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Abstract 

Drought monitoring and prediction remain critical challenges in climate science and 

agricultural management, particularly under accelerating climate change. This study presents a 

comprehensive machine learning framework for drought susceptibility mapping in Iowa, USA, 

using multi-source Earth observation data and explainable artificial intelligence. We 

systematically evaluated eleven supervised learning algorithms including gradient boosting 

methods (LightGBM, XGBoost, CatBoost), ensemble approaches (Random Forest, Extra 

Trees), and neural networks for classifying drought severity based on United States Drought 

Monitor (USDM) categories. The models were trained on 8,200 stratified samples derived from 

satellite-based vegetation indices (NDVI, EVI, LAI, FPAR, VCI, VHI), land surface 

temperature metrics (LST, TCI), precipitation data (CHIRPS), soil moisture (SMAP), and land 

cover information spanning 2015-2021. Performance evaluation using confusion matrices, F1-

scores, and ROC-AUC analysis revealed that gradient boosting algorithms significantly 

outperformed traditional machine learning approaches, with LightGBM achieving the highest 

accuracy (95%) and macro-averaged F1-score (0.94). SHAP (SHapley Additive exPlanations) 

interpretability analysis identified precipitation deficits, soil moisture anomalies, and 
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vegetation stress as primary drought drivers, with synergistic interactions between elevated 

temperature and reduced rainfall amplifying severe drought conditions. Spatial predictions 

demonstrated climatologically consistent patterns, with elevated drought susceptibility in 

southwestern Iowa and lower risk in northern riverine corridors. The framework's ability to 

replicate expert-driven drought classifications while providing mechanistic insights establishes 

machine learning as a viable complement to traditional drought monitoring systems. These 

findings contribute to the growing body of climate informatics research and provide a 

transferable methodology for drought early warning systems in agricultural regions globally. 
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1. Introduction 

Global temperature rise has accelerated hydroclimatic extremes, making drought one of the 

most pervasive and consequential natural hazards worldwide. Mean surface temperatures 

increased by 0.6 °C between 1901 and 2001 (Seo et al., 2025; Pande et al., 2024), intensifying 

evaporative demand and amplifying water scarcity across diverse climatic zones. Unlike rapid-

onset hazards, drought develops gradually over weeks to years (Zhang et al., 2025), exerting 

prolonged stress on water resources, agricultural productivity, ecosystems, and socio-economic 

stability (Burka et al., 2024). With global food demand projected to rise by 60–110% by 2050 

(Ali et al., 2024), the capacity to assess drought susceptibility (DS) and forecast drought 

severity has become a crucial component of early warning systems (EWS) and resource 

planning. 

Recent studies highlight sustained intensification of drought frequency, severity, and spatial 

extent worldwide. Flash droughts are rapidly emerging drought driven by atmospheric 

evaporative demand (AED) have increased globally nearly 74% over the past six decades (Yuan 

et al., 2023). Between 2018 and 2022, the global area under moderate to severe drought 

expanded by nearly 74% relative to 1981-2017, with AED accounting for 42% of the 2022 

impacts (Gebrechorkos et al., 2025). Drought accounted for an estimated 650,000 deaths 

between 1970 and 2019 and more than USD 249 billion damages since 1980 (Mishra et al., 
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2025). Approximately 75 million people continue to be directly affected annually (Mani et al., 

2024). 

In the United States, drought remains one of the most persistent climate-related hazards, 

disrupting agricultural production, water supply, public health, and regional economies  

(Leeper et al., 2022)(Leeper et al., 2022; Zhang et al., 2025). National losses since 1980 have 

exceeded USD 131 billion (Smith,2020). The Midwest, an agricultural hotspot, is particularly 

vulnerable to drought. Drought-induced rainfall deficits directly reduce yields, disrupt river 

navigation on the Mississippi and Ohio rivers, and elevate shipping and energy costs (Hoell et 

al., 2021). The 2012 Midwest drought alone imposed USD 34.5 billion in losses. Future 

projections anticipate more frequent, prolonged, and severe drought episodes across the central 

United States (Altman et al.,2024; Kotz et al., 2024). 

Effective drought management requires accurate identification of areas most susceptible to 

drought under evolving climatic, environmental, and land-use conditions. Traditional drought 

susceptibility mapping (DSM) approaches have not kept pace with the increasing complexity 

and nonlinearity of drought processes, nor with the expanding volume of remote-sensing (RS) 

and in-situ environmental data now available for analysis. This underscores the need for 

advanced technological approaches to address these challenges.   

Traditional DSM methods rely heavily on climate indices derived from precipitation and 

temperature records (Mullapudi et al., 2023). Widely applied indices include the Standardized 

Precipitation Index (SPI), Palmer Drought Severity Index (PDSI), and Standardized 

Precipitation Evapotranspiration Index (SPEI), each operating across different temporal scales 

(Adnan et al., 2023; Keyantash, 2021; Edossa et al., 2016; Vicente-Serrano et al., 2010). 

Complementary indices such as the Reconnaissance Drought Index (RDI), Effective Drought 

Index (EDI), Streamflow Drought Index (SDI), Groundwater Resource Index (GRI), 

agricultural SPI (aSPI), and enhanced Reconnaissance Drought Index (eRDI) have expanded 

this toolbox (Ahmadi et al., 2021; Deo et al., 2017; Jahangir et al., 2024; Yuce et al., 2023; 

Katipoğlu, 2023; Azadeh et al., 2025; Sellathurai and Sivakumar, 2021; Tigkas et al., 2022). 

While the USDM and NDMC (The National Drought Mitigation Center) provide authoritative 

operational drought monitoring, there remains a methodological need for reproduceable, hig-

resolution, and explainable ML frameworks that (i) harmonize multi-sensor predictors, (ii) 
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systematically benchmark multiple learners under a unified protocol, and (iii) generate sub-

county scale drought susceptibility information to support local management decisions. 

Although these indices quantify hydroclimatic anomalies, they often lack the spatial granularity 

and non-linear modeling capacity required for fine-scale drought susceptibility assessment. 

Moreover, linear or rule-based multi-criteria techniques such as Analytical Hierarchy Process 

(AHP) integrate soil, vegetation, and terrain attributes but cannot robustly capture non-linear 

relationships or complex interactions that govern DS (Patel and Patel, 2024; Nabiollahi et al., 

2024; Abdekareem et al., 2024; Alsafadi et al., 2022).  

Studies consistently reported that index-based DSM systems underperform when 

environmental drivers exhibit nonlinear interactions, abrupt vegetation responses, or threshold 

behavior (Huang et al., 2025). Statistical drought models such as ARIMA and SARIMA also 

struggle to represent multi-dimensional environmental predictors and typically require 

stationary time series (Trion et al.,2021; Hao et al.,2018). As a result, these tools often 

underestimate DS, misclassify susceptibility zones, or provide delayed warning signals. 

Although machine learning (ML) and deep learning (DL) have increasingly been used for 

drought prediction and mapping, most studies focus on pixel-based predictions or temporal 

forecasting, with fewer efforts dedicated to producing interpretable and scalable DSM at county 

and regional levels. Many ML studies also lack systematic benchmarking across architectures, 

use limited predictor sets, and provide little transparency regarding feature importance, 

reflecting the black-box nature of ML models. These limitations restrict operational efficiency 

and hinder effective decision making. 

Recent works show that ML models, including RF, CVM, XGBoost, CatBoost, LightGBM, 

and LSTM, outperform classical statistical models in drought prediction (Xu et al., 2024; Piri 

et al., 2023; Danandeh et al., 2023; Prodhan et al., 2022). However, these applications often 

rely on narrow predictor sets, small geographic domains, or short time periods. Interpretability 

is a major barrier: many ML models function as “black-boxes,” prompting the recent adoption 

of explainable AI (XAI) tools such as SHAP and LIME to elucidate variable contributions 

(Samek, 2023; Camps-Valls et al., 2025; Materia et al., 2024). Few studies integrate high-

resolution environmental variables with USDM drought categories in a supervised learning 

framework, and even fewer systematically compare multiple ML algorithms for county-scale.  
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Iowa is one of the most agriculturally productive states in the U.S. Midwest and faces 

increasing hydroclimatic stress due to warming temperatures, precipitation variability, and 

expanding evaporative demand. Its heavy reliance on rainfed agriculture and shallow aquifer 

systems heightens vulnerability to drought. Yet, DSM research in the Midwest is limited, often 

conducted at coarse regional scales and lacking fine-scale ML-based susceptibility maps that 

incorporate USDM classifications. As projections indicate intensifying extremes across the 

region (Alman et al., 2024), actionable county-level drought risk information is urgently 

needed to support adaptive water policy, crop planning, and climate-resilient management. 

This study addresses these gaps by integrating remote sensing, climate indicators, and 

advanced ML algorithms to generate a high-resolution DSM for Iowa using USDM severity 

classifications as the target variable. Eleven ML models- XGBRegressor, CatBoost, 

LightGBM, Extra Trees, Random Forest (RF), Gaussian Naïve Bayes, K-nearest neighbor, 

Bagging, Support vector machines (SVM), XGBoost, and Multilayer perceptron are 

systematically benchmarked. The framework evaluates predictive accuracy, computational 

performance, and interpretability using SHAP-based XAI to identify the most influential 

environmental drivers. The novelty lies in (i) the comprehensive comparison of diverse ML 

algorithms for DSM, (ii) the integration of an explainable, scalable, and replicable ML-XAI 

workflow tailored to county-scale drought management. 

Therefore, the aim of this study is to develop a robust, interpretable, and transferable ML-based 

methodology for drought susceptibility mapping in Iowa, with potential application to other 

regions experiencing accelerating hydroclimatic extremes. By combining high-resolution 

environmental predictors, advanced ML models, and XAI tools, this study contributes an 

operationally relevant framework for early warning, agricultural planning, and climate-resilient 

water management.  

2. Materials and Methodology 

This section outlines the methodological framework adopted in this study, which integrates 

Earth observation data (EOD) with supervised machine learning (ML) techniques to develop a 

spatially explicit drought classification system for Iowa. The approach leverages historical 

drought severity categories provided by the U.S. Drought Monitor (USDM) as reference labels 

for training. To evaluate temporal generalization, models were trained using annual composites 
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for 2015-2021 and independently tested on the unseen year 2022. This design provides a 

forward-year out-of-sample assessments rather than a purely random split. It should be noted 

that the framework is intended for short-horizon drought classification and susceptibility 

mapping rather than fully operational seasonal forecasting. Extension to longer lead-time 

prediction would require the use of strictly antecedent predictors and climate forecast inputs, 

which is identified as future work. The methodology is structured into seven primary 

components: study area definition, satellite driven data acquisition, feature engineering, 

training and validating samples, machine learning model development, accuracy assessment, 

spatial prediction and visualization of drought risk assessment (Fig.2) 
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Fig.2 Methodology flowchart for this study 

2.1 Study Area 
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Iowa is located in the heart of the American Midwest, extends between 40°23′ and 43°30′ North 

latitude and 90°8′ and 96°38′ West longitude (Islam et al.,2025), covering an area of about 

145,743 square kilometers (Fig.3). The state is bounded by two of the most important river 

systems in North America: the Mississippi River forms its eastern border, while the Missouri 

and Big Sioux Rivers define much of its western edge (Shepard et al.,2024). Within the state, 

a dense network of rivers and tributaries (Yang and Jin,2010) including the Des Moines, Cedar, 

Iowa, Skunk, and Raccoon Rivers, drains into either the Mississippi or Missouri basins, 

creating a landscape that is both hydrologically interconnected and sensitive to climate 

variability (Yildirim and Demir,2022). The physiography of Iowa is shaped by repeated 

glaciations that produced gently rolling plains, fertile loess soils, and extensive agricultural 

landscapes. Over 85 percent of the land area is under cultivation, with corn and soybeans 

dominating the cropping system (USDA,2024, Cintura and Arenas,2025). The state 

consistently ranks as the leading U.S. producer of corn and ethanol, while also contributing 

significantly to soybean, pork, and egg production (Sun et al.,2025; Peters, 2024). This 

agricultural prominence makes Iowa highly vulnerable to fluctuations in water availability 

(Grant et al.,2024). Even short-term precipitation deficits can reduce moisture, lower crop 

yields, and cause cascading impacts on regional and global commodity markets.  

 

Fig.3 Location of study area with DEM map 

Iowa has a humid continental climate with marked seasonality (Hashemi et al.,2025). Average 

annual precipitation during agricultural production ranges from approximately 400 mm to 600 

mm (Islam et al.,2025). Average annual temperatures vary from about 7 °C in the north to 11 

°C in the south. Summers are warm to hot and often humid, while winters are cold, with 

frequent snowfall. Precipitation patterns and temperature variability are strongly influenced by 
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large-scale atmospheric phenomena such as the El Niño–Southern Oscillation, which can lead 

to either wetter or drier than normal conditions. 

 

Fig.4 United States Drought Monitor annual classification for Iowa in 2012 showing spatial 

variability in drought severity across the state. 

From a climate risk perspective, Iowa represents a critical case study. Iowa has incurred 

substantial drought and flood damage across both its urban centers and agricultural regions. 

From 1980 to 2024, Iowa experienced 16 drought-related disaster events with individual 

damages exceeding USD 1 billion (NOAA,2024) and since 1953, the state has recorded 29 

federally declared flood disasters (Yildirim and Demir,2022; FEMA,2021). It is simultaneously 

a global center of agricultural production and a region increasingly exposed to climate 

extremes. Fig.4 shows an illustration of USDM based drought of 2012 in Iowa. Projections 

indicate that rising evapotranspiration and shifting precipitation regimes will intensify drought 

frequency and severity in the Midwest, making Iowa an ideal laboratory for advancing drought 

susceptibility mapping and predictive modeling. 

2.2 Satellite data acquisition 

The predictor dataset integrated twelve drought-influencing variables (Table 1), derived from 

Earth observation and reanalysis products and accessed primarily through Google Earth Engine 

(GEE) and complementary repositories. The temporal coverage extended from 2015 to 2021, 

capturing interannual hydroclimatic variability across Iowa. Spatial resolutions varied 
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substantially, from 500 m for MODIS-derived vegetation metrics (LAI, FPAR) to 9 km for 

SMAP soil moisture, while temporal frequencies ranged from 8-day (vegetation, temperature, 

and moisture indices) to annual land cover composites. All variables were resampled and 

harmonized to a uniform 0.05° (~5 km) grid and reprojected to the NAD 1983 coordinate 

system to ensure cross-variable comparability (Glinka et al., 2022). 

The feature set encompassed vegetation indices (NDVI, EVI, LAI, FPAR, VCI, VHI), thermal 

condition proxies (LST, TCI), and hydroclimatic drivers including precipitation (CHIRPS) and 

volumetric soil moisture (SMAP, 9 km, 2–3-day composites). Land cover information 

(MCD12Q1, 500 m, annual) provided structural context, while USDM-based categorical 

drought layers (0.025°, weekly) served as the ground-truth inventory for supervised 

classification. Preprocessing involved rescaling variables using sensor-specific scaling factors, 

aggregating to annual composites to minimize short-term variability, and excluding pixels with 

missing values. The resulting geospatial stack constituted a consistent, multivariate dataset 

suitable for training and validation of supervised machine learning classifiers, accuracy 

assessment, and subsequent drought susceptibility mapping. 

2.3 Feature preparation 

2.3.1 Drought inventory preparation 

The drought inventory in this study was derived from the U.S. Drought Monitor (USDM), 

which integrates various drought indicators such as precipitation anomalies, soil moisture, 

vegetation indices, and expert assessments (Hobeichi et al.,2022). These factors are used to 

classify drought severity into a five-class ordinal scale, ranging from D0 (abnormally dry) to 

D4 (exceptional drought) (Svoboda et al., 2002). The drought inventory serves as a consistent, 

operational benchmark for drought monitoring and has been previously employed in machine 

learning studies replicating USDM classifications (Hatami et al., 2021). The annual USDM 

composite classifications were accessed via Google Earth Engine (GEE) and rasterized onto 

the study grid at a resolution of 0.05°. These categorical historical drought layers of study area 

were used as the ground truth for training the predictive model. By intersecting the layers, the 

final image was taken which filtered only those pixels common in all the seven drought events.  

For sampling a total of 8200 samples were generated using equally random stratified techniques 
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(Waleed and Sajjad, 2025) ensuring balanced proportions for each drought class. Then, all the 

samples were split into 80% for training and 20% for testing the ML models. 

2.3.1.1 Drought Classification Labels 

The target variable in this study was derived from the United States Drought Monitor (USDM), 

a nationally integrated drought classification system (Hatami et al., 2021; Cintura & Arenas, 

2025). The USDM assigns drought severity on a five-category ordinal scale, ranging from D0 

(Abnormally Dry) to D4 (Exceptional Drought), based on a convergence of indicators, 

including precipitation anomalies, vegetation health, soil moisture deficits, and expert 

interpretations. The classification is updated weekly and reflects a consensus drawn from both 

quantitative datasets and field-level assessments. 

In this study, annual USDM composite rasters were obtained via Google Earth Engine (GEE) 

and restructured into categorical formats to serve as the ground truth for training and validating 

the supervised drought classification model. This process ensures that the dataset captures the 

full variability and complexity of drought severity across the study region. 

To highlight the robustness and suitability of the USDM for machine learning applications, 

Table 2 summarizes the key structural and operational features of the USDM, which makes it 

a widely trusted source for understanding drought conditions across the U.S. and globally. 

Table 2. Structural and operational features of the United States Drought Monitor (Hatami et 

al.,2021; Svoboda et al.,2002) 

Characteristic Description 

Nationwide Integration Coordinated by the NDMC, USDA, CPC, and NCEI, with 

authors rotating biweekly to produce updated maps. 

Local Expert 

Collaboration 

Involves input from over 425 field observers (e.g., 

climatologists, hydrologists, USDA officials) who contribute 

regional knowledge to refine classifications. 

Simplicity and 

Transparency  

The D0–D4 classification scale is easily interpretable and 

widely adopted in policy and communication contexts. 
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Multivariate Integration Synthesizes diverse data including precipitation, soil moisture, 

streamflow, vegetation stress, and remote sensing products. 

Flexible and Adaptive Continuously integrates new technologies and data streams to 

maintain scientific rigor and operational relevance. 

Timely and Consistent  Released weekly, the maps provide up-to-date drought 

conditions and facilitate near-real-time decision-making. 

 

2.3.2 Drought Conditioning Factors 

A recent study by Burka et al.,2024 used 15 drought influencing factors but, in this study, we 

used 11 factors (Fig.5) depending on the ease of data availability and speed of ML model 

processing. In this study the multivariate feature set was designed to capture biophysical and 

hydroclimatic processes relevant to drought (Hao and Singh, 2015). This included vegetation 

greenness and canopy structure (NDVI, EVI, LAI, FPAR), (Ma et al.,2023) surface thermal 

dynamics (LST, TCI) (Li et al.,2024; Lu et al.,2013), moisture availability (precipitation, soil 

moisture) (Oyounalsoud et al.,2024), and land cover (Xiao et al.,2023). Additional indices such 

as the Vegetation Condition Index (VCI) and the Vegetation Health Index (VHI) were derived 

by integrating vegetation stress with thermal anomalies (Kogan,1995), thereby enhancing 

sensitivity to drought impacts on ecosystems (Bento et al.,2018). 

2.3.3 Data preparation and preprocessing for drought variables 

To construct a consistent, scalable, and geospatially robust input dataset for drought modeling, 

we synthesized a multi-source stack of remote sensing variables over the state of Iowa. 

Leveraging Google Earth Engine (GEE) as the primary data platform, we accessed harmonized 

Earth observation products spanning vegetation dynamics (MODIS MOD13A2 and 

MOD15A2H), thermal regimes (MOD11A2), hydrometeorological indices (CHIRPS 

precipitation, SMAP soil moisture), and land surface classifications (MCD12Q1). The raw 

imagery was aggregated temporally (mean composites for 2015–2021), then spatially subset to 

Iowa’s administrative boundary using the TIGER 2018 shapefile (U.S. Census Bureau, 2018). 

Each raster variable was rescaled using standard factors documented in MODIS technical 

guides—e.g., NDVI and EVI by 0.0001, LST by 0.02, and LAI/FPAR by 0.1. Additional 

condition indices were derived to enhance vegetation–climate interaction modeling: the 
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Temperature Condition Index (TCI) and Vegetation Condition Index (VCI) were calculated via 

min-max normalization of LST and NDVI, respectively. These two indices were further 

integrated into the Vegetation Health Index (VHI), aligning with prior drought impact studies 

(Kogan, 1997; Hao & AghaKouchak, 2014). The resulting variables were compiled into a 

single 12-band georeferenced composite image (including the drought training image) and 

converted into a 3D xarray.Dataset, facilitating efficient memory handling and array-based 

operations over large spatiotemporal domains (Hoyer & Hamman, 2017). Using the xee engine, 

this raster stack was extracted to a tabular format (pandas.DataFrame) via pixel-level flattening, 

enabling subsequent machine learning workflows. Figure 6 illustrates the preprocessing 

pipeline, where satellite-derived variables were transformed from raw multi-band rasters into 

spatially consistent arrays and ultimately into a structured 2D tabular format. This 

progression—from pixel to dataframe—ensures interoperability across Python’s scientific 

computing ecosystem (e.g., scikit-learn, xgboost, SHAP). Moreover, such integration aligns 

with best practices in replicating the U.S. Drought Monitor (USDM) categories (Hatami et al., 

2021; Cintura & Arenas, 2025), while supporting reproducibility through open-access data 

sources and scalable cloud-based processing. 

By aggregating vegetation health, land surface characteristics, thermal anomalies, and moisture 

availability, the data preprocessing stage provides a holistic representation of drought-relevant 

phenomena. This multivariate conditioning ensures that downstream classification models can 

capture the nonlinear interactions among agro-ecological and climatological variables, thereby 

enhancing predictive performance and policy relevance.
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Table 1. Data types, sources and related attributes of data used in this research  

No. Parameters Data Type Resolution Data Provider Source (Data Extraction Website) Temporal 

Window 

1 NDVI Satellite-derived index 

that measures the 

density of chlorophyll 

(greenness) 

1 km, 16-day composites U.S. Geological Survey (USGS) Earth 

Resources Observation and Science (EROS) 

Center (MOD13A2.061) 

 

https://www.chc.ucsb.edu/ 2015-2021 

2 EVI Enhanced vegetation 

index 

1 km, 16-day composites U.S. Geological Survey (USGS) Earth 

Resources Observation and Science (EROS) 

Center 

https://www.chc.ucsb.edu/ 2015-2021 

3 Fpar Fraction of 

Photosynthetically 

Active Radiation 

500 m, 8-day composites NASA MODIS (MOD15A2H) https://www.earthdata.nasa.gov/cen

ters/lp-daac 

2015-2021 

4 LAI Leaf Area Index 500 m, 8-day composites NASA MODIS (MOD15A2H) https://www.earthdata.nasa.gov/cen

ters/lp-daac 

2015-2021 

5 TCI Temperature Condition 

Index 

1 km, 8-day composites NASA MODIS (MOD11A2 LST product) https://www.earthdata.nasa.gov/cen

ters/lp-daac 

2015-2021 

6 LST MODIS LST 1 km, 8-day composites U.S. Geological Survey (USGS) Earth 

Resources Observation and Science (EROS) 

Cente 

https://earlywarning.usgs.gov/ 2015-2021 

7 VCI Vegetation Condition 

Index 

1 km, 8-day composites NASA MODIS (derived index) https://www.earthdata.nasa.gov/cen

ters/lp-daac 

2015-2021 

8 VHI Vegetation Health Index 

(blended from VCI and 

TCI) 

1 km, 8-day composites National Integrated Drought Information 

System (NIDIS) 

https://cpo.noaa.gov/ 2015-2021 

9 Precipitation CHIRPS rainfall 0.05°, daily aggregates University of California, Santa Barbara 

(UCSB) & U.S. Geological Survey (USGS) 

https://chc.ucsb.edu/data/chirps  2015-2021 

10 Soil moisture Volumetric water 

content (%) 

9 km, 2-3 days SPL3SMP_E.005 SMAP L3 Radiometer 

Global Daily 

 

https://nsidc.org/data/spl3smp_e/ve

rsions/5  

2015-2021 

11 Land cover Land Use and Land 

Cover (Sentinel-2 / 

ESRI Living Atlas) 

500 m, annual MCD12Q1, Version 6.1 https://earthengine.google.com/ 2015-2021 

12 Drought layers  0.025°, weekly National Drought Mitigation Center,USDA, 

NOAA 

https://droughtmonitor.unl.edu/ 2015-2021 

 

https://chc.ucsb.edu/data/chirps
https://nsidc.org/data/spl3smp_e/versions/5
https://nsidc.org/data/spl3smp_e/versions/5
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Figure 5. Drought influencing factors (NDVI, EVI, FPAR, LAI, TCI, LST, VCI, VHI, 

Precipitation, Soil Moisture, and Land Cover). 
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Fig.6 (a) Feature conversion process (b) Different categories of ML models used in this study 

 

2.4 ML Model Validation 

To evaluate categorical performance, confusion matrices were constructed, from which overall 

accuracy, precision, recall, and F1-scores were derived. Receiver Operating Characteristic 

(ROC) curves and their corresponding Area Under the Curve (AUC) values were also generated 

to examine the capacity of the models to discriminate between drought categories. 

The use of these complementary metrics allowed evaluation of both model fit and classification 

ability, thereby ensuring that predictive performance was assessed across multiple dimensions 

relevant to drought forecasting. A summary of the accuracy metrics, their equations, and 

justifications is provided in Table 3. 

Table 3. Accuracy assessment metrics used in this study 

Name Description Equation Justification 

Accuracy Proportion of correctly 

classified drought categories 

among all predictions. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Hobeichi et 

al.,2022 
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Precision Fraction of correctly 

predicted drought cases 

among all cases predicted as 

drought. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Melese et al.,2025 

Recall Fraction of actual drought 

cases correctly identified by 

the model. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Ali et al.,2024 

F1-score Harmonic means precision 

and recall. 
𝐹1 =

2 ⋅ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

Barradas et 

al.,2021 

ROC–AUC Area under the ROC curve 

summarizing model 

discrimination ability across 

thresholds. 

The ROC curve is constructed by 

plotting the true positive rate (TPR) 

against the false positive rate (FPR) at 

different classification thresholds 

Zhang et al.,2023 

Abbreviations: TP, true positives (correctly predicted drought cases); TN, true negatives (correctly predicted non-

drought cases); FP, false positives (model predicted drought where none existed); FN, false negatives (model 

missed actual drought); N, total number of instances;y, observed U.S. Drought Monitor (USDM) drought 

category;𝑦,̂predicted drought category. For multi-class classification (D0–D4), TP, TN, FP, and FN were 

computed for each category using a one-vs-all framework. 

4.Results  

4.1 Models Validation 

The predictive capacity of eleven supervised machine learning algorithms was assessed across 

three drought severity categories defined by the U.S. Drought Monitor (USDM): D0 

(abnormally dry), D1 (moderate drought), and D2 (severe drought). These categories were 

treated as ordinal targets, with pronounced class imbalance (D0 = 256, D1 = 934, D2 = 446). 

To mitigate skewed influence from majority classes, evaluation relied on macro-averaged F1-

scores alongside overall accuracy, ensuring equitable representation of minority classes. Class-

specific F1-scores are displayed in Figure 7, while macro-averaged metrics and aggregate 

accuracies are summarized in Figure 8. Comparative breakdowns of precision, recall, and F1 

across all algorithms are presented in Figure 9. 

Ensemble gradient boosting methods emerged as the most robust classifiers. LightGBM 

achieved the highest overall accuracy (0.95) and consistently high F1-scores across all classes: 

0.91 (D0), 0.96 (D1), and 0.94 (D2). XGBoost yielded nearly identical results, with particularly 
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strong discrimination of D2, the class most relevant to operational drought early warning. 

CatBoost demonstrated comparable generalization, though with a marginal decline in precision 

for D0, reflecting the limited sample size and greater spectral–climatic heterogeneity of this 

category. These findings align with recent literature emphasizing the superior adaptability of 

gradient boosting to nonlinear, multivariate hydrometeorological data (Díaz-Ramírez et al., 

2024; Li et al., 2025). 

By contrast, non-ensemble learners such as K-Nearest Neighbors (KNN) and Gaussian Naïve 

Bayes (GNB) showed limited effectiveness, with macro F1-scores of 0.73 and 0.62, 

respectively. Their misclassification patterns were most acute for D0, highlighting structural 

deficiencies in modeling the subtle hydroclimatic transitions between near-normal and 

abnormally dry conditions. These deficiencies underscore the limited capacity of distance-

based or probabilistic learners to capture the nonlinear drought signatures embedded in high-

dimensional remote sensing and reanalysis datasets (Halder et al., 2024). 

Visual comparisons reinforce these conclusions. Figure 7 illustrates that boosting algorithms 

maintain superior recall and precision across all severity categories, particularly stabilizing 

performance in minority classes. Figure 8a demonstrates the elevated macro-F1 of ensemble 

methods relative to baselines, while Figure 8b confirms their accuracy advantage. Figure 9 

extends this view by jointly examining precision, recall, and F1, showing the structural 

superiority of boosting models across the entire drought spectrum. 

Collectively, these findings establish ensemble gradient boosting algorithms as the most 

reliable tools for drought classification in data-rich but climatically heterogeneous regions such 

as Iowa. Their ability to maintain predictive accuracy across both minority and majority classes 

strengthens their candidacy for integration into operational drought monitoring systems, 

complementing the expert-driven framework of the USDM and enhancing early warning 

capabilities (Wang et al., 2025; Zhang et al., 2025) 
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(a) (b) 

 

 

(c) 

Fig. 7 Class-wise F1-scores of machine learning algorithms for drought classification: (a) 

Abnormally Dry (D0), (b) moderate drought (D1), and (c) severe drought (D2). 
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(a) (b) 

Fig.8 Macro-average F1(a) and overall accuracy (b) of machine learning models applied to 

drought prediction, highlighting relative strengths across classifiers. 

 

Fig.9 Comparative precision, recall, and F1-scores of eleven machine learning algorithms for 

drought classification (D0–D2) 

4.2 Comparison of Machine Learning Models  

Confusion matrices and ROC-AUC diagnostics (Figures 10 and 11) were used to probe 

classification reliability across the three drought categories. LightGBM and XGBoost achieved 

the lowest misclassification rates, with true positive rates exceeding 93% for D1 and D2, and 

minimal leakage across adjacent classes. LightGBM misclassified only 4.7% of D0 samples as 

drought, reflecting a particularly low false-alarm rate, while XGBoost displayed enhanced 

sensitivity to D2, the most operationally critical category in drought surveillance. CatBoost, 

although marginally less stable, outperformed all non-ensemble baselines by maintaining high 

recall for D1. 

Tree-based ensemble methods such as Random Forest and Extra Trees achieved competitive 

aggregate accuracy, yet their confusion matrices revealed higher D0–D1 ambiguity, confirming 

their tendency to blur class boundaries under imbalanced distributions. Neural models such as 

the multilayer perceptron (MLP) produced balanced results overall but disproportionately 

misclassified D0, reflecting the structural difficulty of detecting subtle deviations from normal 
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conditions. Simpler classifiers, notably Gaussian Naïve Bayes and K-Nearest Neighbors, 

exhibited diagnostic unreliability: GNB misclassified over 30% of D0 cases as drought, while 

KNN displayed heightened sensitivity to noise, underscoring their unsuitability for operational 

deployment. 

ROC-AUC curves (Figure 11) corroborated these findings. Boosting-based models yielded 

steep, high-AUC profiles with minimal variance across iterations, highlighting robust 

probabilistic separability. In contrast, GNB and KNN trajectories approached random 

baselines, confirming their limited discriminative power. These results collectively establish 

gradient boosting algorithms as the most consistent classifiers for drought severity mapping, 

corroborating recent comparative studies in environmental machine learning (Díaz-Ramírez et 

al., 2024; Li et al., 2025). 
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Light GBM Extra Trees 

  

XGBoost  Random Forest 

Fig.10 Confusion matrices of predicted drought classes (D0: Abnormally Dry, D1: Moderate 

Drought, D2: Severe Drought) for ML models. Rows represent the actual drought classes, 

while columns represent the predicted classes. Each cell shows the percentage of total 

samples belonging to that actual class. Diagonal cells (from top-left to bottom-right) 

represent correctly classified samples (true positives), while off-diagonal cells indicate 

misclassifications. 
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MLP  

Fig.10 (continued) Confusion matrices of predicted drought classes (D0: Abnormally Dry, D1: 

Moderate Drought, D2: Severe Drought) for ML models. Rows represent the actual drought 

classes, while columns represent the predicted classes. Each cell shows the percentage of total 

samples belonging to that actual class. Diagonal cells (from top-left to bottom-right) represent 
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correctly classified samples (true positives), while off-diagonal cells indicate 

misclassifications. 
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Fig.11 Receiver operating characteristic (ROC) curve and area under the curve (AUC) plots 

for each model. Here, the blue line indicates mean ROC, the grey background indicates ±1 

standard deviation, the dashed line indicates chance level with AUC of 0.5, and the colored 

lines indicate ROC of 10 epochs. 
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MLP  

 

Fig.11 Receiver operating characteristic (ROC) curve and area under the curve (AUC) plots 

for each model. Here, the blue line indicates mean ROC, the grey background indicates ±1 

standard deviation, the dashed line indicates chance level with AUC of 0.5, and the colored 

lines indicate ROC of 10 epochs. 

4.3 Dominating Factors Controlling Drought Susceptibility  

To interrogate the internal logic of high-performing classifiers, SHAP values were derived for 

LightGBM and XGBoost (Figure 12). Cumulative rainfall and surface moisture metrics 

emerged as dominant predictors, with rainfall deficits driving sharp positive SHAP 

contributions toward D1 and D2. Vegetation indices, particularly NDVI, were consistently 

ranked as secondary but crucial determinants. Low NDVI values were strongly associated with 

D2 predictions, reflecting vegetation stress as a lagged biophysical response to hydrological 

deficits. Conversely, elevated NDVI tended to shift classifications toward D0, signaling 

ecological buffering during mild anomalies. 

Importantly, SHAP force plots revealed synergistic feature interactions: combinations of 

elevated temperatures, depressed NDVI, and reduced rainfall markedly increased the 

likelihood of severe drought classification. Such tri-variable coupling mirrors well-documented 

drought propagation pathways in the U.S. Midwest, where thermal amplification accelerates 

soil moisture depletion and vegetation decline (Anderson et al., 2023). Static variables such as 

elevation and land cover contributed minimally, serving largely as contextual background. 

These interpretability outputs strengthen confidence in model reasoning, aligning with broader 
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calls for hydrologically grounded AI in operational drought monitoring (Wang et al., 2025; 

Zhao et al., 2022). 

4.4 Spatial Patterning of Drought Susceptibility 

Geospatial outputs from the classifiers (Figure 13) revealed coherent patterns consistent with 

known regional climatology. Severe drought (D2) classifications concentrated in southern and 

southwestern Iowa, areas historically prone to reduced precipitation and elevated 

evapotranspiration. In contrast, D0 predictions clustered in northern and riverine corridors, 

where hydrological buffering and vegetative stability mitigate drought onset. Moderate drought 

(D1) was most prominent in transitional ecotones, reflecting classifiers’ sensitivity to mixed 

hydroclimatic signals. 

Topographic influences, while minor in SHAP rankings, manifested spatially. Low-lying 

floodplains were disproportionately associated with D2 predictions, likely due to drainage 

limitations and thermal accumulation, while elevated terrains demonstrated lower drought 

susceptibility, possibly reflecting residual soil moisture buffering from orographic 

precipitation. The spatial coherence across models underscores their ability to encode 

meaningful process–landscape interactions, a prerequisite for operational integration into 

localized drought risk management and water allocation planning (Teutschbein et al., 2025). 

4.5 Optimal model deployment  

While several ensemble models performed comparably, LightGBM emerged as the most 

suitable for operational deployment. Its superior macro F1 (0.94), low false-positive rate for 

D0, and balanced inter-class sensitivity make it particularly well-suited for early warning. 

Computational advantages—including histogram-based optimization, efficient memory usage, 

and compatibility with categorical data—further recommend its integration into near-real-time 

drought monitoring infrastructures. Moreover, its seamless integration with SHAP 

interpretability frameworks ensures transparency for decision-makers, bridging the gap 

between algorithmic outputs and policy utility. Although XGBoost and CatBoost achieved 

comparable predictive scores, their higher computational burden and reduced class stability for 

minority categories reduce their practicality for operational monitoring at scale. 

5. Discussions 
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5.1 Contributions and Theoretical Implications 

This study makes several contributions to the evolving field of drought monitoring through 

machine learning. First, it provides one of the most comprehensive benchmarks of eleven 

supervised algorithms across tri-class drought categories (D0–D2), directly anchored to the 

U.S. Drought Monitor framework. In doing so, the analysis demonstrates the operational 

relevance of gradient boosting architectures particularly LightGBM as classifiers capable of 

balancing predictive accuracy across both majority and minority drought classes. This result 

advances the broader discourse on AI-driven hazard modeling, where the challenge of class 

imbalance has historically undermined the reliability of statistical baselines such as logistic 

regression or Gaussian Naïve Bayes (Halder et al., 2024; Li et al., 2025). 

Second, the integration of SHAP interpretability strengthens the credibility of model outputs 

by exposing their hydrological reasoning pathways. The identification of rainfall deficits, 

surface moisture anomalies, and NDVI depressions as dominant predictors not only accords 

with established drought process theory (Anderson et al., 2023) but also demonstrates how 

machine learning can recover causal-like relationships embedded in heterogeneous 

environmental datasets. The finding that synergistic interactions—high temperature coupled 

with rainfall deficit and vegetation stress—are associated with D2 predictions suggests that the 

models capture nonlinear relationships similar to those identified in process-based drought 

models (Zhao et al., 2022). This outcome responds to recent critiques that black-box machine 

learning, absent interpretability, risks epistemic opacity and limited policy relevance in 

climate-water governance (Wang et al., 2025). 

Third, the geospatial consistency of model predictions demonstrates that classifiers can 

reproduce drought susceptibility gradients that correspond to well-documented climatic 

regimes in Iowa, including heightened vulnerability in the southwest and resilience in northern 

riverine corridors. Such coherence suggests that high-performing models are not only 

numerically accurate but also spatially meaningful, thereby providing a methodological bridge 

between data-driven approaches and landscape-process theory (Teutschbein et al., 2025). This 

dual accuracy and spatial fidelity strengthens the argument for integrating interpretable ML 

into hydroclimatic research paradigms, where both predictive fidelity and explanatory 

plausibility are prerequisites for advancing theory. 
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(c) Class D2 

Fig.12 Mean absolute SHAP values showing the contribution of each input feature to the 

classification of drought by the LightGBM model.  
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Fig.13 Geospatial classification outputs from eleven machine learning algorithms, showing 

predicted drought severity levels (D0 to D2) across the study region. Each panel corresponds 

to a distinct model, with consistent drought class labeling to facilitate inter-model comparison. 

5.2 Limitations and Future Research 

Despite these advances, several limitations warrant careful consideration. First, the models 

were trained on static historical composites, which limits their ability to anticipate drought 

under nonstationary climate regimes. This constraint is particularly salient given projected 

increases in precipitation variability and evapotranspiration demand across the Midwest. 

Future work should adopt temporally dynamic features—such as lagged vegetation indices, 
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rolling precipitation anomalies, or soil moisture persistence metrics—to better capture drought 

onset, propagation, and recovery cycles (Panwar et al., 2025). 

Second, while SHAP provided valuable post hoc interpretability, its explanations remain 

correlational rather than causal. To enhance robustness, future research should explore hybrid 

approaches that integrate physical drought models with machine learning classifiers, or 

leverage causal inference frameworks capable of disentangling spurious correlations. Such 

integration would yield models that are both transparent and physically defensible, advancing 

beyond statistical mimicry toward process-informed AI (Amiri et al., 2024). 

Third, model transferability across regions remains untested. Iowa’s hydroclimatic regime is 

distinct, with agricultural dominance, riverine corridors, and humid continental climate 

patterns shaping drought dynamics. Application to semi-arid or monsoon-driven contexts 

would likely require domain adaptation, feature recalibration, or fine-tuning to account for 

divergent predictor distributions. Cross-regional benchmarking should therefore be prioritized 

to validate the generalizability of LightGBM and related algorithms. 

Finally, classification of the D0 category remains the most uncertain. This reflects the inherent 

challenge of detecting subtle anomalies that mark the boundary between normal and 

abnormally dry conditions. Overcoming this weakness may require fusing multispectral 

satellite indices with higher-frequency meteorological data, or deploying novel sensors capable 

of resolving early-stage soil moisture stress. 

Collectively, these limitations underscore the need for a next generation of drought monitoring 

frameworks that combine high-frequency Earth observations, interpretable AI, and regionally 

adaptive training strategies. Such efforts will ensure that machine learning advances are not 

only scientifically rigorous but also operationally transformative in supporting the U.S. 

Drought Monitor and broader climate adaptation planning. 

6. Conclusion 

This study demonstrates the transformative potential of machine learning and explainable 

artificial intelligence for drought susceptibility mapping and climate risk assessment. Through 

comprehensive evaluation of eleven algorithms across multiple performance metrics, we 

established that gradient boosting methods, particularly LightGBM, provide superior 
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predictive accuracy while maintaining computational efficiency and interpretability—critical 

requirements for operational deployment in agricultural decision-making systems. 

The integration of SHAP interpretability analysis represents a significant advancement in 

climate informatics, bridging the gap between algorithmic performance and scientific 

understanding. By revealing that precipitation deficits, soil moisture anomalies, and vegetation 

stress indices serve as primary drought predictors, our framework validates established 

hydroclimatic theory while uncovering complex nonlinear interactions that traditional 

statistical approaches often miss. The identification of synergistic effects between temperature 

elevation and rainfall reduction provides mechanistic insights into drought intensification 

processes, contributing to fundamental understanding of hydroclimatic extremes. 

From a methodological perspective, our approach addresses two persistent challenges in 

environmental machine learning: the black-box problem and the need for robust cross-

validation in imbalanced datasets. The SHAP-based explanations ensure model transparency, 

while our stratified sampling and macro-averaged evaluation metrics provide reliable 

performance estimates across minority drought classes—a critical consideration for early 

warning applications where false negatives carry substantial societal costs. 

The spatial coherence of our predictions with known climatological patterns strengthens 

confidence in model generalizability and supports the framework's potential for operational 

integration. The demonstrated ability to replicate United States Drought Monitor classifications 

while providing sub-county resolution mapping offers significant value for precision 

agriculture, water resource management, and climate adaptation planning. 

Looking forward, this research contributes to a foundation for next-generation drought 

monitoring systems that combine the predictive power of modern machine learning with the 

interpretability demands of scientific research and policy applications. The transferable nature 

of our methodology suggests broad applicability to other drought-prone regions worldwide, 

supporting global efforts to enhance climate resilience and food security under changing 

environmental conditions. 

Future research directions should focus on incorporating temporal dynamics through sequence 

modeling, expanding to multi-regional validation, and integrating additional Earth observation 
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datasets as they become available. The continued evolution of explainable AI techniques will 

further strengthen the scientific credibility and operational utility of machine learning 

approaches in climate and environmental sciences. 
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