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A B S T R A C T

Study region: This study considers Iran, encompassing hyper-arid to humid hydroclimates and 
major agricultural plains. Using 70 synoptic stations (2001–2022), we collocated station obser
vations with satellite/reanalysis predictors from the Global Precipitation Measurement (GPM) 
mission, the Moderate Resolution Imaging Spectroradiometer (MODIS), the Famine Early 
Warning Systems Network Land Data Assimilation System (FLDAS), and the Copernicus Climate 
Change Service (C3S).
Study focus: Agricultural drought monitoring benefits from combining indicators of meteorolog
ical forcing and land-surface response, yet many studies rely on a single index or combine indices 
without an operational integration logic. We propose a dual-index framework for Iran integrating 
the Soil Moisture Deficit Index (SMDI) and the 3-month Standardized Precip
itation–Evapotranspiration Index (SPEI-3).
New hydrological insights for the region: We combine stability selection with leakage-safe forward 
expanding cross-validation and a held-out most-recent test window to compare Light Gradient 
Boosting Machine (LightGBM), Random Forest, Elastic Net, and a feature-tokenizer Transformer. 
SMDI is estimated more reliably (best RMSE = 0.80, R² = 0.82) than SPEI-3 (best RMSE = 0.96, 
R² = 0.55). Uncertainty is quantified from held-out test absolute errors via empirical quantiles 
(50% and 90%); for SMDI, ~50% of predictions fall within ~0.5 index units and ~90% within 
~1–1.5 units. These quantile error bands are attached as confidence qualifiers to the monthly 
drought classes in the monitoring framework, where SMDI anchors severity and SPEI-3 supports 
early-warning escalation.

1. Introduction

Agricultural drought is a major environmental hazard that emerges when water deficits reduce root-zone soil moisture and 
constrain crop growth, leading to yield losses and broader impacts on water resources and food security (Orimoloye, 2022; Potopová 
et al., 2016; Yu et al., 2018). Because its effects can propagate rapidly across farming systems, timely monitoring and early warning are 
essential for preparedness and decision-making (Dutta et al., 2013; Walker et al., 2024). Drought conditions are commonly quantified 
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using meteorological and soil-moisture indices such as Standardized Precipitation–Evapotranspiration Index (SPEI) (Vicente-Serrano 
et al., 2010) and Soil Moisture Deficit Index (SMDI) (Narasimhan and Srinivasan, 2005), but conventional assessments can be limited 
by sparse station coverage and data gaps, motivating complementary remote-sensing-based monitoring for spatially consistent drought 
characterization (Alam et al., 2017; Alkaraki and Hazaymeh, 2023; En-Nagre et al., 2024; Jung et al., 2020; Vereecken et al., 2008; 
Zhang et al., 2021). At the same time, drought indices can target different drought types (e.g., meteorological vs. hydrological), and 
standardized index estimates are sensitive to methodological choices such as the assumed distribution used to standardize the un
derlying hydro-meteorological variable(s); these factors can yield materially different drought characteristics and therefore motivate 
careful, context-aware index selection and comparison (Abu Arra et al., 2024a; Abu Arra and Şişman, 2025). In data-scarce regions, 
this challenge is amplified, and the use—and evaluation—of gridded reanalysis and satellite precipitation products has become a 
practical pathway to extend drought monitoring and mapping beyond station limitations (Abu Arra et al., 2025).

Remote sensing systems, such as the Moderate Resolution Imaging Spectroradiometer (MODIS), provide critical information on 
land surface temperature (LST), vegetation health (via vegetation indices like Normalized Difference Vegetation Index (NDVI) and 
Enhanced Vegetation Index (EVI)), and precipitation. These datasets are particularly useful for monitoring drought because they allow 
for the continuous observation of thermal stress and vegetation conditions, both of which are directly impacted by drought. For 
instance, it is shown that utilizing MODIS LST and vegetation indices, combined with precipitation data from the Global Precipitation 
Measurement (GPM) mission, can help develop an improved drought index for mainland China (Wei et al., 2022). This study 
demonstrated the effectiveness of combining thermal and vegetation data with precipitation for accurate drought monitoring. Simi
larly, a study demonstrated that applied MODIS-derived LST and NDVI alongside GPM precipitation and soil moisture data from 
Famine Early Warning Systems Network Land Data Assimilation System (FLDAS) can be utilized to create a comprehensive drought 
condition indicator using data-driven methods (Alkaraki and Hazaymeh, 2023). However, across Iran’s diverse climate regimes, 
drought classification can vary by region, index type, and even the underlying data source, and Iran-focused studies report both 
climate-dependent SPI/SPEI behavior and time-lagged propagation from meteorological to soil-moisture drought, motivating an 
explicitly multi-index and multi-source framework evaluated across climatic zones (Lotfirad et al., 2021; Seifian et al., 2025).

Soil moisture is a key variable in drought monitoring as it directly reflects water availability for crops (Ma et al., 2018; Modanesi 
et al., 2020). A variety of long-term remotely sensed soil moisture sources are available for drought monitoring, spanning model-based 
reanalysis and observation-driven multi-sensor records. Among these, FLDAS has shown low uncertainty and strong skill in capturing 
hydro-thermal conditions and drought signals across drylands, including arid Central Asia and Middle Eastern transboundary basins 
(Albarakat et al., 2022; Yu et al., 2023). Complementing such models, the Copernicus Climate Change Service (C3S) surface soil 
moisture (SSM) COMBINED product provides a homogenized, multi-mission observational record whose surface signal has been 
propagated to the root zone with quantified uncertainties via an exponential-filter framework (Pasik et al., 2023). Taken together, 
these studies motivate the common practice in regional drought assessment of juxtaposing a model-based reanalysis with an 
observation-based multi-sensor record as complementary lines of evidence.

Because multi-source drought predictors are complementary but heterogeneous in scale and sensitivity, a growing body of work 
demonstrates that machine learning (ML) and deep learning (DL) approaches can effectively fuse these inputs and capture the 
nonlinear, multi-factor controls that underpin drought, complementing index-based frameworks such as SPEI and SMDI (Ahmed 
Osman et al., 2025; Oyarzabal et al., 2025; Xu et al., 2024). In grassland systems of Inner Mongolia, a head-to-head comparison 
(Random Forest, Convolutional Neural Network, Support Vector Regression, BP neural network) showed that tree-based ML can 
provide the strongest out-of-sample skill for integrated drought monitoring, underscoring the robustness of ensemble learners to 
heterogeneous predictors and interactions (Wang et al., 2024). At the same time, DL adds value by learning cross-variable repre
sentations from multisource data: over South Asia, a deep feed-forward network driven by precipitation, vegetation, and soil factors 
outperformed distributed random forest and gradient boosting baselines for SMDI prediction across crop phenology stages, achieving 
high cross-validated agreement with observations (Prodhan et al., 2021). For meteorological drought, ML models have also been 
shown to estimate SPEI reliably across time scales and regions; for example, a study found gradient-boosted trees and random forests 
effective for SPEI-3 and SPEI-6, with skill improving when humidity and wind speed were included alongside precipitation and 
temperature (Mokhtar et al., 2021). In parallel, long-term climate-risk planning increasingly relies on robust trend-analysis frame
works that can evaluate both actual trends and plausible risk-conditioned trends in hydro-meteorological variables, supporting pro
active agricultural and water-management decisions under climate change (Keskin et al., 2025). Taken together, these results justify 
adopting a mixed ML/DL strategy, leveraging ensemble trees and gradient-boosting methods alongside deep networks, to model both 
SMDI and SPEI for operational drought monitoring and prediction in diverse environments.

Recent Iran-focused research further shows why drought monitoring benefits from combining indicators rather than relying on a 
single signal. Meteorological drought assessments using standardized indices (SPI/SPEI) have been used to characterize drought 
patterns over key agricultural regions in southwestern Iran and to relate drought variability to rainfed wheat yield, highlighting the 
operational value of standardized meteorological drought indicators for agricultural decision-making (Adib et al., 2024). In parallel, 
analyses across Iran’s diverse climate regimes indicate that SPI and SPEI behavior (and their agreement) can vary with climate 
conditions and time scale, and that data-driven models such as Random Forest can provide useful predictive skill for these indices, 
often with improved performance at longer accumulation scales and with SPEI offering advantages when atmospheric demand effects 
are important (Lotfirad et al., 2021). More broadly, comprehensive comparisons emphasize that SPI and SPEI can agree in general 
variability while still diverging in event-level characteristics and classification, and that the data source (station-based vs. grid
ded/satellite) can meaningfully affect drought classification—supporting the need for explicit multi-index and multi-source com
parison in applied drought assessments (Abu Arra and Şişman, 2024a). Moving beyond meteorological-only characterization, recent 
work in Iran has explicitly investigated how meteorological drought translates into soil-moisture drought using SPI and SMDI, 
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quantifying lag behavior and estimating the joint probability of co-occurring meteorological and soil-moisture drought across distinct 
climatic regions, which supports the value of treating atmospheric forcing and soil-moisture response together for agricultural risk 
management (Seifian et al., 2025). Consistent with this direction, combined-index frameworks have been proposed that integrate 
precipitation–temperature-derived indices with soil moisture and vegetation indicators (e.g., NDVI/VHI) over multiple time scales 
while accounting for temporal-lag dependencies, enabling a more holistic representation of drought dynamics over Iran (Raziei et al., 
2025). Beyond Iran, the combined use of meteorological and soil-moisture drought indicators has also been applied to diagnose 
drought evolution and related hydrologic or ecohydrological behavior; for example, SPEI and SMDI were jointly used to characterize 
soil-drought evolution and identify thresholds in long-term water-budget dynamics in arid grassland systems (Chen et al., 2024). 
Additionally, long-term vegetation–soil studies have shown that drought response and soil-water deficits can shift across climate 
patterns and atmospheric-demand regimes, reinforcing the need to interpret meteorological forcing alongside soil-water behavior 
rather than relying on a single indicator (Liu et al., 2025). Finally, drought characteristics themselves can shift when different baseline 
periods or period-selection strategies are used, which motivates time-aware evaluation when defining drought events and comparing 
drought metrics across long records (Abu Arra et al., 2024b).

From a process perspective, coupling a meteorological drought index with a soil-moisture drought index is theoretically well 
motivated for agricultural drought monitoring. Meteorological anomalies in precipitation and atmospheric demand typically act as the 
initiating forcing, while soil moisture integrates these anomalies through storage and buffering and represents the condition most 
directly linked to crop stress (Van Loon et al., 2024; Zhou et al., 2024). As a result, meteorological drought can precede soil-moisture 
drought with time-lagged propagation that varies across climatic regimes and land-surface conditions. Using SPEI-3 alongside SMDI 
therefore supports a complementary monitoring logic in which SPEI-3 provides a standardized early signal of developing 
water-balance anomaly, while SMDI captures realized root-zone stress and persistence that are more directly related to agricultural 
impacts.

Accordingly, this study develops a nationwide, time-consistent framework for agricultural drought monitoring across Iran by 
jointly modeling a meteorological drought indicator (SPEI-3) and a soil-moisture drought indicator (SMDI) from a harmonized multi- 

Fig. 1. Study area (Iran) showing provincial boundaries, elevation (m), major water bodies (Caspian Sea, Persian Gulf, and Oman Sea), and the 
locations of the 70 synoptic stations used in this study.
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source predictor set (meteorological stations, MODIS land-surface temperature and vegetation indices, GPM precipitation, and 
complementary soil-moisture products from FLDAS and C3S). The work is guided by three questions: (Q1) how accurately can SPEI-3 
and SMDI be estimated from these multi-source predictors at monthly scale across Iran’s diverse climate regimes, (Q2) which model 
family (Elastic Net, Random Forest, LightGBM, or a Feature Tokenizer Transformer) generalizes most reliably under forward-in-time 
(time-aware) validation, and (Q3) which predictors and lagged “memory” features most consistently control model skill and inter
pretability for each drought target. To address these questions, we pursue four objectives: (1) compile and harmonize a nationwide 
monthly dataset by integrating Earth-observation products with observations from 70 meteorological stations; (2) implement time- 
aware training/testing to prevent information leakage and provide realistic out-of-sample evaluation; (3) compare complementary 
ML/DL learners for estimating both SPEI-3 and SMDI using a consistent predictor stack; and (4) develop an operational drought 
classification that links severity information with early-warning signals derived from the dual-index modeling results. The novelty of 
this study is fourfold: (i) it provides a national-scale, dual-target modeling system that aligns meteorological and soil-moisture drought 
on the same temporal scale rather than treating them in isolation; (ii) it introduces a leakage-resistant, forward-chaining validation 
design for drought ML in Iran to ensure that reported skill reflects true prospective performance; (iii) it leverages complementary soil- 
moisture evidence streams (reanalysis-based FLDAS and observation-based C3S) within the same framework to reduce single-product 
dependence and strengthen robustness; and (iv) it couples stability-oriented feature selection (Elastic Net) with interpretable 
importance profiling and an operational, severity-to-warning classification, yielding a practical and transparent workflow suitable for 
drought early-warning applications.

2. Methodology

2.1. Study area

Located between 25◦ and 40◦ N and 44◦ and 63◦ E, Iran is a geographically diverse country of roughly 1.6 million km² at the 
crossroads of Central, South and Middle Asia. The country’s landscape—high ridges of the Alborz and Zagros, the salt and sand basins 
of Dasht-e Kavir and Dasht-e Lut, and more productive corridors along northern and western margins—drives stark differences in 
climate and agricultural conditions. Those spatial contrasts make uniform drought characterization ineffective, and so accurate, 
regionally targeted monitoring is essential (Bari Abarghouei et al., 2011).

To address this, we selected a network of 70 weather stations, distributed across Iran’s 31 provinces proportionally to each 
province’s cultivation land, and analyzed data from January 2001 to December 2022 at those sites. Using data from Iran’s Statistical 
Centre's, (2023) report, Share and Rank of Provinces Based on Key Agricultural Sector Variables, provinces were grouped into four tiers by 
their share of national agricultural land to prioritize coverage in the most important agricultural areas; accordingly, each province was 
assigned 4, 3, 2, or 1 meteorological stations, with higher-share provinces receiving more stations. These stations were chosen from a 
pool of 455 synoptic stations managed by the National Meteorological Organization. The study area and the locations of the selected 
meteorological stations are shown in Fig. 1. Overall, the final station network represents the best feasible compromise between (i) 
continuous record availability over 2001–2022, (ii) valid spatial collocation with the remote-sensing products used in this study, and 
(iii) adequate representation of agriculturally important provinces for agricultural-drought monitoring. As a result, some regions have 
lower station density due to data and collocation limitations, but the selected set preserves nationwide coverage while prioritizing 
areas most relevant to agricultural drought impacts.

2.2. Data

Drought results from a web of climatic and environmental drivers. Capturing these drivers in full, then embedding them in pre
dictive models, demands substantial data, computation, and expense. For this work we therefore combined multiple ground obser
vations with satellite-derived drought indices to better represent regional variability across the study area. All variables were collected 
and evaluated for January 2001–December 2022 which provides a continuous baseline that is sufficient for robust drought assessment 
at the seasonal SPEI-3 timescale (Abu Arra and Şişman, 2024b).

2.2.1. Remote sensing data
The remote sensing–based datasets used in this study include precipitation, land surface temperature (LST), vegetation/water 

indices, and soil moisture. Precipitation was obtained from the Global Precipitation Measurement (GPM) IMERG (GSFC, 2023) product 
with a 30-minute temporal resolution and 0.1◦ (~11.1 km) spatial resolution using the PrecipitationCal band. LST was derived from 
MODIS (LST_Day_1km and LST_Night_1km; daily, 1 km) (Wan et al., 2021), and daily mean LST was computed as the average of day and 
night values. Vegetation/water indices were computed from MODIS surface-reflectance data (daily, 500 m) (Vermote and Wolfe, 
2021), including Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1974), Enhanced Vegetation Index (EVI) (Liu and 
Huete, 1995), Normalized Multi-band Drought Index (NMDI) (Wang and Qu, 2007), and three Normalized Difference Water Index 
(NDWI) (Gao, 1996) variants calculated separately from the SWIR bands 5, 6, and 7, denoted NDWI5, NDWI6, and NDWI7. Consis
tently, Normalized Difference Drought Index (NDDI) (Gu et al., 2007) was derived with each NDWI variant, yielding NDDI5, NDDI6, 
and NDDI7. Soil moisture was characterized using two complementary sources: (i) surface soil moisture (0–10 cm) from the NASA 
FLDAS Noah v001 product (SoilMoi00_10cm_tavg; monthly, 0.1◦, volumetric water content, m³ m⁻³) (NASA GSFC Hydrological Sciences 
Laboratory (HSL), 2018), and (ii) root-zone soil moisture represented by the Copernicus Climate Service (C3S) Level-3 Satellite Soil 
Moisture COMBINED product (SSMV; daily, 0.25◦, volumetric units, m³ m⁻³) (Copernicus Climate Change Service, 2018).

M. Azizi et al.                                                                                                                                                                                                          Journal of Hydrology: Regional Studies 65 (2026) 103376 

4 



The C3S SSMV product was obtained from the Copernicus Climate Data Store (CDS) and collocated to the station coordinates. All 
other datasets were retrieved through Google Earth Engine (GEE) at the locations of the selected synoptic stations. Gridded predictors 
were collocated to the station network using station latitude/longitude coordinates. For MODIS-based predictors, values were 
extracted at each station location using point-based sampling in Google Earth Engine (station-collocated pixel sampling without buffer 
averaging). In the IMERG precipitation workflow, a scale parameter was specified during point extraction to ensure consistent sam
pling during reprojection. For the C3S soil moisture product provided on a regular latitude–longitude grid, station values were ob
tained using inverse-distance weighting (IDW) interpolation from the four nearest grid nodes (k = 4, power = 2) based on a KD-tree 
search, yielding a continuous station-collocated series consistent with the gridded field. To ensure uniformity for modeling, all var
iables were harmonized to a monthly time step—precipitation was accumulated to monthly totals, and LST, soil moisture, and all 
indices (NDVI, EVI, NMDI, NDWI5/6/7, NDDI5/6/7) were averaged to monthly means.

2.2.2. Ground-based data
Ground observations were obtained from the data acquisition system of Iran Meteorological Organization. The dataset comprises 

monthly mean air temperature and monthly accumulated precipitation recorded at the 70 synoptic stations described above, covering 
the full 22-year study period. A consolidated summary of datasets, sources, spatial/temporal resolution, and preprocessing steps is 
given in Table 1. Table S1 (Supplementary Material) reports descriptive statistics for the compiled station-collocated monthly variables 
after outlier screening and quality checks, but before gap filling. At this stage, N may differ slightly among variables because some 
values were removed as outliers and missing values were not yet filled. In the subsequent preprocessing step, missing values are 
gap-filled within each station time series using short-gap linear interpolation (≤3 consecutive months) followed by conservative 
station-median imputation for any remaining gaps.

2.3. Modeling methodology

An overview of the end-to-end workflow, from data acquisition to model outputs and the integrated monitoring step, is shown in 
Fig. 2.

2.3.1. Clustering
To identify coherent hydroclimatic regimes among the 70 synoptic stations, we clustered three long-term station-level annual 

summaries: annual precipitation (AP), annual air temperature (AT), and annual soil moisture (ASM). Variables were standardized 
(zero mean, unit variance) before analysis to avoid scale effects. Details of the 70 synoptic stations are listed in Table S2.

Afterwards, K-means (Hartigan and Wong, 1979) was fit in the standardized space, and candidate solutions K=2–6 were assessed 
with the silhouette coefficient (Rousseeuw, 1987). The highest silhouette was obtained at K= 3; therefore, a three-cluster solution was 
adopted. The algorithm was run with multiple random initializations, and the partition with the minimum within-cluster sum of 
squares was retained. For interpretation, cluster centroids were back-transformed to the original units (AP: mm yr⁻¹; AT: ◦C; ASM: m³ 
m⁻³). Results are summarized in Table 2.

Distributional contrasts by cluster are summarized in Fig. 3a–c: Cluster 1 corresponds to wetter/ cooler stations with higher ASM; 
Cluster 2 captures arid to semi-arid stations with low AP, warm AT, and low ASM; and Cluster 3 comprises cooler stations with 
moderate AP and comparatively higher ASM than the dataset mean. As a complementary visualization, the standardized station data 
were projected onto the first two principal components, with cluster membership overlaid in Fig. 4, which illustrates clear multivariate 
separation in the joint AP–AT–ASM space. In this study, clustering was used to capture broad agro-climatic heterogeneity across Iran 
and to provide the models with a compact representation of regional differences. The resulting cluster memberships were encoded as 
dummy variables and included as predictors, allowing the learning algorithms to model cluster-specific baselines and relationships and 
improving nationwide generalization.

Table 1 
Summary of datasets used in the study.

Category Variable(s) / Index Product (Band) Provider / Platform Native resolution 
(time; space)

Analysis 
scale

Units

Remote 
sensing

Precipitation GPM IMERG 
(PrecipitationCal)

NASA/JAXA – GEE 30 min; 0.1◦

(~11.1 km)
Monthly 
totals

mm

Land Surface 
Temperature (LST)

MODIS LST_Day_1km, 
LST_Night_1km

NASA – GEE Daily; 1 km Monthly 
mean

◦C

NDVI, EVI, NDWI5/6/7, 
NDDI5/6/7, NMDI

MODIS Surface Reflectance NASA – GEE Daily; 500 m Monthly 
mean

dimensionless

Surface soil moisture 
(0–10 cm)

FLDAS Noah v001 
(SoilMoi00_10cm_tavg)

NASA/GSFC – GEE Monthly; 0.1◦ Monthly 
(native)

m³ m⁻³

Surface soil moisture (2- 
5 cm)

C3S Level-3 SSMV 
COMBINED

Copernicus CDS Daily; 0.25◦ Monthly 
mean

m³ m⁻³

Ground- 
based

Air temperature Synoptic stations Iran Meteorological 
Organization

Monthly; point Monthly 
(native)

◦C

Precipitation Synoptic stations Iran Meteorological 
Organization

Monthly; point Monthly 
(native)

mm
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2.3.2. Standardized precipitation–evapotranspiration index (SPEI)
The Standardized Precipitation–Evapotranspiration Index (SPEI) quantifies drought as anomalies in the climatic water balance 

evaluated over user-defined time scales and transformed to a standard normal variate, which enables consistent comparison across 
space and time (Vicente-Serrano et al., 2010). Negative values denote dry conditions and positive values wet conditions; magnitudes 
≤ − 1 typically indicate the onset of meteorological/agricultural drought (Feng et al., 2019).

Given that only monthly air temperature was available, PET was estimated using the Thornthwaite method, including latitude- 
based daylength corrections (Thornthwaite, 1948). For each station, the climatic water balance was computed as Dj = Pj − PETj, 
and then accumulated to the 3-month timescale as D(3)

j = Dj + Dj− 1 + Dj− 2to obtain SPEI-3. To avoid losing early-record months, 
D(3)for January–February 2001 was initialized using station-wise climatological padding for the antecedent months. Standardization 
followed the canonical SPEI procedure: for each station and calendar month, the distribution of D(3)across years was modeled using a 
log-logistic (Fisk) distribution. When the monthly sample size was insufficient for stable fitting, we used a conservative fallback by 
pooling adjacent months or fitting using the full station record. The fitted cumulative probability F(D(3)

j )was then transformed to 

standard normal space as SPEI − 3j = Φ− 1
(

F(D(3)
j )

)
, where Φ− 1is the inverse standard normal CDF.

In this study, SPEI is the target variable for one of our modelings. We used SPEI (rather than a precipitation-only index) because it 
incorporates atmospheric evaporative demand through PET, which is important in arid and warming environments where drought 
impacts can intensify even under moderate precipitation deficits. We computed station-based monthly SPEI at a 3-month accumulation 

Fig. 2. End-to-end workflow of the methodology used in this study.

Table 2 
Mean hydroclimatic characteristics by cluster (22-year averages).

Cluster Stations (n) AP (mm) AT (◦C) ASM (m³ m⁻⁻³)

1 6 945.13 15.68 0.22
2 23 227.50 22.26 0.18
3 41 323.29 14.15 0.21

AP: annual precipitation; AT: annual air temperature; ASM: annual soil moisture. Values rounded to two decimals.
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(SPEI-3) using ground-observed precipitation and temperature. The 3-month Standardized Precipitation Evapotranspiration Index 
(SPEI-3) is widely recognized as the most effective timescale for monitoring agricultural drought because it shows the strongest 
statistical correlation with crop yield variations and accurately reflects moisture deficits during critical vegetative growth stages 
(Labudová et al., 2017).

2.3.3. Soil moisture deficit index (SMDI)
The Soil Moisture Deficit Index (SMDI) quantifies agricultural drought as anomalies in available soil water and incorporates 

persistence via a recursive update, yielding a dimensionless scale typically spanning − 4 (extreme deficit) to + 4 (extreme wetness) 
(Narasimhan and Srinivasan, 2005). SMDI values nearer to zero reflect conditions close to the long-term norm, while increasingly 
negative (positive) values represent intensifying dryness (wetness): SMDI ≤ − 2 indicates Extreme Dry conditions; − 2 to − 1.5 Severe 
Dry; − 1.5 to − 1 Moderate Dry; − 1–1 Near Normal; and > 1 denotes Wet conditions (Prodhan et al., 2021).

In this study, SMDI serves as the target variable for the second modeling. We computed monthly SMDI at the coordinates of the 70 
stations using the NASA FLDAS Noah v001 surface soil-moisture series, collocated and harmonized to a monthly time step. FLDAS was 

Fig. 3. Distribution of long-term annual (a) precipitation (mm yr⁻¹), (b) air temperature (◦C), and (c) soil moisture (m³ m⁻³) across the three K- 
means clusters. Boxes show the interquartile range (Q1–Q3) with the median; whiskers extend to 1.5×IQR; points beyond whiskers denote outliers. 
Cluster membership is indicated by the plot legend.

Fig. 4. Station scores on the first two principal components (PC1 and PC2) computed from standardized annual precipitation (AP), air temperature 
(AT), and annual soil moisture (ASM). Points are grouped by K-means cluster membership (Clusters 1–3), illustrating multivariate separation among 
climatic regimes.
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selected for target construction to maximize accuracy and consistency of the dependent variable; the Copernicus C3S soil-moisture 
product was retained solely as an independent predictor (to avoid target–predictor circularity and to preserve model generaliza
tion). The SMDI calculation followed the Narasimhan–Srinivasan procedure adapted to monthly data, producing a continuous index on 
the − 4 to +4 scale used for modeling and interpretation.

2.3.4. Predictive modeling strategy
To evaluate agricultural drought as both an atmospheric forcing and a soil-moisture response, we trained two separate supervised 

regression models with distinct targets. The first model estimates SPEI-3, a short-to-seasonal meteorological drought indicator that 
reflects emerging imbalances in climatic water supply and demand and can therefore serve as an early-warning signal. The second 
model estimates SMDI, which represents realized root-zone moisture stress and is more directly related to agricultural impacts.

Keeping SPEI-3 and SMDI as separate targets improves clarity and avoids conflating processes with different dynamics. In 
particular, (i) each target can use a process-consistent predictor set (e.g., thermal/vegetation and precipitation signals for SPEI-3 
versus moisture and land-surface controls for SMDI), (ii) each model can incorporate appropriate temporal memory through lagged 
predictors and lagged targets, and (iii) the resulting outputs can be combined into an operational framework in which SMDI anchors 
drought severity while SPEI-3 provides escalation/early warning when atmospheric forcing indicates impending deterioration.

Across all algorithms, both targets follow the same leakage-resistant temporal evaluation design: predictors are harmonized to 
monthly station-collocated series, preprocessing and feature transformations are applied in a forward manner (fit on training data and 
applied to later periods), stability selection is used to identify robust predictors, and final performance is assessed on a chronologically 
held-out test window (Sections 2.3.5–2.3.11).

2.3.5. Data preprocessing and feature transformation
Building on the dual-model design, we prepared a unified, time-aware input space that preserves physical meaning while enabling 

robust learning. All variables were harmonized to a monthly time step and aligned per station. Feature engineering emphasized the 
multi-scale dynamics of agricultural drought: temporal persistence and delayed responses were represented with lagged predictors 
drawn from meteorological, radiative, vegetation, and soil-moisture fields; seasonal cycles were removed by expressing continuous 
predictors as departures from each station’s long-term monthly climatology; inter-month differences were added to capture emerging 
stress or recovery; short rolling aggregates summarized recent hydroclimatic context; and the K-means cluster label (Section 2.3.1) was 
encoded to allow a pooled model to adapt to regime-specific relationships.

To make the engineered time scales explicit, we used i) short lag features at 1- and 2-month lead for selected hydroclimatic pre
dictors to represent delayed propagation from atmospheric anomalies to vegetation and soil-water response, consistent with evidence 
that meteorological drought signals can translate into soil-moisture deficits with short lags and that land-surface states retain memory 
over month-scale horizons. ii) We also used a 3-month rolling aggregation (window length = 3 months) for selected predictors to 
summarize recent seasonal context, which is particularly relevant for agricultural drought monitoring and aligns with the short-to- 
seasonal time scale emphasized by SPEI-3. These choices are consistent with drought-propagation syntheses and probabilistic prop
agation analyses that explicitly evaluate short (≈1-month) versus seasonal (≈3-month) meteorological forcing when conditioning soil- 
moisture drought behavior, and with broader soil-moisture-memory literature showing persistence over monthly time scales (Seifian 
et al., 2025; Zhou et al., 2024; Zhu et al., 2021).

With the predictor set established, transformation proceeded in two sequential, leakage-safe steps designed to stabilize distribu
tions and place heterogeneous variables on a common scale. First, a Yeo–Johnson power transform (Yeo and Johnson, 2000) was 
applied to each continuous predictor to mitigate skewness and stabilize variance while accommodating zeros and negatives, which are 
commonly used in drought and hydrologic time-series preprocessing (Erhardt and Czado, 2018; Kabbilawsh et al., 2022; Marcos Junior 
et al., 2024). This step reduces the influence of heavy tails and makes linear relationships closer to homoscedastic. Second, features 
were standardized to zero mean and unit variance so that coefficients are comparable across predictors and Elastic Net’s combined 
L1/L2 regularization can operate even-handedly, improving numerical conditioning and interpretability. Both transforms were fit on 
the training horizon and then applied forward in time to the hold-out period to preserve temporal integrity.

Within this standardized feature space, the target-specific predictor choices follow process logic. For the SMDI model, contem
poraneous and short-lag SPEI-3 were included because SMDI reflects the realized soil-moisture state, which is driven by antecedent 
imbalances in atmospheric supply and demand; leveraging SPEI-3 thus provides a physically consistent bridge from meteorological to 
agricultural drought and improves lead information on impending root-zone deficits. For both targets, a one-step lag of the target itself 
was incorporated (SMDIt− 1 for SMDI; SPEI3t− 1 for SPEI-3) to represent inherent persistence arising from storage and memory in soils 
and the climate system. These autoregressive terms reduce residual autocorrelation, sharpen short-term predictability, and enhance 
the stability of the learned relationships while using only information available from prior months. Incorporating lagged values of the 
target index as predictors is a common practice across drought-index forecasting (e.g., SPI/SPEI), autoregressive neural models, and 
broader hydrologic time-series prediction (e.g., streamflow), where historical target lags are routinely used to stabilize learning and 
improve forecast skill (Danandeh Mehr et al., 2022; Elbeltagi et al., 2022; Maca and Pech, 2016; Magallanes-Quintanar et al., 2023; 
Moges et al., 2024; Morid et al., 2007).

2.3.6. Stability-selected predictors and model drivers
To obtain a compact yet robust predictor set for both targets, we embedded stability-selection within an Elastic Net framework and 

applied it to the harmonized, transformed feature space (Section 2.3.5). Starting from the full library of covariates (lags, monthly 
anomalies, inter-month differences, short rolling aggregates, vegetation/water indices, soil-moisture metrics, and regime indicators), 
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we first removed near-constant signals (post-scaling variance < 1 ×10⁻⁵) and pruned collinearity by collapsing any pair with |r| 
> 0.95, retaining the higher-variance member. We then fit Elastic Net models with the mixing parameter fixed at 0.5 over a logarithmic 
grid of penalties tuned to yield ~15 nonzero coefficients. Variable-selection stability was assessed via 50 station-wise subsamples (70% 
of stations per draw); predictors that received nonzero coefficients in ≥ 60% of refits were retained. In each iteration, we sampled 50 
stations without replacement at the station level and retained the full monthly time series for those stations, so stability is assessed with 
respect to spatial resampling rather than resampling individual months. Predictors were retained if they appeared as nonzero co
efficients in at least 60% of iterations, which acts as a majority-stability criterion to prioritize robust signals while avoiding overly strict 
thresholds that can discard meaningful predictors under correlated features. Hydroclimatic regime dummies (Clusters 1–3) were left 
unpenalized so the models could adjust for spatial heterogeneity.

This procedure yielded parsimonious, physically consistent predictor sets. For both SMDI and SPEI-3 models, the retained features 
are presented in Table S3. The coefficient magnitudes of SMDI (Fig. 5-a) show a dominant contribution from SMDIt− 1, highlighting 
strong soil-moisture memory, with precipitation and daytime-LST anomalies as the next most influential drivers; vegetation and water- 
index anomalies supply complementary information on canopy condition and surface water availability. Absolute coefficients of SPEI- 
3 (Fig. 5-b) indicate that SPEI-3t− 1 is the largest contributor, followed by soil-moisture and land surface temperature anomalies which 
are consistent with antecedent storage and energy-controlled evapotranspiration shaping the climatic water-balance signal. Short-lag 
precipitation terms and vegetation/water indices carry secondary weight and refine short-to-seasonal wetness anomalies.

2.3.7. LightGBM (gradient-boosted decision trees)
LightGBM is a gradient-boosted decision-tree method that models the target as an additive ensemble of shallow trees fitted 

sequentially to reduce residual error. Its histogram-based split finding and leaf-wise growth (with depth constraints) enable efficient 
learning of nonlinear responses and feature interactions in tabular hydroclimatic datasets (Ke et al., 2017).

In this study, LightGBM was used for regression to estimate both SPEI-3 and SMDI over the full station–month panel (January 
2001–December 2022) under a strictly forward-in-time protocol. We reserved the most recent fifth of the record as a single held-out 
test window and performed all model selection only within the earlier four-fifths. Within the training portion, we used a time-aware 
expanding cross-validation with five contiguous temporal blocks: at each split, the model was trained on all earlier blocks and vali
dated on the immediately following block. The same temporal partitions were applied simultaneously across all stations to avoid look- 
ahead and to preserve the chronological structure of the station network.

Hyperparameters were tuned by randomized search under a squared-error objective, with the selection criterion defined as the 
mean validation RMSE across the expanding folds. The search jointly controlled learning rate and boosting budget, tree complexity 
(maximum depth and number of leaves), and regularization/variance control (minimum samples per leaf, L2-type penalties on leaf 
weights, and row/feature subsampling). To prevent overfitting and to standardize training across trials, we enabled early stopping: 
training stopped if validation error did not improve for 100 consecutive boosting iterations, and the iteration achieving the minimum 
validation error was retained. The randomized search sampled discrete combinations from the following candidate sets: learning rate 
{0.03, 0.05, 0.10}, maximum tree depth {no limit, 5, 10}, maximum number of leaves {31, 63, 127}, feature fraction (column sub
sampling) {0.6, 0.8, 1.0}, bagging fraction (row subsampling) {0.7, 0.9}, bagging frequency fixed at 1, minimum number of samples 
per leaf {20, 50, 100}, L2 regularization strength {0, 1, 5, 10}, and L1 regularization strength {0, 0.1, 1}. During tuning, the maximum 
number of boosting iterations was set to 5000 with early stopping of 100 rounds; 15 sampled configurations were evaluated per target 
using a fixed random seed for reproducibility, and the best configuration was selected by minimizing the mean cross-validated root 
mean squared error under the time-aware expanding cross-validation scheme.

After identifying the best configuration for each target, we refit LightGBM once on the full training period and evaluated per
formance a single time on the untouched test window. Reproducibility was ensured by fixed random seeds and deterministic settings.

Fig. 5. Absolute coefficient magnitudes from Elastic Net models after stability-selection: (a) SMDI model and (b) SPEI-3 model. Predictors were 
standardized and bars show |coefficients|.
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2.3.8. Elastic net (linear models with mixed L1–L2 regularization)
Elastic Net (ENet) is a penalized linear machine learning regression that combines the sparsity of the lasso with the shrinkage and 

grouping behavior of ridge regression, making it suitable for correlated hydroclimatic predictors while retaining interpretability (Zou 
and Hastie, 2005). In words, ENet estimates coefficients by minimizing the usual least-squares error augmented with a penalty that 
blends an L1 term (encouraging some coefficients to be exactly zero) and an L2 term (shrinking correlated coefficients together). The 
overall penalty strength and the lasso–ridge mixing ratio govern, respectively, how strongly coefficients are regularized and how much 
sparsity versus grouping is preferred.

To complement the nonlinear ensemble results, we fit ENet for both targets (SMDI and SPEI-3) under the same strictly forward-in- 
time protocol as Section 2.3.7. The most recent fifth of the record was reserved once as a held-out test window; all model selection took 
place only in the earlier four-fifths using a time-aware expanding cross-validation with five contiguous calendar blocks and no em
bargo. The same calendar partitions were applied simultaneously to all stations to avoid look-ahead. Predictors had already been 
standardized within training folds, so no additional scaling was applied. Rows with missing values arising from initial lags at the start 
of each station series were removed prior to fitting to maintain temporal integrity.

Regularization strength and the lasso–ridge mixing ratio were tuned by coordinate descent over a dense, log-spaced grid for the 
penalty magnitude (from 10⁻⁴ to 10 ¹) crossed with a broad set of mixing ratios {0, 0.1, 0.3, 0.5, 0.7, 0.9, 1}, including pure ridge and 
pure lasso. The selection criterion was the mean RMSE across the expanding folds. After selection, coefficients were refit once on the 
full training portion and evaluated a single time on the held-out window. Convergence safeguards allowed up to 20,000 coordinate- 
descent iterations with a tight stopping tolerance, and an intercept was retained in all fits to prevent bias when targets are centered but 
not exactly mean-zero. Because all predictors are on a common scale, ENet coefficients can be read directly for effect size and sign, 
supporting model interpretation alongside the stability-selection results in Section 2.3.6.

2.3.9. Random forest (bagged decision trees)
Random Forest (RF) is a non-parametric ensemble of decision trees trained on bootstrap samples, with random feature subsetting at 

each split to decorrelate trees and reduce variance (Breiman, 2001). By aggregating predictions across many diverse trees, RF captures 
nonlinear responses and higher-order interactions, remains insensitive to monotonic transformations of inputs, and is comparatively 
robust to multicollinearity and moderate hyperparameter misspecification.

We fit RF regressors for both targets (SMDI and SPEI-3) under the same strictly forward-in-time protocol used elsewhere: an 80/20 
chronological split with the most recent fifth reserved once as a held-out test window, and model selection confined to the earlier four- 
fifths via time-aware expanding cross-validation with five contiguous calendar blocks and no embargo. Each model used the stability- 
selected predictors identified earlier together with the unpenalized regime indicators (Clusters 1–3); SPEI-3 was retained as a predictor 
in the SMDI model to provide a physically consistent link from meteorological to agricultural drought. Inputs had already been 
standardized during preprocessing, though RF does not require scaling; rows with initial lag-induced missing values were excluded 
before fitting to preserve temporal integrity.

Hyperparameters were tuned only on the training portion by minimizing the mean RMSE across expanding folds. The candidate set 
covered the number of trees, tree depth/size controls, the fraction of features considered at each split, and bootstrap sampling. The 
selected configuration was refit on the full training window and evaluated once on the untouched test window. Performance was 
summarized with RMSE.

2.3.10. Feature-Tokenizer transformer
FT-Transformer is a deep learning architecture that adapts the Transformer to tabular data by first tokenizing features, mapping 

each numerical feature through a learnable linear embedding and each categorical feature through an embedding lookup, then 
processing the resulting tokens with an encoder-only Transformer stack. A special [CLS] token aggregates information across features 
and its final representation is used for prediction. FT-Transformer’s multi-head self-attention lets the model capture rich, non-linear 
feature–feature interactions while residual connections and layer normalization stabilize training (Gorishniy et al., 2021).

We trained an FT-Transformer tailored to monthly tabular time series. Temporal information was represented through the engi
neered lagged and rolling predictors described in Section 2.3.5, so the Transformer receives a single monthly feature vector per station- 
month rather than a fixed-length input window. Each monthly feature vector was tokenized feature-wise and passed through the 
Transformer encoder, with a learnable station identifier embedding included as a fixed token to capture site-specific effects without 
leaking target information. Modeling followed the same strictly forward-in-time protocol as the other algorithms: the most recent fifth 
of the record served once as a held-out test window, while all model selection occurred in the earlier four-fifths using expanding- 
window (walk-forward) time-aware cross-validation applied synchronously across stations (no embargo), so the training set grows 
with time and validation is always performed on later chronological blocks.

Hyperparameters were tuned with Optuna using pruning on the expanding cross-validation objective, following recent drought and 
hydrologic studies that employ Optuna to improve forecast skill and efficiency (Ahire et al., 2025; Huang et al., 2025; Islam et al., 
2025; Train et al., 2024; Uddin et al., 2024; Xiao et al., 2024). The search explored embedding width {96,128,160,192}; number of 
encoder blocks {2,3,4}; attention heads {4,8}; dropout in {0.08, 0.12, 0.18, 0.25}; learning rate in [4 × 10− 4,2 × 10− 3]; L2 weight 
decay {0, 10− 5, 10− 4, 5 × 10− 4}; and batch size {256,384,512}. The selected configuration was refit on the full training span and 
evaluated once on the untouched test window. To aid generalization, we combined dropout, weight decay, and early pruning; training 
used an adaptive optimizer with the searched learning-rate and weight-decay settings, and inference relied on the [CLS] representation 
for scalar regression outputs.
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2.3.11. Model performance assessment
In this study, predictive skill on the held-out test window was quantified using the Root Mean Squared Error (RMSE; Eq. 1) (Hastie 

et al., 2009) and the Coefficient of Determination (R2; Eq. 2) (Draper and Smith, 1998), computed in the original (dimensionless) units 
of the targets. Let Oi and Si denote observed and simulated values for i = 1,…,n, and O, S their sample means. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
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2
∗
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(S − S)2
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Lower values of RMSE indicate smaller typical errors. With this definition, R2 ∈ [0,1] measures the strength of linear association 
between observations and predictions, where higher values indicate better agreement. These same metrics were used during the 
expanding cross-validation for model selection; final scores are reported once on the untouched test window, with optional summaries 
by station and by cluster.

3. Results

3.1. Comparative predictive performance on the held-out test window

Table 3 compares generalization performance for four model families (LightGBM, Elastic Net, Random Forest, and FT-Transformer) 
on the held-out test window (most-recent 20% of the record). Across all methods, predictive skill is consistently higher for SMDI than 
for SPEI-3. LightGBM yields the best overall accuracy for SMDI (RMSE = 0.800; R² = 0.821), while Random Forest, FT-Transformer, 
and Elastic Net are close behind (RMSE ≈ 0.818–0.825; R² ≈ 0.81). For SPEI-3, performance decreases for every algorithm and the 
ranking compresses: LightGBM and Random Forest are nearly tied (RMSE ≈ 0.96; R² ≈ 0.55), and FT-Transformer and Elastic Net trail 
slightly (RMSE ≈ 1.01; R² ≈ 0.50). Because LightGBM and Random Forest are close in Table 3, we tested whether their differences are 
statistically meaningful using paired comparisons on the same held-out station–month observations. For SMDI, LightGBM has 
significantly lower error than Random Forest (paired t-test on per-sample squared errors: t = 5.47, p = 4.7 ×10⁻8; results are 
consistent using absolute errors), whereas for SPEI-3 the difference is not statistically significant (p = 0.62), indicating essentially tied 
performance.

This separation between targets is expected and physically interpretable: SMDI integrates storage deficits and thus exhibits stronger 
persistence and smoother dynamics, whereas SPEI-3 emphasizes short-to-seasonal atmospheric imbalance and contains rarer extremes, 
which are harder for pointwise regression models trained under squared-error loss to capture.

To directly test regional adaptability, we further evaluated LightGBM performance stratified by the three hydroclimatic clusters on 
the held-out test window. This analysis is performed without training separate regional models, because cluster membership is already 
included as dummy predictors in the unified national model; the stratified metrics therefore quantify whether residual skill remains 
balanced across regimes under the same tuned configuration. Cluster-wise results show consistently strong accuracy for SMDI, with 
RMSE ranging from 0.738 to 0.834 and R² from 0.792 to 0.852 across the three clusters, indicating stable performance over distinct 
climatic settings. For SPEI-3, cluster-wise RMSE ranges from 0.702 to 0.998 and R² from 0.520 to 0.577, with slightly higher errors in 
Clusters 2–3 but no breakdown in predictive skill. The corresponding observed–predicted panels by cluster are provided in the Sup
plementary Material to visually confirm these patterns (Figures S3-S8).

Because operational drought monitoring prioritizes rare high-impact conditions, we also assessed predictive behavior under 
extreme subsets on the held-out test window, namely SMDI ≤ − 2 and SPEI-3 < − 1.5. Under these subsets, the model remains 
directionally consistent with observed drought variability but becomes more conservative in magnitude, which is expected when 
extreme events are infrequent relative to the full record. For SMDI ≤ − 2, RMSE is 0.868 (n = 486) with a negative mean residual 
(− 0.599), indicating that the most severe soil-moisture deficits tend to be predicted as slightly less extreme. For SPEI-3 < − 1.5, RMSE 
is 2.279 (n = 449) with a mean residual of − 1.704, reflecting the higher volatility and tail sensitivity of meteorological drought at 
short accumulation scales. In this context, RMSE and residual bias are the more informative diagnostics than variance-normalized 
measures within a truncated tail subset.

Table 3 
Test-set performance of tuned models on the held-out (most-recent 20%) window. Metrics are dimensionless; boldface marks the best score per 
target/metric.

Algorithm SMDI RMSE SMDI R2 SPEI-3 RMSE SPEI-3 R2

LightGBM 0.800 0.821 0.962 0.547
Elastic Net 0.825 0.810 1.011 0.499
Random Forest 0.818 0.813 0.963 0.545
FT-Transformer 0.824 0.810 1.008 0.502
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3.2. Error behavior and reliability across drought regimes

Figs. 6–9 & S1-S2 provide complementary diagnostics (observed vs. predicted scatter, residuals through time, and the empirical 
CDF of absolute errors). For SMDI, all models show dense alignment around the 1:1 line, with dispersion widening primarily in dis
tribution tails, indicating that most month-to-month variability is captured regardless of algorithm. Residual-over-time panels remain 
centered without sustained drift, supporting time-stable generalization over the held-out period; occasional bursts of dispersion 
coincide with intervals of stronger interannual variability. Consistently steep CDF curves for SMDI indicate that the majority of 
predictions fall within modest error bands.

For SPEI-3, the observed-versus-predicted diagnostics show broader spread and a recurring understatement of the most negative 
values (extreme dry months predicted too mildly). This “regression toward the mean” appears across model families and is consistent 
with both the rarity of extremes and the use of squared-error objectives. The CDF curves climb more slowly and display heavier right 
tails than for SMDI, indicating that a smaller fraction of months contributes disproportionately to error.

3.3. Interpreting dominant drivers and cross-model consistency

Despite differences in learning mechanisms, driver attribution converges on a coherent set of controls (Fig. 10 and Fig. 11). For both 
targets, short-term persistence is dominant (SMDIt-1 for SMDI; SPEI-3t-1 for SPEI-3). Next in importance are precipitation and land- 
surface temperature anomalies, followed by soil-moisture anomalies and vegetation/water indices (e.g., NDWI/NDDI/NDVI), 
which refine the signal and help represent land-surface response. This hierarchy aligns with process understanding: antecedent 
conditions provide monthly memory, while net water supply and evaporative demand govern departures from normal, with land- 
surface indicators adding sensitivity to realized stress.

Fig. 6. SMDI observed versus predicted values on the held-out test window (most recent 20% of the monthly record) across all stations. The dashed 
line indicates the 1:1 reference. Panels: (a) LightGBM, (b) Elastic Net, (c) Random Forest, and (d) FT-Transformer.
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Cluster indicators contribute modest but non-zero signal. Their small, consistent contributions suggest that clustering captures 
spatial heterogeneity without dominating prediction, which is desirable for pooled, station-based monitoring.

3.4. Tuned configurations

3.4.1. LightGBM
For SMDI, the best LightGBM configuration used learning rate 0.03, max depth 5, up to 127 leaves, minimum 50 observations per 

leaf, predictor subsampling 0.60, row subsampling 0.90, and modest L2 regularization; the cross-validated optimal iteration count 
averaged ≈ 524 and was fixed for the final refit. For SPEI-3, the final configuration used learning rate 0.03 and depth 5 with 31 leaves, 
the same minimum leaf size and subsampling, and slightly stronger ridge penalty; the average optimal iteration across folds was ≈ 384.

3.4.2. Elastic net
For SMDI, the optimal setting used a modest penalty with a small lasso component (penalty ≈ 1.76 ×10⁻², α = 0.1). For SPEI-3, the 

search favored essentially pure ridge regularization with a very small penalty (penalty = 10⁻⁴, α = 0).

3.4.3. Random forest
The tuned RF configuration (used for both targets) comprised 500 trees, maximum depth 15, minimum samples to split 10, 

minimum samples per leaf 4, 60% of predictors considered at each split, with bootstrap sampling enabled.

3.4.4. FT-Transformer
For SMDI, the best FT-Transformer used embedding dimension 160, 3 encoder blocks, 8 attention heads, dropout ≈ 0.12, learning 

Fig. 7. SPEI-3 observed versus predicted values on the held-out test window (most recent 20% of the monthly record) across all stations. The dashed 
line indicates the 1:1 reference. Panels: (a) LightGBM, (b) Elastic Net, (c) Random Forest, and (d) FT-Transformer.
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rate ≈ 6 × 10⁻⁴, weight decay 1 × 10⁻⁵, and batch size 256. For SPEI-3, the selected configuration used embedding dimension 128, 3 
encoder blocks, dropout ≈ 0.25, learning rate ≈ 4.6 × 10⁻⁴, weight decay 5 × 10⁻⁴, and batch size 256.

4. Integrated agricultural drought monitoring framework

Grounded in the comparative performance and the diagnostics, we translate the modeling into an operational framework that fuses 
two complementary signals: SMDI, which reflects realized root-zone stress and is the most predictable target across algorithms, and 
SPEI-3, which is moderately harder to predict yet consistently provides early warning of emerging atmospheric imbalance. The tight 
1:1 alignment, centered residuals, and steep error-CDFs observed for SMDI argue for using SMDI as the severity anchor, while the 
broader dispersion and heavier error tails for SPEI-3 underline its value as a lead indicator rather than a stand-alone severity metric. 
Attribution patterns are physically coherent across methods: short-term persistence dominates, followed by precipitation and land- 
surface temperature anomalies, with vegetation/water indices adding complementary information and cluster indicators providing 
only modest spatial adjustment.

Operational classes are defined on each index to turn continuous predictions into actionable categories. For SMDI, we retain the 
native, symmetric scale from Section 2.3.3: Extreme Dry (≤ − 2), Severe Dry (− 2 to − 1.5), Moderate Dry (− 1.5 to − 1), Near Normal 
(− 1–1), and Wet (> 1). For SPEI-3, we adopt standard meteorological thresholds: Normal (− 0.5–0.5), Moderate Drought (− 1.0 to − 0.5), 
Severe Drought (− 1.5 to − 1.0), and Extreme Drought (< − 1.5). These bins align with the behavior seen in the observed–versus–predicted 
panels and with the reliability profiles evident in the error-CDFs.

Fig. 8. SMDI residuals over time on the held-out test window across all stations, computed as (observed − predicted). The horizontal line indicates 
zero residual. Panels: (a) LightGBM, (b) Elastic Net, (c) Random Forest, and (d) FT-Transformer.
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Integration follows a conservative, SMDI-anchored policy with SPEI-3-based escalation. When SMDI indicates Extreme Dry, the 
integrated class is Extreme regardless of SPEI-3. When SMDI indicates Severe Dry, the integrated class is Severe, but it escalates to 
Extreme if SPEI-3 is Severe or Extreme. When SMDI indicates Moderate Dry, the integrated class is Moderate; it escalates to Severe if SPEI- 
3 is Moderate or Severe, and to Extreme if SPEI-3 is Extreme. When SMDI is Near Normal, the default is No drought; escalation to Moderate 
occurs if SPEI-3 is Moderate and to Severe if SPEI-3 is Severe or Extreme. When SMDI is Wet, the integrated class remains No drought. We 
implement this policy via the decision matrix in Table 4, which maps SMDI and SPEI-3 classes to the final operational status.

Uncertainty is communicated using the empirical CDFs of absolute errors. For each index, we derive 50% and 90% error quantiles 
from the test-window CDFs (Figure S1 and Figure S2) and attach confidence qualifiers to alerts: predictions that remain in the same 
class under the 50% band are flagged as higher confidence; those that remain stable under the 90% but not the 50% band are medium 
confidence; predictions that change class under the 90% band are low confidence. Because these bands come directly from out-of- 
sample diagnostics, they provide transparent risk information without complicating the decision rule.

For deployment, monthly updates are natural given data latency (Section 2.2). Reporting integrated classes alongside station- 
cluster summaries (Section 2.3.1) helps reveal regime-specific behavior without fragmenting the modeling. Given the accuracy 
ranking in Table 3 and paired tests against Random Forest, LightGBM is a strong default engine for SMDI; for SPEI-3, LightGBM and 
Random Forest are statistically indistinguishable on the held-out window, so either can be used in routine operation (we retain 
LightGBM for consistency). Elastic Net offers an interpretable, lightweight fallback, with Random Forest and FT-Transformer retained 
for sensitivity checks and redundancy. Finally, the integrated classes can be mapped to tiered advisories—ranging from monitoring 

Fig. 9. SPEI-3 residuals over time on the held-out test window across all stations, computed as (observed − predicted). The horizontal line indicates 
zero residual. Panels: (a) LightGBM, (b) Elastic Net, (c) Random Forest, and (d) FT-Transformer.
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and irrigation-scheduling reviews at Moderate through contingency actions at Severe and emergency measures at Extreme—so that the 
system not only diagnoses drought but also supports timely, risk-aware decisions.

5. Discussion

5.1. Key interpretation and main takeaways

The most important takeaway from this study is not only that the models perform differently across targets, but why the 

Fig. 10. SMDI SHAP Summary. Feature-attribution beeswarms on the test window. Horizontal spread shows contribution magnitude. Panels: (a) 
LightGBM, (b) Elastic Net, (c) Random Forest, (d) FT-Transformer.
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performance pattern is so consistent across model families and what it implies for drought monitoring practice. The collective evidence 
from the scatter diagnostics, residual dynamics, and error-distribution plots indicates that the predictive problem is fundamentally 
different for the two indices: SMDI behaves as an integrated, memory-rich land-surface stress signal, whereas SPEI-3 is a more volatile 
atmospheric-balance indicator whose most informative months (extreme deficits) are also the rarest. This difference in index con
struction and frequency of extremes shapes what can be learned from monthly station–satellite predictors and where error 
concentrates.

A first interpretive result comes from the observed–predicted plots (Fig. 6 and Fig. 7). For SMDI, the point clouds are consistently 

Fig. 11. SPEI-3 SHAP Summary. Feature-attribution beeswarms on the test window. Position shows contribution to prediction. Panels: (a) 
LightGBM, (b) Elastic Net, (c) Random Forest, (d) FT-Transformer.
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dense around the 1:1 line across all algorithms, with widening primarily at the distribution tails. This pattern indicates that the models 
are capturing the dominant month-to-month structure of agricultural drought variability and that remaining error is concentrated 
where the process is intrinsically harder: abrupt transitions, rare extremes, and regimes where satellite proxies are noisier or less 
directly linked to root-zone stress. For SPEI-3, the same diagnostics show broader spread and a recurring understatement of the most 
negative values. Importantly, this tail underestimation appears across algorithms, which suggests it is not a “single model issue,” but a 
consequence of the combination of (i) rarity of extreme dry months, (ii) regression objectives that optimize average squared error, and 
(iii) the practical limitation that monthly predictors often encode extremes less distinctly than moderate anomalies. In other words, the 
models learn the center of the distribution well, but the driest tail is systematically difficult. To test whether this behavior is region- 
dependent, we also report cluster-wise test performance across the three hydroclimatic zones (Table S4). Skill remains broadly 
consistent across clusters for both targets, supporting the regional adaptability of the pooled, regime-aware modeling strategy. In 
addition, evaluating the models on explicit extreme-drought subsets confirms the same tail behavior seen in the scatter diagnostics 
(Table S5): predictions are more conservative in the most severe months, which is expected when extremes are rare and models are 
optimized for overall error minimization.

A second interpretive result is the temporal stability of generalization (Fig. 8 and Fig. 9). The residual-over-time panels remain 
centered with no sustained drift for either index, implying that the trained relationships are not simply “fitting one sub-period,” but are 
broadly stable across the held-out window. The occasional bursts of larger residual variance are consistent with high-variance 
hydroclimatic episodes to which drought indices respond nonlinearly through precipitation–temperature forcing and land–atmo
sphere coupling. To interpret this dispersion more explicitly, we summarized residual spread by month across the station network 
(Tables S6-S7). The largest bursts occur in a small number of high-variance months—especially for SPEI-3—characterized by (i) 
widespread extreme deficits and (ii) abrupt month-to-month shifts in observed conditions. For example, mid-2021 contains the highest 
error months, coinciding with strongly negative mean SPEI-3 and unusually positive LST anomalies with very low precipitation, 
consistent with short-lived but intense forcing regimes where squared-error training yields conservative estimates. In contrast, SMDI 
shows weaker coupling between error and drought severity, with larger errors primarily aligned with transition months rather than 
sustained tail failure. This is a meaningful quality-control finding: it indicates that the evaluation is not dominated by a single 
anomalous year or by hidden temporal leakage, and it supports the feasibility of operational deployment with periodic re-training.

Third, the empirical CDFs of absolute error (Figure S1 and Figure S2) provide a practical reliability interpretation that scatter plots 
alone cannot. For SMDI, the steep rise of the CDF indicates that a large fraction of months lie within modest absolute error (on the order 
of ~1 index unit), whereas SPEI-3 exhibits a slower rise and a heavier right tail, meaning that a smaller subset of months contributes 
disproportionately to large errors. This is exactly the behavior one would expect when extremes are rare but important. From an 
operational standpoint, this also provides a concrete basis for uncertainty communication: even when point predictions are used, the 
system can attach probability-like qualifiers to drought classes (e.g., “high confidence” when error quantiles are small, “caution” when 
approaching tail regimes), rather than treating all months as equally reliable.

Fourth, the model-family comparison yields a useful methodological interpretation that goes beyond “which model won.” The 
strong performance of gradient-boosted trees for SMDI is consistent with a favorable bias–variance trade-off in medium-sized monthly 
tabular data: boosting captures nonlinearities and interactions among persistence, precipitation, thermal stress (LST), and land-surface 
indicators while remaining robust under moderate hyperparameter misspecification. Random Forest’s closeness is consistent with 
variance reduction via bagging, while its slight underperformance relative to boosting is plausible given the absence of residual-fitting 
and typically coarser function approximation. The fact that Elastic Net remains close to the nonlinear ensembles for SMDI is not trivial. 
It suggests that, after feature engineering and standardization, a substantial share of predictable SMDI variability is approximately 
linear (with persistence and hydroclimatic forcing dominating). That is encouraging for interpretability and deployment because it 
implies the signal is not entirely dependent on complex nonlinear machinery. Finally, the FT-Transformer’s competitive but not su
perior performance is consistent with what is often observed in deep tabular learning: without very large sample sizes or richer 
temporal structure than monthly station records provide, deep models do not reliably dominate well-tuned gradient-boosted trees.

Fifth, the convergence of feature-attribution patterns across algorithms is one of the strongest indicators that the models are 
learning physically meaningful relationships rather than dataset quirks (Fig. 10 and Fig. 11). Across model families, short-term 
persistence terms dominate both targets (antecedent index values as top contributors), followed by precipitation and thermal/ 
energy-related anomalies, with soil moisture and vegetation/water indices providing secondary refinement. This ranking matches 
process understanding: antecedent conditions provide monthly memory; water supply and evaporative demand modulate departures 
from normal; and surface/vegetation signals reflect realized stress and soil–vegetation feedbacks. This process-consistent attribution is 
reinforced by our robustness checks showing broadly comparable predictive skill across the three hydroclimatic clusters (climate 

Table 4 
Integrated agricultural drought classification (SMDI-anchored with SPEI-3–based escalation).

SMDI class ↓ \ SPEI-3 class → Normal 
(¡0.5–0.5)

Moderate Drought (¡1.0 to 
¡0.5)

Severe Drought (¡1.5 to 
¡1.0)

Extreme Drought (< 
¡1.5)

Wet (> 1) No drought No drought No drought No drought
Near Normal (− 1–1) No drought Moderate Severe Severe
Moderate Dry (− 1.5 to − 1) Moderate Severe Severe Extreme
Severe Dry (− 2 to − 1.5) Severe Severe Extreme Extreme
Extreme Dry (≤ − 2) Extreme Extreme Extreme Extreme
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zones) and predictable degradation primarily in the rare extreme tail, where models become more conservative (Section 3.1; 
Tables S4–S5). Beyond global ranking, TreeSHAP contribution dependence plots (Figure S9) clarify that several key predictors act 
nonlinearly and conditionally. Precipitation shows a threshold-like response, with diminishing marginal influence away from the 
wet–dry transition, while positive LST anomalies contribute increasingly negative shifts in both targets, consistent with enhanced 
evaporative stress under warm conditions. The interaction coloring by antecedent drought state (lag-1) indicates state dependence: the 
same hydroclimatic anomaly typically exerts a larger negative contribution when the previous month is already dry, reflecting limited 
buffering under low storage. For SPEI-3, a severity-stratified view further shows that warm anomalies are associated with a wider and 
more negative contribution range during severe drought months, consistent with amplified evaporative-demand impacts in the driest 
tail. The modest but non-zero contributions of cluster indicators are also interpretable in a desirable way: they capture residual spatial 
heterogeneity without overpowering the main hydroclimatic controls, which is consistent with the purpose of pooling stations while 
still acknowledging that climatic–agricultural behavior is not spatially uniform.

Finally, the structure of errors aligns with the intended roles of the indices and supports a clear operational interpretation. SMDI’s 
integrative nature and the inclusion of relevant predictors enable more stable and symmetric error behavior. SPEI-3, however, is 
intrinsically harder at the driest tail and is the index most likely to be under-estimated in extreme months. This does not undermine the 
utility of SPEI-3; rather, it clarifies its best role in a dual-index setting: SPEI-3 is well-suited for escalation/early warning, while SMDI is 
better suited for anchoring realized severity. In practice, this means that the framework should be conservative in interpreting extreme 
SPEI-3 point predictions and should incorporate tail-aware enhancements (e.g., alternative objectives, resampling, or probabilistic 
outputs) if extreme-event fidelity is a priority.

5.2. Comparison with previous studies

Our findings are consistent with (and extend) prior drought forecasting and monitoring research in several ways. 

(i) Machine learning for SPEI forecasting. Multiple studies have shown that data-driven methods can forecast SPEI at short time 
scales, often with strong one-step-ahead performance when long records and persistence information are available. For 
example, deep learning (LSTM) has been demonstrated to achieve high skill for SPEI-1 and SPEI-3 at one-month lead time, 
particularly when antecedent drought state and hydroclimatic covariates are included (Dikshit et al., 2021). Likewise, ML 
approaches (including Random Forest and ensembles) have been reported to perform well for SPEI prediction at multiple scales, 
reinforcing the role of persistence and hydroclimate predictors in drought-index forecasting (En-Nagre et al., 2024; Zhang et al., 
2024). Our results align with this literature in identifying antecedent state as a dominant control; however, we additionally 
show that tail underestimation remains a persistent challenge for SPEI-3 extremes across model families, indicating that 
objective functions and sampling strategies can matter as much as model class when extreme drought fidelity is the priority.

(ii) Why a dual-index approach is justified. Prior methodological work emphasizes that SPEI incorporates evaporative demand 
(through PET) and can diverge meaningfully from precipitation-only indicators under warming, which is one reason SPEI is 
widely used to complement SPI-type approaches (Gumus, 2023). Our dual-index framework operationalizes this complemen
tarity in an agricultural context: rather than forcing a single index to serve both “early signal” and “realized stress,” the results 
support using SPEI-3 as an atmospheric imbalance trigger and SMDI as a storage/stress anchor.

(iii) SMDI and agricultural drought representation. SMDI was originally proposed to represent soil-moisture deficit dynamics 
more directly than purely meteorological indices and to better reflect agricultural stress mechanisms. In line with that moti
vation, our modeling shows that SMDI exhibits higher predictability at monthly resolution, consistent with its stronger memory 
and smoother dynamics relative to SPEI-3.

(iv) Regional context and Iran-relevant evidence. Recent Iran-focused research supports the value of combining meteorological 
and agricultural perspectives for national-scale drought characterization, and complementary work has shown that machine- 
learning models trained on multiple standardized drought indices can achieve high forecasting skill across Iran’s arid and 
semi-arid climates, reinforcing the practical benefit of multi-index, data-driven drought assessment in heterogeneous regimes 
(Amiranipour et al., 2026; Talebi et al., 2025). Our work complements these studies by (i) explicitly emphasizing a leakage-safe, 
forward-in-time evaluation, (ii) comparing modern tabular learners and a deep tabular transformer under a unified protocol, 
and (iii) translating the dual-index insight into an operational monitoring framework (next section) that supports decision 
thresholds and uncertainty communication.

5.3. Limitations and sources of uncertainty

Several constraints affected the analysis design, but they are transparent and importantly do not invalidate the methodological and 
operational contributions. 

(i) Study period (2001–2022) constrained by station-data availability and access. The selected period reflects the longest 
continuous window for which complete monthly station precipitation and temperature records were available to the study at 
the time of data acquisition. Access to more recent observations was not feasible through the same channels due to institutional 
release constraints. While this limits “to-present” updating, it preserves an internally consistent dataset needed for robust multi- 
source integration and forward validation.
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(ii) Station network shaped by completeness and collocation constraints. Station inclusion required (a) continuous monthly 
records throughout the analysis window, and (b) valid spatial collocation with all remote-sensing products used. These re
quirements necessarily exclude many candidate stations with missing periods or invalid satellite retrieval coverage at their 
coordinates. A further agricultural relevance criterion intentionally increases representation in key farming provinces while 
maintaining nationwide coverage. This design choice strengthens the study’s agricultural focus while ensuring the predictor set 
is consistently available at all selected locations.

(iii) Extremes and objective-function bias. Separate evaluation on extreme-drought subsets confirms that the most severe SPEI-3 
deficits are predicted more conservatively across model families, a known consequence when models are optimized for average 
squared-error behavior and extremes are relatively sparse. This limitation reinforces the value of using SPEI-3 as an escalation 
signal rather than a sole severity anchor and motivates tail-aware modeling enhancements.

(iv) Predictor completeness and management effects. Although the predictor suite captures major hydroclimatic and land- 
surface signals, some influences (e.g., irrigation management intensity, crop calendars, soil hydraulic parameters, and full 
PET drivers such as radiation and wind) are only indirectly represented. This can limit explanatory completeness in heavily 
managed or highly heterogeneous agricultural systems.

5.4. Recommendations and future work

Future extensions can build directly on the present framework while targeting the specific behaviors observed in the diagnostics. 
For SPEI-3, improving fidelity in rare extreme dry conditions is a natural next step; this can be approached through tail-aware ob
jectives (e.g., Huber/quantile/asymmetric losses), resampling or reweighting strategies that increase emphasis on extreme drought 
months, and probabilistic formulations that convey risk rather than relying only on point estimates. In parallel, further gains are likely 
to come from signal enrichment more than changing model families, particularly by incorporating additional controls on evaporative 
demand (e.g., radiation and wind proxies), static land attributes governing buffering capacity (soil properties, rooting depth), and 
management-related information where feasible (e.g., irrigation footprints and cropping calendars).

Future work would also extend the dual-index framework to wall-to-wall drought mapping by applying the trained models on 
gridded predictor fields, while maintaining reliability through station-anchored benchmarking and (where needed) bias-correction/ 
calibration of gridded outputs against ground observations.

Operational deployment would also benefit from formalizing uncertainty communication by calibrating drought-class confidence 
qualifiers using empirical out-of-sample error distributions, allowing end users to interpret predicted classes with transparent reli
ability context. Finally, robustness can be strengthened through additional generalization tests—such as spatial holdouts or climate- 
zone cross-validation—to quantify transferability into under-sampled areas and to guide priorities for future monitoring network 
improvements.

6. Conclusions

This study develops and rigorously evaluates a dual-index framework for monthly agricultural drought monitoring over Iran’s 70- 
station network (2001–2022), combining SMDI to represent realized root-zone stress with SPEI-3 to represent short-to-seasonal 
meteorological imbalance. Using harmonized station and remote-sensing predictors, leakage-safe preprocessing, regime-aware clus
tering, and strictly forward-in-time expanding cross-validation, we compared four learning families (LightGBM, Elastic Net, Random 
Forest, and FT-Transformer) under a unified, stability-selected predictor set.

Three conclusions follow. First, monthly SMDI is consistently more learnable than SPEI-3 because it is governed by root-zone soil- 
water storage and antecedent drought-state persistence (“soil-moisture memory”)—i.e., the tendency for soil moisture deficits to 
evolve smoothly and carry information from one month to the next. This structure also explains the strong performance of tree en
sembles: they naturally capture nonlinear interactions and threshold-like behavior in how precipitation anomalies and thermal stress 
translate into soil-water deficits under different antecedent wetness conditions. Second, SPEI-3 remains operationally valuable but 
intrinsically harder at monthly resolution because it reflects short-term hydroclimatic forcing, dominated by recent precipitation 
deficits and evaporative-demand variability (through PET-related temperature effects), and because the most informative months are 
rare extremes that squared-error regression tends to predict conservatively. Accordingly, for SPEI-3 the top-performing models are 
effectively tied on average, and differences between leading methods should be interpreted as small. Third, feature-attribution patterns 
provide a coherent process narrative across model families: persistence terms dominate both targets, followed by precipitation and 
land-surface temperature anomalies, with vegetation/water indices adding incremental refinement and regime indicators providing 
modest spatial adjustment—consistent with drought propagation from atmospheric anomalies into root-zone stress.

Building on these insights, we proposed an operational integration in which SMDI anchors severity while SPEI-3 escalates alerts 
when meteorological forcing indicates imminent deterioration. This design translates continuous predictions into actionable drought 
classes and can attach uncertainty qualifiers derived from empirical out-of-sample error distributions, keeping the system transparent 
and appropriately conservative in high-stakes settings while remaining updateable on a monthly cadence.

Several extensions could further strengthen skill and operational value. On the data side, higher-frequency precipitation, radiation 
and wind proxies relevant to evaporative demand, and static land/management factors (e.g., soil texture, available water capacity, 
rooting depth, irrigation footprints) would better represent buffering capacity and improve sensitivity to onset and persistence. On the 
modeling side, tail-aware objectives and probabilistic formulations would better target rare extremes, while spatial holdouts or 
climate-zone cross-validation would further quantify transferability into under-sampled regions. Finally, extending this regime-aware 
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dual-index framework to gridded mapping would enable wall-to-wall drought monitoring while retaining station-anchored bench
marking for reliability.
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