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Abstract: Drought is a complex natural disaster with cyclical occurrence, slow onset, and wide-ranging, 
long-lasting impacts that cause severe damage to socio-economic systems, the environment, and 

ecosystems. Effective monitoring and forecasting are crucial for early detection, severity assessment, and 

drought risk management. This study presents a novel approach to drought monitoring by integrating multi-
source remote sensing data with artificial intelligence (AI) techniques. Landsat and Sentinel-2 imagery 

were used to derive ten widely applied drought indices (NDVI, SAVI, VCI, NDWI, LSWI, MSI, NDDI, TCI, 

TVDI, VHI). Machine learning algorithms, including Random Forest (RF), Support Vector Machine (SVM), 

and Gradient Tree Boosting (GTB), were employed to classify and predict drought risk based on a training 
dataset constructed from the TVDI index. The entire workflow was implemented on the Google Earth 

Engine (GEE) platform, enabling large-scale data processing and automation. The proposed method 

enhances accuracy, efficiency, and automation in drought monitoring, thereby supporting early warning 
systems and sustainable water resource management under the increasingly complex challenges of climate 

change. 

Keywords: Drought monitoring; Drought indices; Remote sensing; Machine learning; artificial 
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1. Introduction  

Drought is an abnormal and prolonged shortage of rainfall, leading to severe water scarcity for 
domestic use, production, and natural ecosystems. It can arise from multiple combined factors such as 

reduced precipitation, temperature fluctuations, and especially the impacts of global climate change. In 

scientific research and practical applications, drought is often classified into four main types: 
meteorological, agricultural, hydrological, and socio-economic drought. This classification plays an 

important role in monitoring, impact assessment, and proposing appropriate response measures. Drought 

monitoring is the process of continuously collecting, updating, analyzing, and evaluating data to track the 

onset, evolution, spatial extent, intensity, and impacts of drought in real time or near real time. According 
to Heim (2002), drought monitoring has three main objectives: early detection of drought development, 

identification of its severity and extent, and support for early warning and the development of drought risk 

management strategies. Nowadays, drought monitoring is increasingly modernized thanks to the rapid 
advancement of spatial data acquisition technologies such as GIS, remote sensing, big data analytics, and 

artificial intelligence (AI). 

Drought is among the most pervasive natural hazards, exerting profound and long-lasting impacts on 

economies, ecosystems, and societies worldwide. Unlike other rapid-onset disasters, drought develops 

slowly, persists over extended periods, and often lacks clear early warning signals. The UNCCD Global 
Drought Assessment (2020) reported that between 1998 and 2017, global droughts caused more than USD 

124 billion in economic losses and directly affected hundreds of millions of people. Recent studies further 

indicate that the frequency of severe droughts has doubled since the pre-industrial era, with Sub-Saharan 
Africa, the Mediterranean, and the western United States identified as global hotspots (Nicholson, 2014; 

Funk et al., 2015; Spinoni et al., 2015; Williams et al., 2020) (Fig.1a). 

In Vietnam, drought increasingly threatens water security and sustainable socio-economic 

development. National climate assessments reveal declining dry-season rainfall and rising average 

temperatures, particularly in drought-prone regions such as the South Central Coast, Central Highlands, 
Mekong Delta, and North Central Coast (MONRE, 2020) (Fig.1b). Moreover, socio-economic pressures, 

including rapid urbanization, population growth, agricultural expansion, groundwater overexploitation, and 

forest degradation further intensify water resource vulnerabilities. These trends highlight the urgent need 

for advanced drought monitoring and management strategies tailored to local conditions under a changing 

https://doi.org/10.29227/IM-2025-02-75


https://doi.org/10.29227/IM-2025-02-75 Received: 15 Jun 2025, Accepted: 20 Aug 2025, Published: 20 Oct 2025 

 

 

368             Journal of the Polish Mineral Engineering Society, July - December, 2025 

climate. 

  

Fig.1a. Agricultural drought in India Fig.1b. Agricultural drought in Ninh Thuan in the 

dry season of 2024 

Conventional drought monitoring methods largely rely on meteorological indices, which only 

capture precipitation deficits and provide limited spatial coverage due to dependence on sparse ground 

stations. These methods fail to directly measure critical variables such as soil moisture, vegetation health, 

or groundwater storage. By contrast, remote sensing has emerged as a powerful alternative, offering 
objective, large-scale, and long-term observations. It enables simultaneous monitoring of key factors 

including soil moisture, vegetation dynamics, land surface temperature, and water storage, thereby 

significantly enhancing drought research, assessment, and monitoring (Fig.2). 

Recent advances in big data analytics and artificial intelligence (AI) have significantly transformed 

drought monitoring. AI’s ability to handle large datasets, capture nonlinear relationships, and predict 
complex patterns makes it a powerful tool for extracting and analyzing drought information from multi-

source remote sensing data. The integration of remote sensing and AI is increasingly regarded as a key 

direction in modern drought research, particularly in regions with sparse ground-based observation 

networks such as Vietnam. The aim of this study is to develop a comprehensive framework for drought 
monitoring by integrating multi-source remote sensing data with AI-based machine learning techniques. 

The main contributions of the study include: (i) systematic selection and analysis of remote sensing datasets 

for drought monitoring; (ii) derivation and evaluation of widely used drought indices; (iii) application of 
advanced machine learning algorithms for classification and prediction; and (iv) implementation of an 

automated, cloud-based workflow to enhance scalability and operational efficiency. This approach is 

expected to improve the accuracy, timeliness, and practicality of drought monitoring and early warning 
under changing climate conditions. This framework is further detailed in the following sections, which 

describe the study area, datasets, methodological design, and implementation on a cloud-based platform. 

 

Fig. 2. Multi-indicator integrated drought monitoring using remote sensing data 

 (AghaKouchak et al., 2015) 
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2. Remote sensing data in drought monitoring 

2.1 Analysis of characteristics of remote sensing data sources 

In drought forecasting and monitoring, remote sensing data serve as a vital source of information due 
to their ability to provide large-scale, continuous, and objective environmental observations over time. 

Commonly used satellite systems include MODIS, Landsat, Sentinel-2, and VIIRS. These sensors offer 

complementary spatial, temporal, and spectral characteristics, which enable the derivation of diverse 
drought-related indices such as vegetation condition, soil moisture, and land surface temperature. In this 

study, multi-source datasets from these satellites were selected and integrated to enhance the reliability and 

accuracy of drought monitoring. 

2.1.1. MODIS (Moderate Resolution Imaging Spectroradiometer) 

MODIS is one of the most widely used Earth observation remote sensing systems in climate and 

environmental research (Jaber et al., 2020; Weng, 2009). It is mounted on two satellites, Terra (launched 

in 1999) and Aqua (launched in 2002) which operate in coordination to provide near-global coverage with 
a revisit frequency of 1–2 days. The MODIS sensor contains 36 spectral bands ranging from the visible to 

the thermal infrared region, enabling diverse applications such as land surface temperature estimation, 

vegetation monitoring, wildfire detection, water turbidity assessment, and land cover classification (NASA, 

2025). 

A key advantage of MODIS is its wide coverage and high temporal resolution, which are particularly 
useful for building long-term datasets to analyze climate and large-scale drought trends. MODIS data are 

continuous, freely available, pre-processed, and easily accessible through platforms such as Google Earth 

Engine (GEE) and NASA Earthdata, making it suitable for regional, national, or transboundary studies. 

However, MODIS is limited by its relatively coarse spatial resolution approximately 250 m for red 

and near-infrared bands, and 500–1000 m for other spectral bands. This restricts its applicability for detailed 
analyses at provincial or field scales. Moreover, the large pixel size increases the likelihood of mixed-pixel 

effects, reducing the accuracy of drought index calculations in fragmented landscapes or heterogeneous 

land-use regions. 

2.1.2 Landsat 

Landsat is one of the longest-running and most comprehensive Earth observation programs, jointly 

operated by the U.S. Geological Survey (USGS) and NASA since 1972 (NASA, 2025). To date, nine 

generations of Landsat satellites have been launched, providing valuable data for a wide range of scientific 
studies (Ghaleb et al., 2015; Khosravi et al., 2017). The most recent missions, Landsat 8 (launched in 2013) 

and Landsat 9 (launched in 2021), are equipped with the Operational Land Imager (OLI) and Thermal 

Infrared Sensor (TIRS), enabling the simultaneous acquisition of optical and thermal data (USGS, 2025) 

(Fig.3). 

Landsat provides imagery at a spatial resolution of 30 m for optical bands and 100 m for thermal 
bands, with a 16-day revisit cycle. This makes it suitable for monitoring crop growth cycles and 

environmental changes at provincial or regional scales. Landsat data are of high quality, atmospherically 

and geometrically corrected, and freely available through EarthExplorer or Google Earth Engine. 

One of the key strengths of Landsat is its long, consistent, and well-calibrated data archive. With 

records dating back to 1984, Landsat enables long-term drought trend analysis, identification of dry–wet 
cycles, and assessment of climate change impacts on land and water resources. Thermal data from TIRS 

are particularly useful for calculating integrated drought indices such as the Temperature Vegetation 

Drought Index (TVDI), which models the relationship between land surface temperature and vegetation 

growth. 

Furthermore, Landsat’s broad spectral coverage facilitates the derivation of multiple drought indices, 
including NDVI, LSWI, MSI, NDDI, and especially TVDI, which effectively reflects drought risk through 

the NDVI–LST relationship. However, Landsat also has limitations, particularly its relatively long 16-day 

revisit cycle, which is often disrupted by cloud cover during rainy seasons or in tropical regions. Despite 

these constraints, Landsat remains an optimal choice for medium- to long-term drought monitoring, 

especially when combined with higher-temporal-resolution datasets such as Sentinel-2. 
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Fig. 3. Landsat datasets on GEE 

2.1.3 Sentinel-2 

Sentinel-2 is an Earth observation satellite system under the Copernicus Programme, implemented 

by the European Space Agency (ESA). It consists of two satellites Sentinel-2A (launched in 2015) and 
Sentinel-2B (launched in 2017) operating in tandem (ESA, 2025). Both satellites carry the MultiSpectral 

Instrument (MSI), specifically designed for high-resolution monitoring of vegetation, surface water, and 

terrestrial features with a short revisit cycle (ESA, 2025) (Fig.4). 

 

Fig. 4. Sentinel-2 datasets on GEE 

Sentinel-2 provides imagery across 13 spectral bands. Among them, the 10 m bands (Blue, Green, 

Red, NIR) are suitable for vegetation analysis; the 20 m bands (Red Edge, SWIR) support assessments of 
physiological stress and soil moisture; and the 60 m bands are used for atmospheric correction. With a 

revisit cycle of only 5 days at the equator (enabled by the tandem operation of the two satellites), Sentinel-

2 enables effective monitoring of vegetation dynamics and drought conditions (Varghese et al., 2021; West 
et al., 2018). Sentinel-2 combines high spatial resolution, short revisit frequency, and diverse spectral 

coverage tailored for ecological and agricultural studies. Its imagery is freely available at high quality, and 

notably, the three Red Edge bands (Bands 5, 6, 7) are highly sensitive to changes in chlorophyll content 

and leaf structure, enabling the early detection of drought-induced vegetation stress (West et al., 2018). 
Sentinel-2 data are systematically organized and available at multiple pre-processing levels (Level-1C: 

TOA reflectance; Level-2A: surface reflectance). They can be accessed via the Copernicus Open Access 

Hub, USGS, or directly through Google Earth Engine (GEE). GEE integration allows large-scale processing 
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of thousands of Sentinel-2 images for index calculation, time-series extraction, and rapid drought mapping. 

Although Sentinel-2 lacks thermal bands, unlike Landsat, its high temporal resolution and rich spectral 

detail make it an ideal dataset for drought trend analysis, machine learning model development, and early 

drought detection in fine-scale agricultural landscapes. 

2.4 VIIRS (Visible Infrared Imaging Radiometer Suite) 

The VIIRS is a new-generation sensor developed as the successor to MODIS, deployed on the Suomi 
NPP satellite (launched in 2011) and NOAA-20 (launched in 2017) (NASA, 2025). VIIRS comprises 22 

spectral bands ranging from visible to thermal infrared, enabling measurements of land surface temperature, 

wildfire detection, nighttime light observation, and climate-related variables. It provides imagery at two 

spatial resolutions: 375 m for imagery bands (I-bands) and 750 m for moderate bands (M-bands), which is 
higher than MODIS but coarser compared to Sentinel-2 or Landsat (Fig.5). VIIRS offers reliable daily data 

acquisition under low cloud conditions, which is valuable for detecting short-term variations in temperature, 

drought extent, and wildfire risk areas. Additionally, VIIRS generates high-level data products such as Land 
Surface Temperature (LST), NDVI, EVI, and snow cover with high accuracy. However, VIIRS data have 

not yet been fully integrated into cloud-based platforms like Google Earth Engine, which presents certain 

limitations for accessibility and automated data processing. In drought research, VIIRS is often used as a 

complementary dataset alongside other remote sensing sources for large-scale monitoring and multi-source 
analysis (Benedict et al., 2021; Kogan et al., 2015). Its capabilities in nighttime imaging, thermal-sensitive 

spectral bands, and consistent daily coverage make VIIRS a promising dataset for integration with machine 

learning or deep learning models to rapidly identify drought-affected areas. 

 

Fig. 5. Some VIIRS datasets on GEE 

2.1.5 Select a remote sensing data source 

Several satellite-based remote sensing systems are widely used in drought monitoring, including 
MODIS, Landsat, Sentinel-2, and VIIRS. Each sensor offers unique advantages and limitations in terms of 

spatial resolution, temporal frequency, spectral characteristics, and data accessibility. Table 1 is the 

comparison results of major satellite data sources for drought monitoring. 

The comparison highlights that MODIS and VIIRS are advantageous for large-scale and daily 

monitoring, but their coarse resolution constrains detailed regional analyses. In contrast, Landsat and 
Sentinel-2 provide higher spatial resolution and richer spectral information, making them more suitable for 

provincial- or field-scale drought monitoring. Landsat’s long-term archive allows the analysis of multi-

decadal drought and climate variability, while Sentinel-2 provides high-frequency observations with Red 

Edge bands that enhance early detection of vegetation stress. 
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Tab. 1. Comparison of major satellite data sources for drought monitoring 

Sensor Spatial resolution 
Temporal 

resolution 
Key advantages Limitations 

MODIS 
250 m (red/NIR), 500–

1000 m (other bands) 
1–2 days 

Broad coverage, long time 

series, free & preprocessed 

Coarse resolution, 

unsuitable for 
local/regional detail 

Landsat 
30 m (optical), 100 m 

(thermal) 
16 days 

Long-term stable archive 

(since 1984), optical + 
thermal data, well-calibrated 

Low revisit frequency, 

cloud contamination in 
tropics 

Sentinel-

2 

10–20 m (optical/Red 

Edge/SWIR), 60 m 
(atmospheric bands) 

5 days (with 

twin 
satellites) 

High spatial resolution, short 
revisit, Red Edge bands 

sensitive to vegetation stress, 

free access 

No thermal bands 

VIIRS 
375 m (I-bands), 750 m 

(M-bands) 
Daily 

Nighttime light, LST, fire 

detection, higher resolution 

than MODIS 

Not fully integrated 

into cloud platforms, 

medium resolution 

Moreover, the integration of multitemporal remote sensing imagery offers a significant advantage 

for constructing continuous time series, which are essential for analyzing both seasonal and interannual 

drought dynamics. Such datasets further support the establishment of near-real-time drought monitoring 
systems, thereby strengthening the effectiveness of early warning and risk management. For these reasons, 

this study selects Landsat and Sentinel-2 as the primary data sources for calculating drought indices and 

developing machine learning models. 

2.2 Determining drought indices from multi-source remote sensing data 

In drought monitoring and forecasting studies, identifying indices that reflect soil moisture, 

vegetation status, and thermal conditions is an essential step. Drought indices are calculated from satellite-

derived spectral reflectance data, representing the physical and biological characteristics of the Earth’s 
surface. In this study, ten commonly used remote sensing-based drought indices were employed, 

categorized into three main groups: vegetation-related indices (NDVI, SAVI, VCI); soil moisture and 

surface water-related indices (NDWI, LSWI, MSI, NDDI); and composite indices (TCI, TVDI, VHI). 

2.2.1 NDVI 

The Normalized Difference Vegetation Index (NDVI) is one of the most widely used and important 

indices for vegetation monitoring and has been extensively applied in drought research (Peters et al., 2002). 

NDVI reflects vegetation greenness by measuring the difference in reflectance between the near-infrared 
(NIR) and red bands of the electromagnetic spectrum. Healthy vegetation strongly absorbs red light for 

photosynthesis and reflects NIR, whereas stressed vegetation (due to drought, pests, or land degradation) 

tends to reflect more red light and less NIR (Kamble et al., 2010). 

The NDVI is defined as follows (Tucker, 1979): 

                         𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝑅𝑒𝑑

𝑁𝐼𝑅+𝑅𝑒𝑑
                       (1) 

Where: 

NIR: near-infrared reflectance 

Red: red band reflectance 

Under drought conditions, NDVI values tend to decrease significantly due to crop water loss, leaf 

drying, and reduced photosynthetic activity. By comparing NDVI across different time periods or against 

long-term averages, researchers can identify drought-affected areas and assess the severity of drought 

impacts. 

2.2.2 SAVI 

The Soil Adjusted Vegetation Index (SAVI) was developed to overcome some of the limitations of 

NDVI, particularly the influence of bare soil in areas with sparse or unevenly distributed vegetation (Aşık, 
2020). In dryland, sandy, or semi-arid regions—areas that are often heavily affected by drought—NDVI 

values are easily distorted by strong soil background reflectance, leading to an inaccurate assessment of 
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vegetation greenness. To address this issue, SAVI incorporates a correction factor (L) to minimize soil 

background effects. 

The SAVI is calculated as follows (Huete, 1988): 

𝑆𝐴𝑉𝐼 =
(1+𝐿)(𝑁𝐼𝑅−𝑅𝑒𝑑)

𝑁𝐼𝑅+𝑅𝑒𝑑+𝐿
, 𝐿 = 0.5                            (2) 

Where: 

NIR: near-infrared reflectance 

Red: red band reflectance 

L: soil adjustment factor, commonly set to 0.5 for areas with intermediate vegetation density (Huete, 

1988). 

SAVI values have a similar interpretation to NDVI; however, the index provides more accurate 

information in areas with low vegetation cover (NDVI < 0.3). In regions with high vegetation density 
(NDVI > 0.5), SAVI and NDVI values are generally comparable. SAVI is particularly useful in drought 

studies conducted in agricultural areas, dry mountainous regions, or degraded lands, where the influence of 

barren soil may distort purely spectral indices such as NDVI. 

2.2.3 VCI (Vegetation Condition Index) 

The VCI is a time-series–normalized index that reflects the current health status of vegetation relative 

to the historically observed minimum and maximum conditions at the same location. Developed based on 

NDVI, VCI is capable of detecting abnormal vegetation responses caused by drought. 

The VCI is calculated as follows: 

𝑉𝐶𝐼 =
(𝑁𝐷𝑉𝐼−𝑁𝐷𝑉𝐼𝑚𝑖𝑛)

𝑁𝐷𝑉𝐼𝑚𝑎𝑥−𝑁𝐷𝑉𝐼𝑚𝑖𝑛
𝑥 100   (3) 

2.2.4 NDWI (Normalized Difference Water Index) 

The NDWI reflects surface moisture and the presence of water within vegetation canopies. It was 

developed by Gao (1996) to enhance the detection of surface water and vegetation moisture by exploiting 
the difference in reflectance between the green (Green) and near-infrared (NIR) spectral bands. Physically, 

green light is strongly absorbed by water, while NIR light is strongly reflected by vegetation. Therefore, 

the contrast between these two bands makes NDWI highly sensitive to changes in leaf water content and 

soil moisture. 

The NDWI is calculated as follows (Gao, 1996): 

𝑁𝐷𝑊𝐼 =
𝐺𝑟𝑒𝑒𝑛−𝑁𝐼𝑅

𝐺𝑟𝑒𝑒𝑛+𝑁𝐼𝑅
                                          (4) 

NDWI typically decreases when vegetation becomes dry due to drought, leaf water loss, or reduced 

soil moisture. Therefore, this index serves as a sensitive indicator for detecting water stress during dry 
seasons or in semi-arid regions. Moreover, NDWI is a key component in composite drought indices such 

as the Normalized Difference Drought Index (NDDI). 

2.2.5 LSWI (Land Surface Water Index) 

The Land Surface Water Index (LSWI) is widely used to assess surface moisture and water content 

in vegetation, making it particularly useful for monitoring agricultural drought and soil dryness in cultivated 

areas. LSWI is calculated based on the contrast between reflectance in the near-infrared (NIR) and 
shortwave infrared (SWIR) bands. It is highly sensitive to variations in water content within crops and soil, 

and often reflects drought conditions more clearly before NDVI exhibits a significant decline. 

The formula for calculating LSWI is as follows (Xiang et al., 2020): 

𝐿𝑆𝑊𝐼 =
𝑁𝐼𝑅−𝑆𝑊𝐼𝑅

𝑁𝐼𝑅+𝑆𝑊𝐼𝑅
                                     (5) 

LSWI is often used to identify transitional stages between crop seasons, distinguish between flooded 

and dry areas, or detect regions experiencing severe water scarcity during prolonged dry seasons. 

2.2.6 MSI (Moisture Stress Index) 

The Moisture Stress Index (MSI) is a remote sensing spectral index specifically designed to assess 
vegetation moisture stress, a phenomenon commonly observed during the early or middle stages of drought. 

This index reflects changes in leaf water content through the relationship between shortwave infrared 

(SWIR) and near-infrared (NIR) reflectance. When plants experience water stress, the reduction in leaf cell 
water content leads to an increase in SWIR reflectance and a decrease in NIR reflectance, resulting in a 

https://doi.org/10.29227/IM-2025-02-75


https://doi.org/10.29227/IM-2025-02-75 Received: 15 Jun 2025, Accepted: 20 Aug 2025, Published: 20 Oct 2025 

 

 

374             Journal of the Polish Mineral Engineering Society, July - December, 2025 

higher MSI value. 

The formula for calculating MSI is as follows: 

𝑀𝑆𝐼 =
𝑆𝑊𝐼𝑅

𝑁𝐼𝑅
                                          (6) 

Where: 

NIR: near-infrared reflectance. 

SWIR: shortwave infrared reflectance. 

The MSI value usually ranges from 0.2 to above 2, depending on vegetation type and climatic 

conditions. Unlike NDVI or NDWI, which primarily reflect overall vegetation growth or the presence of 
water, MSI focuses on the intrinsic physiological characteristics of plants. Therefore, MSI is particularly 

useful for the early detection of drought-induced stress, even when plants still appear green in terms of 

morphology. 

2.2.7 NDDI (Normalized Drought Difference Index) 

NDDI is a composite index developed to enhance drought detection by combining two widely used 

indices: NDVI (Normalized Difference Vegetation Index) and NDWI (Normalized Difference Water 
Index). This index leverages the correlation between vegetation growth status (NDVI) and water content 

(NDWI) to more accurately reflect drought severity in the study area. 

The formula for NDDI is defined as follows (Gu et al., 2007): 

𝑁𝐷𝐷𝐼 =
𝑁𝐷𝑉𝐼−𝑁𝐷𝑊𝐼

𝑁𝐷𝑉𝐼+𝑁𝐷𝑊𝐼
                                     (7) 

Where: 

NDVI: Normalized Difference Vegetation Index 

NDWI: Normalized Difference Water Index 

NDDI values typically range from –1 to +1. 

The advantage of NDDI lies in its ability to detect areas experiencing water stress even when NDVI 

values remain high, a situation commonly observed during the early stages of drought when vegetation still 
appears green but has already started losing water in leaf tissues. This makes NDDI particularly suitable 

for early detection and drought risk warning. 

2.2.8 TCI (Temperature Condition Index) 

TCI reflects the surface temperature condition of vegetation, based on the assumption that when 

crops or vegetation experience drought-induced stress, their surface temperature increases significantly. 

This index uses Land Surface Temperature (LST) data normalized over a time series to evaluate thermal 

stress in vegetation. 

The formula for calculating TCI is as follows (Kogan, 1995): 

𝑇𝐶𝐼 =
(𝑇𝑚𝑎𝑥−𝑇)

𝑇𝑚𝑎𝑥−𝑇𝑚𝑖𝑛
𝑥 100                                    (8) 

Where: 

T: Land surface temperature at the time of observation. 

Tmin: Minimum land surface temperature in the time series. 

Tmax: Maximum land surface temperature in the time series. 

The value of TCI ranges from 0 to 100. 

TCI is often used in combination with VCI to derive the composite Vegetation Health Index (VHI). 

This is a useful tool to distinguish between water stress (VCI) and heat stress (TCI), thereby identifying the 

causes affecting vegetation. 

2.2.9 TVDI (Temperature Vegetation Dryness Index) 

TVDI is one of the most widely used composite drought indices today, thanks to its ability to integrate 
information from two important data sources: land surface temperature (LST) and vegetation index (NDVI). 

This index was developed based on the linear relationship between LST and NDVI under dry conditions, 

forming a “drought triangle” on the scatterplot (Bian et al., 2023). The core idea is that, for the same level 

of vegetation greenness, areas with higher surface temperatures are considered drier. 

The formula for TVDI (Sandholt et al., 2002): 
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𝑇𝑉𝐷𝐼 =
𝑇𝑠−𝑇𝑠𝑚𝑖𝑛(𝑁𝐷𝑉𝐼)

𝑇𝑠𝑚𝑎𝑥(𝑁𝐷𝑉𝐼)−𝑇𝑠𝑚𝑖𝑛(𝑁𝐷𝑉𝐼)
𝑥 100     (9) 

 

Where: 

Ts: Land surface temperature at each pixel. 

Tsmax(NDVI): Upper boundary (dry edge) – the maximum temperature value corresponding to each 

NDVI. 

Tsmin(NDVI): Lower boundary (wet edge) – the minimum temperature value corresponding to each 

NDVI. 

The TVDI values range between 0 and 1. The TVDI has the outstanding advantage of eliminating 
the influence of crop type and background environment, since it is calculated specifically based on the 

NDVI–LST relationship for each region and time period. This enhances the objectivity and broad 

applicability of TVDI across different climatic and ecological zones. 

2.2.10 VHI (Vegetation Health Index) 

The Vegetation Health Index (VHI) was designed to provide an overall view of vegetation health by 

integrating both temperature conditions (TCI) and growth status (VCI). This composite index helps assess 

the combined effects of thermal stress and physiological stress due to drought on vegetation. 

The VHI is calculated as follows (Kogan, 1997): 

𝑉𝐻𝐼 = 𝛼 ⋅ 𝑉𝐶𝐼 + (1 − 𝛼) ⋅ 𝑇𝐶𝐼, 𝛼 = 0.5     (10) 

Where: 

VCI: Vegetation Condition Index. 

TCI: Temperature Condition Index. 

α: weight factor (commonly set to 0.5). 

The main advantage of VHI lies in its ability to combine two critical factors affecting vegetation 

moisture and temperature, thus providing a more accurate reflection of overall plant health. This is 

particularly useful in areas where relying on a single index may lead to misleading interpretations.      

3. Application of Artificial Intelligence in Drought Monitoring 

3.1 The Role of Machine Learning in Drought Risk Zoning and Monitoring 

AI, particularly ML, has emerged as a powerful tool for extracting, analyzing, and forecasting 

drought conditions using multi-source remote sensing data. ML algorithms enable the processing of large 
datasets with nonlinear relationships, automatically detecting complex patterns and improving the accuracy 

of classifying different drought severity levels across space. The application of machine learning in drought 

monitoring not only accelerates data analysis but also enhances forecasting capabilities, thereby supporting 

timely decision-making for resource and agricultural management agencies (Prodhan et al., 2022). In this 

study, three machine learning algorithms are employed: RF, SVM, and GTB. 

3.2 Typical machine learning algorithms 

3.2.1 Random Forest  

RF is an ensemble machine learning algorithm developed based on the Bagging technique (Breiman, 

2001). The algorithm constructs a "forest" of multiple independent decision trees, each trained on a random 
subset of the dataset. The combination of these decision trees enhances the model’s generalization ability 

and reduces overall variance. RF performs classification through majority voting or regression tasks 

through averaging (Parmar et al., 2018). 

3.2.2 Support Vector Machine  

SVM is a supervised machine learning algorithm that excels in classification tasks due to its ability 

to generate an optimal hyperplane to separate data classes (Suthaharan, 2016). The main objective of SVM 

is to identify a hyperplane that maximizes the margin between the hyperplane and the nearest data points 
from both classes. SVM can also be extended to nonlinear classification problems through the use of kernel 

techniques, which map the data into a higher-dimensional feature space. 

3.2.3. Gradient Tree Boosting  

Gradient Tree Boosting is a powerful machine learning algorithm belonging to the boosting family, 

developed based on the idea of sequentially improving weak models (decision trees) to create a strong 
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overall model (Friedman, 2002). In GTB, decision trees are built sequentially, with each tree attempting to 

minimize the errors of the previous trees by learning from the gradient of the loss function. 

4. Integrated Drought Monitoring Methodology  

This study aims to develop a drought risk prediction model for Quang Tri Province by integrating 

multi-source remote sensing data with machine learning techniques. The entire workflow is implemented 

on the Google Earth Engine cloud platform to leverage its capabilities in big data processing and 

automation. The data processing procedure consists of the following steps: 

Step 1: Data assessment and collection 

The first step is to conduct an overview assessment of the study area and collect remote sensing data. 

Quang Tri Province was selected due to its frequent exposure to prolonged drought conditions. The study 
employs satellite imagery from two primary sources: Landsat and Sentinel-2, covering the period from 

2016 to 2025, restricted to the dry season months (March to September). 

Step 2: Calculation of drought indices 

Ten drought indices, as presented in Section 2.2, are calculated from the pre-processed satellite 

imagery. Specifically, TVDI and TCI are derived from Landsat imagery, while the remaining indices are 

computed from Sentinel-2. 

Step 3: Sample dataset construction 

TVDI is used as the basis for labeling drought severity at the pixel level, as it directly reflects surface 

dryness (Trinh, 2014). TVDI values are classified into five thresholds, corresponding to five drought levels: 

No drought (0.0 - 0.2), Mild drought (0.2 - 0.4), Moderate drought (0.4 - 0.6), Severe drought (0.6–0.8), 
and Extreme drought (0.8 - 1.0) (Chen et al., 2023). This multi-level classification allows the machine 

learning models not only to distinguish between drought and non-drought areas but also to quantify the 

severity of drought. From each drought category, 200 pixels (a total of 1,000 samples) are selected to build 
the training and testing dataset. Each pixel is assigned a label representing drought severity along with a 

feature set comprising the values of the 10 drought indices. 

Step 4: Drought risk modeling using machine learning 

Three machine learning models: Random Forest (RF), Support Vector Machine (SVM), and Gradient 
Tree Boosting (GTB) are employed for performance comparison. The dataset is split into a training set 

(70%) and a testing set (30%). Model performance is evaluated using overall accuracy and the Kappa 

coefficient to assess and compare the effectiveness of the algorithms (Maxwell et al., 2018) Step 5: 

Drought risk prediction and mapping 

The best-performing model is applied to the entire set of remote sensing imagery for Quang Tri 
Province to generate drought risk maps. The results are presented as annual drought risk maps, illustrating 

the spatial dynamics of drought across the study area for the period 2016 - 2025. 

5. Discussion of effectiveness and challenges 

The integrated drought monitoring approach, which combines multi-source remote sensing data with 

machine learning techniques, demonstrates significant effectiveness in capturing spatiotemporal drought 

dynamics. By utilizing a diverse set of drought indices, the method provides a comprehensive assessment 
of vegetation health, soil moisture, and thermal conditions, thereby enabling early detection and 

classification of drought severity. Furthermore, the application of machine learning models such as Random 

Forest, Support Vector Machine, and Gradient Tree Boosting enhances predictive accuracy and facilitates 

the generation of detailed drought risk maps. These outputs are particularly valuable for resource managers 

and policymakers in drought-prone regions. 

However, the methodology also faces several challenges. The quality and availability of remote 
sensing data may be constrained by cloud cover, atmospheric effects, and spatial resolution limitations, 

particularly in heterogeneous landscapes. Model performance is highly dependent on the quality and 

representativeness of training data, which may not fully capture local variability in vegetation and climate 
conditions. In addition, machine learning models often function as “black boxes,” making it difficult to 

interpret the underlying drivers of drought stress. These limitations may affect the consistency and 

transferability of the method across different regions and timescales. 

To address these challenges, several future directions are proposed. First, integrating satellite-derived 

indices with ground-based observations (e.g., soil moisture sensors, meteorological records, and crop yield 
data) will strengthen model calibration and reliability. Second, multi-source and multi-scale data fusion, 
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including MODIS, VIIRS, or SMAP, can improve the spatial and temporal continuity of drought 

monitoring. Third, developing hybrid models that combine machine learning with physical or statistical 

approaches may enhance both predictive power and interpretability. The incorporation of explainable AI 
(XAI) techniques can further improve the transparency of model outputs and their utility in decision-

making. Finally, the establishment of automated, cloud-based operational frameworks will enable real-time 

drought monitoring and early warning, thereby supporting adaptive management in the context of 

increasing climate variability. 

6. Conclusion 

This study presented a comprehensive and modern approach to drought monitoring, integrating 

multi-source remote sensing data and artificial intelligence techniques on the Google Earth Engine 
platform. The method leverages the advantages of Landsat and Sentinel-2 to compute ten drought indices, 

which are then processed using powerful machine learning algorithms such as RF, SVM, and Gradient Tree 

Boosting to classify and predict drought risk. This integrated framework addresses the limitations of 
traditional monitoring approaches by improving accuracy, automation, and large-scale data processing 

capacity, thereby providing timely and reliable information for drought risk management and water 

resource planning. 

To further enhance this methodology, future research could focus on integrating ground-based 

observations, meteorological data, and socio-economic factors to improve accuracy and predictive 
capability. The adoption of more advanced deep learning architectures, such as Convolutional Neural 

Networks and Long Short-Term Memory networks, could strengthen time-series modeling and long-term 

forecasting. Moreover, developing interpretable or “white-box” AI models would provide greater insights 

into the decision-making process, thereby increasing the transparency and usability of predictions. Finally, 
scaling up the proposed framework could contribute to the development of an intelligent and efficient 

nationwide drought early warning system. 
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