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Abstract 

Agricultural drought is a significant environmental problem affecting the yield, 

water resources, and human health, particularly in climate-sensitive regions. 

This study analyses the spatio-temporal changes of agricultural drought in 

Ampara District, Sri Lanka, using remote sensing indices in the Google Earth 

Engine (GEE) platform. Remote sensing indicators such as the Normalized 

Difference Vegetation Index (NDVI) and Land Surface Temperature (LST) were 

used to derive the Vegetation Condition Index (VCI) and Temperature Condition 

Index (TCI) to calculate the Vegetation Health Index (VHI), which is the major 

indicator of agricultural drought. The Standardized Precipitation Index (SPI) and 

Precipitation Condition Index (PCI) were used to measure meteorological 

drought. The analysis was conducted for the period 2016–2025, and the drought 

conditions display considerable spatial and temporal variability. There is an 

overall increase in Land Surface Temperature (LST) and a decrease in 

vegetation health, particularly since 2020, with large areas under moderate to 

extreme drought conditions. The VHI showed a consistent increase in the area 

under extreme drought conditions. Conversely, the area under no-drought 

conditions declined over the study period. Meteorological indices (SPI and PCI) 

indicate variable precipitation patterns and frequent moisture deficits, which 

have an impact on vegetation. The significant positive correlation (R²=0.96-

0.99) between VHI and SPI confirms the effect of rainfall on vegetation. This 

research reveals the Ampara District to be facing an emerging agricultural 

drought largely due to increased temperatures and highly variable rainfall. This 

study demonstrates the potential of combining remote sensing and cloud-based 
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geospatial analysis for effective drought monitoring, supporting informed 

decision-making for sustainable drought management and agricultural 

development. 

Keywords: Agricultural Drought, Ampara District, Google Earth Engine, 

Remote Sensing, Vegetation Health Index 

Introduction 

Drought is a complex and periodic climatic phenomenon that impacts environmental, 

social, and economic systems. It is usually characterized by a prolonged reduction in 

rainfall, causing water shortage and impacts on vegetation and ecosystems (Mishra & 

Singh, 2010). Among the various types, agricultural drought is one of the most 

critical as it impacts soil moisture and crop production, affecting food security and 

economies (Dai, 2011). Droughts are frequently associated with climate variability, 

rising temperatures, and irregular rainfall patterns, which compound the stress on 

vegetation and soil health (Trenberth et al., 2014). In recent years, droughts have 

become increasingly common in tropical regions such as Sri Lanka in recent years 

due to monsoon changes and rainfall variability. These changes have resulted in 

significant socio-economic effects, particularly in rain-fed and irrigated agricultural 

zones, such as the Eastern Province, where livelihoods are highly dependent on 

agriculture (Eriyagama et al., 2010). Agricultural droughts affect not only crop 

production but also water resources, jobs, and economic growth (Vicente-Serrano et 

al., 2012). Therefore, drought monitoring and assessment play a vital role in drought 

management. Geospatial and remote sensing technologies allow effective monitoring 

of drought at various spatial and temporal scales. In particular, cloud computing 

technologies such as Google Earth Engine (GEE) allow the analysis of large volumes 

of satellite data, making it well-suited for drought monitoring (Gorelick et al., 2017). 

Using satellite data products such as Landsat 8, Sentinel-2, and precipitation data, a 

range of drought indices can be calculated to assess vegetation status and climatic 

changes. These include the Normalized Difference Vegetation Index (NDVI) and 

Land Surface Temperature (LST), which are widely used to measure vegetation status 

and temperature anomalies, respectively (Zhang et al., 2013). Moreover, the 

Vegetation Condition Index (VCI) and Temperature Condition Index (TCI) are 

derived from NDVI and LST and measure vegetation condition and temperature 

anomalies, respectively. These are combined to calculate the Vegetation Health Index 

(VHI), a useful index for the assessment of agricultural drought by considering 

vegetation and temperature conditions (Kogan, 2001). Furthermore, meteorological-

based indices, such as the Standardized Precipitation Index (SPI) and Precipitation 

Condition Index (PCI), are considered to understand rainfall anomalies and their 

impact on drought (McKee et al., 1993; Guttman, 1999).  

Agricultural drought is an important environmental stress factor that affects crop 

production, water resources, and food security in semi-arid and dry zones, such as Sri 
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Lanka's Ampara District. The combination of satellite remote sensing and cloud 

geospatial technologies has improved drought monitoring in recent years through 

spatiotemporal monitoring of vegetation and moisture indices in real time. For 

instance, remotely sensed drought indices, such as the Integrated Drought Severity 

Index (IDSI), have been applied to monitor agricultural drought in Sri Lanka, 

revealing vulnerability in districts like Ampara (Alahacoon & Amarnath, 2022). 

Similarly, the integration of multiple satellite datasets has demonstrated the potential 

to capture drought variability and its effects on hydrologic and agricultural drought 

impacts (Srimali et al., 2025). The development of GEE has also improved large-

scale drought monitoring by enabling effective processing of multi-temporal satellite 

data and machine learning classification techniques (Fernando & Senanayake, 2024). 

Research also indicates that the integration of remote sensing indices with long-term 

time series data enhances the ability to capture drought patterns and their spatial 

variability, leading to better decision-making processes (Imtiaz et al., 2025). Recent 

studies focusing on remote sensing-derived vegetation indices have demonstrated 

their potential for monitoring environmental dynamics, including urban vegetation 

changes in Colombo District, Sri Lanka, using Sentinel-2 data (Zahir et al., 2024). 

These vegetation studies are complemented using geospatial technologies (integrated 

with machine learning and OpenStreetMap) in GEE for disaster risk reduction and 

spatial analysis in Sri Lanka, showcasing the platform's potential for environmental 

monitoring (Iyoob et al., 2025). Additionally, long-term geospatial analyses have 

established the effectiveness of remote sensing and GIS methods to study 

spatiotemporal land and forest cover changes in the dry zone of Sri Lanka 

(Ranagalage et al., 2020; Walawe Durage, 2023). However, there is limited research 

on high-resolution and localized agricultural drought monitoring that integrates 

multiple remote sensing indices within cloud-computing platforms, such as Google 

Earth Engine (GEE), for districts such as Ampara. Therefore, further spatiotemporal 

investigations are needed. In this study, the Ampara District in the Eastern Province 

of Sri Lanka is chosen as the study region, which has shown significant changes in 

rainfall variability, increasing temperature, and decreasing vegetation in recent years. 

This suggests the risk of agricultural drought is increasing. Hence, this research aims 

to understand the spatial and temporal dynamics of agricultural drought through the 

analysis of remote sensing indices, calculated using the Google Earth Engine 

platform. This is then validated against the meteorological drought indices to assess 

the relationship between rainfall and vegetation. The trend analysis, from 2016 to 

2025, shows variations in drought. This study provides information on the drought 

and identifies drought-prone areas in the region. This information is essential for 

decision-making, planning, and management of drought and water resources and 

sustainable agriculture in Ampara. 
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Methodology 

Study Area 

This research was carried out in the Ampara District in the southeast of Sri Lanka. 

The study area is roughly located between 7°00′ and 7°45′ North latitude and 

between 81°00′ and 81°55′ East longitude. The Ampara District covers an area of 

about 4,415 sq. km and is one of the major districts in Sri Lanka. The Ampara 

District is in the Eastern Province of Sri Lanka and is bounded by Batticaloa District 

in the north, Monaragala District in the west, and the Indian Ocean in the east 

(Department of Census and Statistics, 2023). The topography of the region is 

predominantly flat to gently undulating lowlands with altitudes ranging from sea 

level to 150 m above mean sea level. The district is located in the dry zone of Sri 

Lanka with a rainfall range of 1,200 mm to 1,900 mm per year, and is greatly 

influenced by the Northeast monsoon (World Bank, 2021). The major water source in 

the region is the Gal Oya River, which irrigates the Senanayake Samudra reservoir, 

which is a major water resource for irrigation (Irrigation Department of Sri Lanka, 

2022). The dominant soil types of the region are reddish-brown earth, alluvial, and 

sandy soils, which are very fertile for agriculture (FAO, 2020). Agriculture is the 

main land use in the region, with paddy, maize, sugarcane, pulses, plantation crops 

(coconut, fruits), and other minor crops. However, it is highly sensitive to climate 

change, drought, and water scarcity, which adversely impact agriculture (Department 

of Census and Statistics, 2023). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                Fig. 1. Study Location & Land Use/Land Cover 
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Land Use / Land Cover (LULC) 

The Land Use/Land Cover (LULC) mapping of the Ampara region was carried out 
using a Support Vector Machine (SVM) classifier in the Google Earth Engine (GEE) 
platform. The study area is classified into five broad classes: Water, Built-up, 
Agriculture, Forest, and Wetlands. The results showed that agriculture was the 
dominant land use class, which occupies a large portion of the study region in the 
central and eastern regions. This is mostly used for rice and reservoir - irrigated 
farming. The forest region is mainly located in the western and northwest parts, 
which are mainly natural vegetation and forest reserves (Survey Department of Sri 
Lanka, 2022). The built-up area is mainly concentrated along the coastal region of the 
eastern belt and urban settlements such as Ampara and Kalmunai, depicting 
urbanization. The wetlands are located in depressions and near water sources, playing 
a vital role in the ecosystem and biodiversity. The water bodies (reservoirs, tanks, and 
river network) are widely distributed throughout the study area, with a high 
concentration around irrigation structures such as Senanayake Samudra (Irrigation 
Department of Sri Lanka, 2022). In summary, the LULC analysis indicated that 
although agriculture remained the dominant land use category, increasing 
urbanization and localized reductions in forest cover were observed within the study 
area. This change, along with climatic conditions, plays a role in the vulnerability to 
agricultural drought and environmental degradation in the Ampara region (FAO, 
2020; World Bank, 2021). 

Materials and Methods  

Satellite-Based Drought Indices 

In this study, all drought indices were calculated using remote sensing data products 
in the Google Earth Engine (GEE) platform. Land surface optical and thermal data 
products of Landsat 8 OLI/TIRS Surface Reflectance Tier 1 were used to calculate 
the Normalized Difference Vegetation Index (NDVI) and Land Surface Temperature 
(LST) with the formulas given in Table 1. They were indicators of vegetation health 
and surface temperature conditions, respectively, in response to drought. The time-
series NDVI and LST were used to calculate the Vegetation Condition Index (VCI) 
and the Temperature Condition Index (TCI). These represented vegetation stress and 
temperature anomalies, respectively, and are categorized into various levels of 
drought conditions. The combined use of VCI and TCI produced the Vegetation 
Health Index (VHI), which is taken as the main indicator to assess agricultural 
drought in the study region. In this study, VHI was calculated for the period 2016-
2025 to study the long-term drought patterns. To study meteorological drought, the 
Precipitation Condition Index (PCI) was calculated using satellite-based precipitation 
data from TRMM (Tropical Rainfall Measuring Mission) 3B42/3B43. The 
Standardized Precipitation Index (SPI) was also computed using rainfall observations 
from relevant meteorological agencies in Sri Lanka. The SPI is used to standardise 
precipitation variations. Moreover, land use/land cover (LULC) classification of the 
study region was performed using Copernicus Global Land Cover Layers (CGLS-
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LC100 Collection 3) in the GEE platform. This mapping was useful for 
understanding the distribution of different land cover types and their association with 
drought. 

Table 1. Drought Indices Utilized for the Study 

Indices Formula Source 

SPI (𝑋𝑖𝑗−𝑋𝑖𝑚)

𝜎
 

Naresh Kumar et al., 2009 

NDVI (𝑁𝐼𝑅−𝑅𝑒𝑑)

(𝑁𝐼𝑅+𝑅𝑒𝑑)
 

Kogan et al., 2003; Venkatesh et al., 2022 

LST 1. Digital Numbers to spectral 

radiance  

𝐿𝜆 = 𝑀𝐿 × 𝑄𝑐𝑎𝑙 + 𝐴𝐿 
2. Spectral radiance to brightness 

temperature  

𝐵𝑇 =
𝐾2

ln(
𝐾1
𝐿𝜆

+ 1)
− 273.15 

3. Proportion of Vegetation  

𝑃𝑉 = (
𝑁𝐷𝑉𝐼 − 𝑁𝐷𝑉𝐼𝑚𝑖𝑛

𝑁𝐷𝑉𝐼𝑚𝑎𝑥 − 𝑁𝐷𝑉𝐼𝑚𝑖𝑛

)
2

 

4. Land Surface Emissivity  
𝐿𝑆𝐸 = 0.004 × 𝑃𝑉 + 0.986 
5. Land Surface Temperature  

𝐿𝑆𝑇 =
𝐵𝑇

1 + 𝑊 × (
𝐵𝑇

14380
) × ln(𝐿𝑆𝐸)

 

Sun & Kafatos, 2007; Mustafa et al., 2020; 

Anbazhagan, S., & Paramasivam, 2016 

VCI 𝑁𝐷𝑉𝐼 − 𝑁𝐷𝑉𝐼𝑚𝑖𝑛

𝑁𝐷𝑉𝐼𝑚𝑎𝑥 − 𝑁𝐷𝑉𝐼𝑚𝑖𝑛

 
Kogan et al., 2003 

TCI 𝐿𝑆𝑇𝑚𝑎𝑥 − 𝐿𝑆𝑇

𝐿𝑆𝑇𝑚𝑎𝑥 − 𝐿𝑆𝑇𝑚𝑖𝑛

 
Seiler et al., 1998; Zhou et al., 2019 

PCI 𝑇𝑅𝑀𝑀 − 𝑇𝑅𝑀𝑀𝑚𝑖𝑛

𝑇𝑅𝑀𝑀𝑚𝑎𝑥 − 𝑇𝑅𝑀𝑀𝑚𝑖𝑛

 
Meza et al., 2025; Zhang et al., 2022 

VHI 𝛼 × 𝑉𝐶𝐼 + (1 − 𝛼) × 𝑇𝐶𝐼 Sun et al., 2022 

3.2 Earth Engine Data Processing 

Google Earth Engine (GEE) is a cloud-computing platform for geospatial data 

processing that allows efficient processing of massive satellite data. In this research, 

the data processing and analysis were performed with the GEE JavaScript API, 

enabling fast calculation and visualization of drought indices at large scales (Gorelick 

et al., 2017). The necessary data were downloaded from the GEE data catalogue 

using the ee. Image Collection framework. These include using several built-in 
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functions, such as filter date, filter Bounds, map, reduce, clip, expression and Export, 

to preprocess, filter, and analyze satellite imagery. These functions help in temporal 

filtering and clipping the images to the study area, computing indices, and exporting 

the images for analysis. To map agricultural drought, annual NDVI and LST images 

were created for the years 2016-2025. Annual minimum and maximum NDVI and 

LST values were used to calculate the VCI and TCI, respectively. Finally, the VHI 

was calculated as a combination of VCI and TCI, which gives an overall assessment 

of vegetation status and drought. To assess the meteorological drought, SPI was 

computed based on long-term rainfall, and PCI was computed from satellite 

precipitation data for the same period. The calculated indices were then spatially and 

temporally analyzed to detect drought-prone regions and trends. The computed 

outputs were exported from GEE with the same spatial resolution, projection, and 

scale. These were also visualized and mapped to study the spatial and temporal 

distribution of drought severity in the Ampara region. Figure 2. (Methodological 

Flowchart) shows the methodological approach followed in this study. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Methodological Framework for Agricultural Drought Assessment 

Step 1: Study Area and Data Collection  
(2016-2025) 

Define Study Area 

Ampara District Boundary 

Satellite Data 

Landsat 8/9 (NDVI, LST, VHI, VCI) 

Sentinel-2 (NDVI) 

Climate Data 

Rainfall -TRMM / CHIRPS (PCI, 

SPI) 

Temperature (TCI) 
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Results and Discussion  

The agricultural drought status of the Ampara region has been analyzed using the 

Vegetation Health Index (VHI) with a combination of two indices: Temperature 

Condition Index (TCI) and Vegetation Condition Index (VCI). These indices are 

calculated using Land Surface Temperature (LST) and Normalized Difference 

Vegetation Index (NDVI). In addition, the agricultural drought is compared with the 

meteorological drought indices such as the Precipitation Condition Index (PCI) and 

the Standardized Precipitation Index (SPI). All the indices were computed and 

interpreted using Google Earth Engine (GEE) for the duration of 2016-2025. 

Land Surface Temperature (LST) 

Land Surface Temperature (LST) is an important factor in detecting agricultural 

drought because of its impact on vegetation. The annual LST for the years 2016 - 

2025 was categorized into five classes: very low (<25°C), low (25-28°C), moderate 

(28-31°C), high (31-34°C), and very high (>34°C). The spatial distribution showed 

that the moderate to high LST (28-34°C) was dominant in the Ampara region over 

the years. In particular, the years 2020 and 2022 show the highest temperature 

intensities with a maximum value of 36.41°C and 34.63°C, respectively. Eastern and 

southeastern coastal areas showed consistently high temperatures, suggesting a 

higher drought stress. By contrast, cooler temperatures were observed in the inland 

vegetated areas in some years, particularly in 2016 and 2018, with minimum values 

ranging from 24.76°C to 27.70°C. Over time, the upward trend of LST indicated an 

increase in thermal stress, which has a profound impact on crop yield reduction 

during agricultural drought. 

 

 

 

 

 

 

 

 

 

 

 

 

 

               Fig. 3. Annual Land Surface Temperature from 2016 to 2025 
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Normalized Difference Vegetation Index (NDVI) 

The NDVI is an indicator of vegetation cover and health, with values ranging from -

0.11 to 0.53 in the region. The NDVI values were classified into six categories: bare 

soil/water (<0), very low (0- 0.2), low (0.2- 0.4), moderate (0.4- 0.6), high (0.6-0.8), 

and very high (>0.8). The results showed that the low classes (0.2 - 0.4 and 0 - 0.2) of 

the NDVI are the most prominent in the Ampara region over the years. Very high 

NDVI (>0.5) was restricted and occurred in small patches, which shows a small 

amount of healthy vegetation. The NDVI is at its lowest in 2020 and 2024 (maximum 

NDVI of 0.43 and 0.42) due to decreased vegetation health. While a slight 

improvement was observed in 2023 and 2025 (up to approximately 0.52 and 0.47, 

respectively), the overall vegetation condition remained poor. Spatially, the central 

and southeastern parts of the basin exhibited low NDVI values, suggesting poor 

vegetation and drought-prone areas. 

 

 

 

 

 

 

 

 

 

 

 

 

 

              Fig. 4. Annual Normalized Difference Vegetation Index from 2016 to 2025 

Temperature Condition Index (TCI) 

TCI has a range of 0-100 and is classified into no drought (>40), slight drought (31-

40), moderate drought (21-30), high drought (11-20), and extreme drought (<10). The 

TCI is inversely related to drought severity. The spatial and temporal distribution of 

TCI revealed a prevalence of high (11-20) and extreme drought (<10) across large 

areas of the study region, especially in 2022 and 2025, when large areas are covered 

by red color representing a high thermal stress. In contrast, 2019 showed relatively 

high TCI values (0-0.8 category showing less stress) and thus less drought in the 

region. The areas in the north and the center of the study area showed a strong 

presence of drought, and the regions with low drought are seen only in isolated areas. 
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In general, the trend of TCI values showed a decline over the years, where 

temperature-induced drought is increasing in Ampara. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

           Fig. 5. Annual Temperature Condition Index of 2016 to 2025 

Vegetation Condition Index (VCI) 

The VCI is an important indicator of vegetation condition across the study region and 

helps assess drought severity. Annual VCI values were derived for the period 2016-

2025. The VCI values ranged from 0-100, and were classified into five categories: 

extreme drought (<16), high drought (17-40), moderate drought (41-61), slight 

drought (62-83), and no drought (>84). The findings showed a decreasing trend in 

vegetation conditions, with more extreme and high drought classes after 2020. 

Moderate vegetation condition (41-61) is relatively prevalent in 2016-2018. In 2020 

and 2022, vast areas of the region were transformed into high drought (17-40) and 

extreme drought conditions (<16). In 2024 and 2025, a clear recovery in vegetation 

was observed with moderate to slight drought (41-61) conditions occurring across 

many parts of the study area, suggesting improved vegetation growth. Spatially, the 

southeast and coastal areas were generally in poor condition. VCI was an important 

index when combined with other indices, such as the Temperature Condition Index 

(TCI), to create the Vegetation Health Index (VHI). This was useful for a better 

description of drought, including vegetation and temperature stress. 
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                Fig. 6. Annual Vegetation Condition Index from 2016 to 2025 

Vegetation Health Index (VHI) 

The VHI is a combination of both TCI and VCI, ranging from 0 to 100, and can be 

classified as extreme drought (<30), high drought (31-47), moderate drought (48-60), 

slight drought (61-75), and no drought (>76).  

 

 

 

 

 

 

 

 

 

 

 

 

                 Fig. 7. Annual Vegetation Health Index of 2016 to 2025 

The VHI results indicated that drought conditions intensified over the study period. 

During 2016–2017, vegetation health was relatively good, with most areas 

experiencing moderate to slight drought conditions. However, 2022 shows severe 
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degradation, with extreme drought (<33) covering large and mostly southern and 

southeastern parts of the region. Moderate improvement was observed in 2023-2025; 

droughts continued to be prevalent. The map showed that the central and coastal 

areas were severely affected, with only small areas having healthy vegetation. 

Overall, the VHI showed an increase in vegetation stress in recent years. 

Precipitation Condition Index (PCI) 

The PCI values obtained in this study ranged from 0.98 to 62, reflecting the actual 

precipitation conditions observed during the study period. Although PCI is commonly 

classified on a 0–100 scale, the calculated values are dependent on local climatic 

variability and do not necessarily occupy the full theoretical range. The northern and 

central parts are often under high to extreme drought classes, while the southern and 

southeastern parts are infrequently under moderate precipitation classes. In 2024 and 

2025, an improvement in rainfall distribution was observed, with high PCI values 

(44-62) covering large parts of the study area, indicating favorable rainfall 

conditions. However, previous years like 2018 and 2020 are characterized by lower 

PCI values, depicting precipitation deficits. This variable rainfall pattern played a key 

role in drought variability. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

             Fig.8. Annual Precipitation Condition Index of 2016 to 2025 

Standardized Precipitation Index (SPI) 

The SPI values are divided into seven classes from extremely dry (< -2.0) to 

extremely wet (≥ 2.0). The SPI results showed that the northern and central regions of 

the study area were under dry conditions, especially in 2016, 2018, and 2022, which 
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were dominated by severely dry (-1.5 to -1.99) and extremely dry (≤ -2.0) classes. 

However, the eastern and southeastern parts of the area showed moderate to wet 

conditions (>0.5) in some years (2020 and 2025).  

 

 

 

 

 

 

 

 

 

 

 

 

 

              Fig. 9. Annual Standardized Precipitation Index of 2016 to 2025 

The overall temporal variations show that some years have good rainfall conditions, 

but due to the uneven distribution of rainfall, droughts persist in many parts of the 

study region. The SPI findings were consistent with PCI and VHI, and indicated the 

occurrence of meteorological drought. 

Agricultural Drought Assessment 

The Ampara region's agricultural drought assessment is conducted by using 

agricultural and meteorological indicators. In this study, agricultural drought was 

analyzed in detail using the Vegetation Health Index (VHI), and meteorological 

drought was compared with the results of PCI and SPI. The initial examination of the 

LST and NDVI results showed that the study region was dominated by moderate to 

high temperatures and low to moderate levels of vegetation cover, suggesting 

vegetation stress. As such, the TCI and VCI results showed that high and extreme 

drought categories were more prevalent in the central and southeastern regions, while 

the no drought and mild drought categories were seen only in a few and isolated parts 

during some years. Hence, the vegetation health was not uniformly distributed, and 

the region was more likely to experience drought conditions. Finally, the spatial and 

temporal analysis of the VHI results clearly illustrated the spatial variation of drought 

categories for the period between 2016 and 2025. The non-drought area fluctuated 

from 1100 sq. km in 2016 to 1010 sq. km in 2017 and 950 sq. km in 2018, before 

increasing to 1000 sq. km in 2019. However, it decreased again to 900 sq. km in 
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2020, and gradually increased to 950 sq. km in 2021, reaching a peak of 1050 sq. km 

in 2022. A sharp decline was observed in 2023 (850 sq. km), followed by a gradual 

recovery to 950 sq. km in 2024 and 1000 sq. km in 2025. 

Fig. 10. Graphical representation of VHI classes for consecutive years (2016-2025) 

The slight drought category also showed significant variations with values of 1000 

sq. km in 2016, 1050 sq. km in 2017, then a decline to 900 sq. km in 2018 and an 

increase to 950 sq. km in 2019. It further declines to 850 sq. km in 2020, increases to 

900 sq. km in 2021, and reaches 1000 sq. km in 2022. It decreases slightly in 2023 

(900 sq. km), but increases significantly to 1050 sq. km in 2024 and the maximum of 

1100 sq. km in 2025, suggesting a temporary improvement in vegetation health 

during the last few years. The moderate drought category exhibits an increasing and 

dominant pattern over the years, with 900 sq. km in 2016, 850 sq. km in 2017, and 

950 sq. km in 2018. It increases further to 1000 sq. km in 2019 and reaches a peak of 

1100 sq. km in 2020. Although it slightly decreases to 1050 sq. km in 2021, it drops 

significantly to 900 sq. km in 2022, and again rises sharply to 1100 sq. km in 2023, 

followed by 1000 sq. km in 2024 and 950 sq. km in 2025. This suggests that 

moderate drought conditions are prevalent and persistent in this area. Severe drought 

varies between moderate and high severity in 2016 (800 sq. km), falling to 750 sq. 

km in 2017, rising to 850 sq. km in 2018, and then levelling out at 800 sq. km in 

2019. It rises to 900 sq. km in 2020, decreases to 850 sq. km in 2021, and further 

drops to 750 sq. km in 2022. However, a significant increase is observed in 2023 

(1000 sq. km), followed by a decrease to 850 sq. km in 2024 and 750 sq. km in 2025. 
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Crucially, the class of extreme drought shows a gradual increase in the entire study 

period from 605 sq. km in 2016 to 607 sq. km in 2017 and subsequently to 765 sq. 

km in 2018. It decreases to 665 sq. km in 2019 and 2020, remains constant at 665 sq. 

km in 2021, and then increases to 715 sq. km in 2022, 795 sq. km in 2023, 798 sq. 

km in 2024, and reaches the highest value of 810 sq. km in 2025. This progressive 

increase clearly shows the gradual increase in the area affected by extreme drought. 

This clearly shows progressive environmental degradation, with the area under 

healthy vegetation (no drought) being unstable and partially decreasing, while the 

extreme drought is increasing. The mixed variation in slight, moderate, and severe 

drought categories also indicates the instability in vegetation condition caused by the 

temperature variations. This is mostly due to uneven and inadequate rainfall 

experienced in the Ampara region, as indicated by the results of PCI and SPI. The 

links between VHI, PCI, and SPI results confirmed that the years with higher drought 

intensity have lower rainfall and higher temperature, which impacts vegetation and 

crop production. The shifts towards higher proportions of moderate to extreme 

drought, particularly after 2020, suggested that the study region is more susceptible 

to agricultural drought. This could result in further losses in vegetation cover and 

have profound consequences for agriculture and water resources in the future. 

Correlation between VHI and SPI 

The values of VHI and SPI were correlated and are shown in Figure 11 (Correlation 

Graph). The correlation analysis was conducted for all years (2016- 2025), and the 

results were presented graphically. The correlation between SPI (drought) and VHI 

(vegetation drought) was examined to assess the effect of rainfall variability on 

vegetation. The correlation graphs clearly showed a strong positive correlation of the 

SPI and VHI values in all the years, where R² values (coefficient of determination) 

are around 0.96-0.99, which indicates a high correlation. In the graph, the different 

groups of points were considered as representing different drought-vegetation health 

conditions. The smaller SPI values (negative values such as -1.7, -1.6, -1.3) were 

associated with lower VHI values (30-45), representing dry conditions and poor 

vegetation health. Likewise, moderate SPI (such as -0.5, -0.4, -0.3, -0.2, 0.2) 

corresponds to moderate VHI (such as 55-70), which means moderate vegetation 

under slightly dry to normal climatic conditions. Positive SPI values (e.g., 0.6, 0.7, 

0.9, 1.0) corresponded to higher VHI values (approximately 75-90), which represent 

good vegetation under wet conditions. Spatio-temporal interpretations from the 

correlation results indicate that in the early years (2016-2018), the correlation points 

are more spread out across various ranges of SPI and VHI, representing a mixture of 

climatic conditions with both dry (low) and moderate vegetation conditions. 

However, in the years 2019-2022, the correlation data points tend to be closer to the 

regression line in the moderate to dry SPI values (-1.0 to 0.2) and moderate VHI 

values (50-70). This suggests that the vegetation condition during these years is 

mainly affected by low precipitation. 
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In addition, during the period 2023-2025, the correlation was very strong, with R² 

values ranging from 0.98 to 0.99, and the data points closely followed a linear 

pattern. These years, while SPI values show some improvement (up to 1.0), VHI 

values still indicate moderate vegetation condition, implying that vegetation is still 

recovering, and is still vulnerable to climatic conditions. In summary, the correlation 

analysis demonstrated that SPI and VHI were highly correlated, meaning that reduced 

rainfall affects the vegetation health, thus increasing agricultural drought. The high 

density of correlation points in the moderate to dry SPI range and moderate VHI 

range indicates that the study area experiences drier conditions more often with 

moderate vegetation health. This correlation indicates meteorological drought is one 

of the main factors contributing to agricultural drought in the Ampara region. If these 

conditions remain for an extended period, it could result in increased vegetation 

stress, soil and groundwater drying, and, finally, impact crop production and 

sustainability. 
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Fig. 11. Correlation between VHI and SPI for consecutive years (2016-2025) 
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The agricultural drought assessment of Ampara District was successfully conducted 
using the cloud-based Google Earth Engine (GEE) platform. Several remote sensing 
indices were calculated and mapped to analyze the spatial and temporal patterns of 
drought. The indices (LST, NDVI, TCI, VCI, and VHI) were computed to assess 
agricultural drought, while the meteorological indices (PCI and SPI) were used to 
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analyze the effect of rainfall variability. The findings suggested that agricultural 
drought in the study area was greatly affected by meteorological drought, especially 
rainfall variability and temperature anomalies. The assessment of VHI results from 
2016 to 2025 showed that the area under healthy vegetation (no drought category) 
fluctuated considerably, ranging from 1100 sq. km to 850 sq. km, while the extreme 
drought category showed a steady increase from 605 sq. km in 2016 to 810 sq. km in 
2025. This suggests an increase in the extent of drought over the region. Likewise, 
the moderate and severe drought categories were prevalent throughout the study 
period, indicating persistently stressed vegetation conditions. The SPI analysis also 
indicates that a large region is often moderately dry and severely dry, showing the 
variability and lack of rainfall. Further, the correlation between the SPI and VHI 
shows a strong positive relationship (R²=0.96-0.99), suggesting that vegetation health 
is strongly linked with rainfall. The trends of both indices confirmed that vegetation 
health was directly linked to rainfall, with reduced rainfall leading to a loss in 
vegetation cover and increased agricultural drought. In summary, the results revealed 
that the Ampara region was increasingly susceptible to drought, with a growing trend 
in extreme drought over the past few years. This could result in further loss of 
vegetation cover, soil moisture loss, and increased water stress. Thus, it is crucial to 
adopt sustainable management practices such as drought-tolerant cropping, water 
resource management, and climate-proof planning to reduce the impacts of future 
droughts and promote sustainable agricultural development in the region. 

Data Availability Statement 

The datasets used in this study are publicly available on the Google Earth Engine 

platform and in other sources cited in the manuscript. The Google Earth Engine 

scripts used for data processing and analysis are available from the corresponding 

author upon reasonable request. 
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