MOD13Q1/MODIS dataset to 

augment drought-monitoring approach. The NDVI 

based on 16-day calculation was transformed into 

Standardized Vegetation Index (SVI) describing the 

probability of vegetation condition deviation. Multi-

temporal and spatial drought analysis of Kamphaeng 

Phet province was performed from 2018 to 2021. The 

correlation of SVI and precipitation variable was 

implemented to discover statistical consistency 

between SVI and precipitation. Using NDVI, SVI 

and precipitation dataset could be made use of 

drought monitoring approach explained in this study. 

 

2. Materials and Methods 

2.1 Study Area: Kamphaeng Phet Province, Thailand 

The province of Kamphaeng Phet, in upper central 

Thailand, served as the study area (See Figure 1), 

where regional food supplies were located, and 

drought had been the most profound effect on the way 

of living and regional economy [16]. Kamphaeng 

Phet province comprises 11 districts. The province is 

8,607 square kilometers in size and is situated 

between 18°00' N and 16°40' N and 99°520' E and 

101°00' E. Main river is called Ping river passing 

towards the East of Kamphaeng Phet. In the western 

part is mountainous and covered with forest land use 

type with an approximate elevation of 107 meters 

above mean sea level. Methodology of this paper is 

illustrated as seen in Figure 2. 

 

2.2 Data  

The MODIS/Terra satellite-based data was 

designated to investigate drought monitoring. In 

general, tracking and monitoring of natural resources 

and the environment are done using MODIS/Terra 

data [17] and [18]. The spatial resolution of 

MODIS/Terra was 250 – 1000 meters including 36 

spectral band recording. The MODIS/Terra made it 

possible to monitor earth within two days, hence the 

MODIS/Terra satellite-based data was appropriate 

for spatio-temporal analysis referred to as change 

detection. The MODIS dataset known as MOD13Q1 

data products was retrieved from section 1; h27v07 

(see Figure 1) under geographic coordinate system of 

UTM WGS 1984 zone 47 N. Time series of 

MOD13Q1 data from 2018 to 2021 were gathered for 

further investigation as explained followings.  

 

2.2.1 The Normalized Vegetation Index (NDVI) 

NDVI was extracted from MOD13Q1 data products. 

Equation 1 explained how NDVI was calculated 

based on the different between electromagnetic 

reflection of RED and NIR bands [19][20] and [21].  
 

 

NIR RED
NDVI

NIR RED

−
=

+
 

Equation 1 

 

The NDVI values were found to range from -1 to +1. 

The water area's NDVI displayed a negative value 

[22].  
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Figure 1: Kamphaeng Phet province, Thailand 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Methodology framework 
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The NDVI value of the land area with less vegetation 

was shown to be almost 0. On the other hand, the 

vegetation area's NDVI was shown as +1. One may 

draw the conclusion that NDVI data was a useful tool 

for assessing and projecting changes in vegetation 

that were influenced by the environment [23] and 

[24]. 

 

2.2.2 The Standardized Vegetation Index (SVI) 

The Standard Vegetation Index approach was one 

technique that might be used to monitor drought. This 

method is predicated on the likelihood of vegetation 

at certain points in time. Utilizing a z-score that 

describes the NDVI deviation, the SVI is computed. 

According to [25], the Enhanced Vegetation Index 

(EVI) and the NDVI can both be utilized to calculate 

the SVI. In this instance, the z-score computation was 

utilized to determine the NDVI deviation that 

happened in the assigned month and how it differed 

from other deviations in the same month in 

comparison to previous years. Positive z-score values 

were greater than normal z-score values, whereas 

negative values were lower than standard z-score 

values [26]. Equation 2 can be used to obtain the 

standard z-score.  
 

ijkijk

ijk

ij

NDVI NDVI
Z



−
=  

Equation 2 
 

Where: 

              Zijk  = z-value for pixel i during week j of  

                        year k 

       NDVIijk  = weekly NDVI value for pixel i during  

                        week j of year k 

       ijkNDVI = mean NDVI for pixel i during week j  

                        over n year  

             σij   = standard deviation of pixel i during  

                       week j over n years 

 

To experiment with all the points in the photos for 

every season from 2018 to 2021, the Zijk was assumed 

to be a standard normal distribution with an average 

value of 0 and a standard deviation of 1. Equation 3 

illustrates how the probability of SVI derived from 

the NDVI standard scores represented the states of 

the vegetation [1][20] and [27]. 

 

ijk ijMIN

ijMAX IJMIN

Z Z
SVI

Z Z

−
=

−
 

Equation 3 

 

Where: 

                 Zijk =  z-value for pixel i during month j of  

                           year k   

             ZijMAX = maximum of z-value for pixel i  

                           during month j 

             ZijMIN  = minimum of z-value for pixel i   

                           during month j 

 

The probabilities of vegetation index in the images 

were illustrated as SVI index, which described 

probabilities of present vegetation using previous 

vegetation state. SVI values were 0 < SVI < 1 in range; 0 

explained the lowest standard score of SVI calculated 

from imagery of 2018-2021. This study drought was 

categorized into 5 levels using SVI values as seen in 

Table 1. Each SVI value was found between 0 and 1. 

Accordance with SVI values in range, vegetation 

density was considered from very high to very low, 

respectively. 

 

2.3 SVI Analysis for Drought Monitoring 

The SVI computation was performed using monthly 

SVI data for the years 2018, 2019, 2020, and 2021. It 

was then essential to determine the average and 

standard deviation of the SVI values observed in each 

image. Equation 3 explains that the standard scores 

for every month and year were needed for the SVI 

computation. A more thorough analysis of the 

monthly probability in each SVI site was conducted. 

The monthly SVI maps of 2018, 2019, 2020, and 

2021 were categorized into five classes-based SVI 

values. 

 

2.4 Software 

MS Excel, ENVI version 5.2 and ArcGIS version 

10.8 were used in this study. Linear correlation of 

rainfall and SVI was calculated using MS Excel. 

ENVI version 5.2 was carried out to investigate 

drought as mentioned in previous section. ArcGIS 

version 10.8 was applied for spatial analysis and 

mapping. 

 

Table 1: The vegetation levels 
 

Drought level of SVI Percentage of SVI (%) Vegetation density 

1.00 – 0.95 96 - 100 Very high 

0.95 – 0.75 76 - 95 High 

0.75 – 0.25 26 - 75 Moderate 

0.25 – 0.05   6 - 25 Low 

0.05 – 0.00 0 - 5 Very low 
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3. Results and Discussion 

3.1 NDVI Calculation 

The MODIS satellite-based data retrieved from 

https://ladsweb.modaps.eosdis.nasa.gov/ was analyzed to 

identify NDVI information explaining the differences of 

vegetation density varied from -1 to 1. The average 

NDVI value was corresponded to density and 

drought of vegetation in each period of time and 

season. Table 2 illustrated the highest and lowest 

average NDVI values discovered from 2018 to 2021 

of in Kamphaeng Phet Province. It was explained that 

the vegetation density of Kamphaeng Phet province 

was discovered at moderate level (the highest 

average NDVI between 0.455-0.488) in winter and 

rainy season. It was possible to determine from the 

monthly data for 2018 that the vegetation density in 

the range of -1 to 1 was represented by the lowest, 

greatest, average, and standard deviation of the 

NDVI. The average showed the drought and density 

of vegetation for every season and time interval. 

November, the winter season, had the highest 

average of 0.462, while August, the wet season, had 

the lowest average of 0.2811. 

The lowest, greatest, average, and standard 

deviation of the NDVI indicated the vegetation 

conditions in the range of -1 to 1, according to the 

monthly data for 2019. The average showed the 

drought and density of vegetation for every season 

and time interval. Rainy season averages ranged from 

0.281 in June (early rainy season) to 0.470 in 

September (highest) in September. It was possible to 

determine from the monthly data for 2020 that the 

vegetation conditions in the range of -1 to 1 were 

represented by the lowest, greatest, average, and 

standard deviation of the NDVI. For every time 

period and season, the average represented the 

drought and density of vegetation. October, during 

the early winter season, had the highest average of 

0.488, while March had the lowest average of 0.267. 

The lowest, highest, average, and standard deviation 

of the NDVI indicated the vegetation conditions in 

the range of -1 to 1, according to the monthly data for 

2021. The average showed the drought and density of 

vegetation for every season and time interval. The 

winter season's highest average, 0.455, was recorded 

in November, while the lowest, 0.285, was recorded 

in March. 

 

3.2 SVI Calculation 

The differences of SVI from 2018 to 2021 were 

calculated. Vegetation states were reflected in the 

probability of SVI derived from the standard scores 

of the NDVI. In order to depict vegetation density, 

the highest and lowest average SVI values were 

changed from 0 to 1. As shown in Table 3, SVI values 

indicated vegetation density and drought for each 

time period and season. The Standard Vegetation 

Index was used to monitor droughts by reflecting 

vegetation probability over a range of time periods. 

Calculations were made to determine the variations 

in SVI for each image point and period during each 

year. According to the findings, the vegetation 

density in 2018 was represented by the lowest, 

greatest, average, and standard deviation of SVI, 

which ranged from 0 to 1. The average showed the 

drought and density of vegetation for every season 

and time interval. October 16, 2018, the start of the 

early winter season, had the highest average of 0.466, 

while August, the rainy season, had the lowest 

average of 0.281. The averages, or SVI standard 

scores, determined the SVI variances for every 

season and time period. 

 

Table 2: The highest and lowest average NDVI values 
 

Data (Year) The highest and lowest average NDVI  

 The highest  Month (Season) The lowest  Month (Season) 

2018 0.462 November (Winter) 0.281 August (Rainy) 

2019 0.470 September (Rainy) 0.281 June (Rainy) 

2020 0.488 October (Winter) 0.267 March (Summer) 

2021 0.455 November (Rainy) 0.265 March Summer) 

 

Table 3: The highest and lowest average SVI values 
 

Data (Year) The highest and lowest average SVI  

 The highest  Month (Season) The lowest  Month (Season) 

2018 0.466 October (Winter) 0.281 August (Rainy) 

2019 0.470 September (Rainy) 0.287 April (Summer) 

2020 0.492 October (Winter) 0.267 March (Summer) 

2021 0.455 August (Rainy) 0.267 March Summer) 
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The vegetation density in 2019 was indicated by the 

lowest, greatest, average, and standard deviation of 

SVI, which ranged from 0 to 1. The average showed 

the drought and density of vegetation for every 

season and time interval. During the wet season in 

September, the highest average was 0.470, and the 

lowest was 0.287 in April. The averages, SVI 

standard deviation, and the lowest and highest 

standard scores determined the SVI variances for 

each season and time period. 2020 saw a range of 0 

to 1 for vegetation density, indicated by the lowest, 

maximum, average, and standard deviation of SVI. 

For every time period and season, the average 

represented the drought and density of vegetation. 

The previous rainy season's highest average, 0.492, 

was recorded in October, while the lowest, 0.267, 

was recorded in March. Each season's and period's 

SVI variances were determined using the averages, 

SVI standard deviation, and lowest and highest 

standard scores. The vegetation density in the range 

of 0 to 1 was represented by the lowest, maximum, 

average, and standard deviation of SVI in 2021. The 

average showed the drought and density of 

vegetation for every season and time interval. During 

the wet season in August, the highest average was 

0.455, and the lowest was 0.267 in March. The 

averages, SVI standard deviation, and the lowest and 

highest standard scores determined the SVI variances 

for each season and time period. 

 

3.3 Multi-temporal Drought Analysis  

The temporal variation of the SVI average values was 

correlated with monthly rainfall, as seen by Figure 3, 

which shows the SVI monthly average and rainfall 

over a four-year period. Because vegetation was 

planted after enough water, SVI changed more 

slowly than rainfall. In 2018, rainfall variations were 

lowest in January and February, at that time increased 

steadily. In September, rainfall level was reached to 

944 mm., and throw down to the lowest level in 

December at 30.6 mm. In 2019, rainfall variations 

were discovered at the lowest level in March (16 

mm.), then increased gradually and reached to 

1,080.9 mm in May. Similar to the result in 2018, 

rainfall was fell to the lowest level at 0.1 mm. In 2020, 

rainfall differences were slightly reached to the 

highest level in June (940.9 mm.), then throw down 

to 752.5 mm. in August. It was increased gradually 

and reached to highest level at 1,243.1 mm. in 

September. Subsequently it was dropped 

progressively and reached to the lowest rainfall level 

at 0.0 mm. in December. In 2021, rainfall variations 

were slightly increased to the highest level in April 

(1,264.3 mm.), and dropped to 377.3 mm. in June. 

Afterwards, it was increased steadily and reached to 

2,786.9 mm. in September, then fell steadily and 

reached to the lowest level (0.2 mm) in December. 

 

3.4 Statistical Correlation Analysis 

SVI variation was shown to be consistent with 

rainfall amount based on statistical correlation study 

results between SVI (independent variable) and 

rainfall (dependent variable) from 2018 to 2021 (see 

Table 4), which was similar to the study of Liu, and 

Zhou [28].   Liu, and Zhou [28] investigated spatio-

temporal dynamics of drought events using rainfall 

and NDVI-based drought indicators. The results of 

statistical correlation analysis between SVI and 

rainfall from 2018 to 2021 were displayed as seen in 

Table 4.
 

 
 

Figure 3: Multi-temporal SVI analysis 
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Table 4: Statistical correlation analysis from 2018 – 2021 
 

Year Correlation equation R2 Average yearly SVI 

2018 y = 4174.9x – 1290.7 0.520 0.389 

2019 y = 3686.7x – 1008.4 0.538 0.377 

2020 y = 4486x    – 1170.0 0.784 0.373 

2021 y = 7890.5x – 2302.4 0.606 0.387 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 4: The spatial SVI reflected in 2020 
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Statistical correlation analysis results between SVI 

and rainfall in 2018 provided a correlation equation y 

= 4174.9x – 1290.7 and a coefficient of determination 

R2 = 0.520. The statistical correlation analysis result 

between SVI and rainfall in 2019 provided a 

correlation equation y = 3686.7x – 1008.4 and a 

coefficient of determination R2 = 0.538. The 

statistical correlation analysis result between SVI and 

rainfall in 2020 provided a correlation equation y = 

4486x – 1170.0 and a coefficient of determination R2 

= 0.784. The statistical correlation analysis result 

between SVI and rainfall in 2021 provided a 

correlation equation y = 7890.5x – 2302.4 and a 

coefficient of determination R2 = 0.606. The 

coefficient of determination (R2) in Table 4 is 0.784, 

0.606, 0.538, and 0.520 in 2020, 2021, 2019 and 

2018, respectively, based on statistical analysis of the 

four-year SVI value (independent variable) and 

monthly rainfall level (dependent variable). Year-

over-year positive values for the coefficient of 

determination (R2) signify a moderately strong 

association. Since 2020's annual SVI is lower than 

previous years', at 0.373, it has a greater statistical 

value than any other year. 

 

3.5 The Results of Drought Classification from 

Spatial SVI 

Figure 4 shows the correlation equation for this year, 

which was chosen to explain drought monitoring 

since it exhibited the highest coefficient of 

dependence between SVI and average monthly 

rainfall values found in 2020. Therefore, a 16-day 

dataset comprising three seasons—summer 

(February 17 to May 15), rainy (May 17 to October 

16), and winter (October 17 to February 16 - was used 

to analyze the SVI and the average monthly rainfall 

data. Spatial drought monitoring based SVI was 

investigated using ArcGIS version 10.8. Monthly 

SVI fluctuations over time determined by rainfall 

were found to fall within the low and very low 

drought classes, with SVI values between 0.00 and 

0.25. A moderate drought level was defined as SVI 

0.25 to 0.75. 

The comparison of SVI at different times of the 

year revealed variations in the vegetation. The 

research area's 2020 apparent unique vegetation 

changes were mirrored in the spatial SVI. Figure 4 

shows that early April is when the province of 

Kamphaeng Phet has the lowest vegetation density. 

Early in the rainy season, in June, there was a high 

dispersion of vegetation. May was a month with a 

high dispersion of vegetation because it was summer. 

 

4. Conclusion  

Since NDVI data acquired from MODIS/Terra 

satellite imagery (MOD13Q1 dataset) was employed 

simply to analyze and forecast changes of vegetation, 

SVI approach was further applied to investigate 

drought based on vegetation probability in varied 

periods of time. The approach of drought monitoring 

in provincial scale was developed based on SVI 

method and monthly rainfall intensity. The lowest 

average NDVI was found in 2020 in summer period, 

in accordance with the lowest SVI discovered in the 

same period of time. The Spatio-temporal analysis 

between SVI (y) and precipitation data (x) displayed 

strong correlation of y = 4486x – 1170 equation with 

R2 0.739. This could apply to monitor drought in 

Kamphaeng Phet province. In this paper, the results 

illustrated that the highest drought incident in 2020 

was discovered in Phran Kra Tai district located in 

the northern and eastern part of province. Inadequate 

water body together with locating outside the 

irrigation area could cause the highest drought in this 

area. The World Meteorology Organization reported 

that in 2021 it was the hottest year in Thailand. Sixty 

percent chance of La Nina phenomenon was 

expected to occur causing more storm during 

September to November. This could affect “Extreme 

weather” in 2020. This extreme caused rain to come 

rapidly and more frequent summer storms can occur 

in April due to 60 percent precipitation above 

average. In May, the amount of rainfall began to 

decrease until June. During July to August, more rain 

occurred in this period. Noticeably, the beginning of 

September to October, the amount of rain started to 

return heavier. 80 mm precipitation was estimated. 

More than 33 percent of yearly average rainfall 

resulted in flash flood incidents in the northern 

region; Mae Hong Son and Chiang Mai province and 

the upper western region; Tak and Kamphaeng Phet 

province. To the best of our knowledge, department 

of disaster prevention and ministry of agriculture and 

irrigation could deploy this proposed approach for 

determining and monitoring drought in other parts of 

Thailand. 
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