
Predictive drivers and transferability of multi-scale machine learning based 
crop yield prediction under drought across European and Asian climates

Hempushpa Sahu a,b , Pradeep Kumar Garg a, Saurabh Vijay a, Antara Dasgupta b,*

a Department of Civil Engineering, Indian Institute of Technology Roorkee, Uttarakhand 247667, India
b RWTH Aachen University, Data Driven Computing Lab, Institute of Hydraulic Engineering and Water Resources Management (IWW), Faculty of Civil Engineering, 
Germany

A R T I C L E  I N F O

Handling Editor - Enrique Fernández

Keywords:
Random Forest
Transfer learning
Semi-arid
Temperate
Wheat
Barley

A B S T R A C T

Food security is increasingly critical due to a growing global population. Accurate crop yield prediction enables 
policymakers to anticipate climate shocks, such as droughts, and manage food reserves proactively. Machine 
learning models struggle to capture the complexity of real-world conditions, particularly during extreme events 
such as droughts, as these events are often underrepresented in the training data distributions, challenging 
predictions. This study addresses the limitation of predictability of crop yield during hydrological extremes, 
particularly droughts, by optimizing a Random Forest regressor using two training strategies: random and a 
hydrologically balanced approach. The model was applied in the Bundelkhand region in India and Germany in 
Europe, for wheat and barley crops. Predictions were at two spatial scales: lumped and distributed, to assess the 
differences in predictive drivers across scales. In Bundelkhand, for the lumped scale, the balanced approach 
improved Root Mean Square Error (RMSE) by 14.66 % and Mean Absolute Percentage Error (MAPE) by 29.23 % 
for wheat; and by 36.10 % (RMSE) and 40 % (MAPE) for barley. In Germany, the performance gains from 
balancing were smaller: 4.59 % (RMSE) and 6.37 % (MAPE) for wheat, with a decrease in performance for 
barley. The study also analyzed the spatial transferability by applying regionally trained models across sites 
without retraining. Results suggest that adding local features during retraining may enhance model performance 
in new regions. Overall, this work demonstrates the value of combining reanalysis data with ensemble machine 
learning for accurate crop yield prediction, offering insights to support food reserve planning and mitigate the 
impacts of climate extremes on food security.

1. Introduction

The growing global population necessitates enhanced food security, 
yet meeting the needs of nearly two billion people worldwide already 
presents significant challenges (Verschuur et al., 2021). Agricultural 
productivity is further threatened by climate extremes, such as floods 
and droughts, as well as compound disasters (Verschuur et al., 2021; 
Wan et al., 2021; Wen et al., 2023). Drought, in particular, is projected 
to become more frequent in the future, which is expected to enhance 
crop prices and threaten food security (Aalbers et al., 2023; J. Zhang 
et al., 2018). Accurate crop yield prediction has thus become essential 

for effectively planning and managing food reserves (Bellvert et al., 
2025; Servia et al., 2022).

For predicting crop yields, several key climatic variables are neces
sary, which include precipitation, temperature, evaporation, soil mois
ture, humidity, solar radiation, and wind speed. In-situ data collection, 
traditionally used to measure these variables in the field, is both labor 
and cost-intensive, leading to limited spatial sampling despite the high 
temporal sampling rates at installed sensor locations. The ubiquity of 
satellite remote sensing from Earth Observation (EO) satellites has, to 
some extent, alleviated the spatial and temporal constraints of tradi
tional in-situ measurements (Servia et al., 2022; Wen et al., 2023). EO 
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data can also provide spatially distributed observations of climatic 
variables crucial for crop yield predictions, in addition to offering other 
relevant crop health indicators, such as vegetation indices (e.g., the 
normalized difference vegetation index). But EO data does not yet exist 
for all climatic variables over climate time scales of more than 30 years. 
Therefore, researchers often use reanalysis data for land monitoring 
applications, drought monitoring (Gallear et al., 2025; Qian et al., 2025) 
and crop yield predictions (Benso et al., 2025; Yeşilköy and Demir, 
2024). Reanalysis data provide a more comprehensive dataset, as they 
fill data gaps by interpolating in space and time, and contain lower 
uncertainties than model outputs or observations due to their integra
tion via data assimilation.

Crop yield prediction is a challenging task influenced by multiple 
factors, including climate, topography, soil properties, water availabil
ity, and planting time (El-Kenawy et al., 2024). While traditional crop 
growth models have been widely used, the boom in data and cloud 
computing availability has shifted the focus towards machine learning 
(ML) for crop yield forecasting, due to expected improvements in pre
dictive accuracy (Wang et al., 2023a). For instance, Zhuo et al. (2022)
employed the WOrld FOod STudies (WOFOST) model, a process-based 
mechanistic model, to predict winter wheat yield in China using 
different input configurations. The application of data assimilation 
techniques within the WOFOST framework resulted in a ~28 % 
improvement in prediction accuracy compared to predictions without 
data assimilation. Johnston et al. (2023) compared ML models as em
ulators of the process driven crop models, and reported a high coeffi
cient of determination (R2 greater than 0.95) at training locations, 
indicating strong predictive accuracy. However, ML models are not a 
universal replacement of process-based models, as their performance 
depends on the quality and range of input data provided to the model. 
Peng et al. (2020) evaluated Least Absolute Shrinkage and Selection 
Operator (LASSO), Ridge regression, and several ML models, such as 
Random Forest (RF), Support Vector Regression (SVR), Artificial Neural 
Networks (ANN), for yield prediction and reported that RF performed 
the best for predicting maize and soybean yields in the United States (U. 
S.) Midwest. They highlighted the benefit of using Solar Induced Chlo
rophyll Fluorescence (SIF) at different resolutions to improve crop yield 
predictions. Brandt et al. (2024) demonstrated the effectiveness of 
ensemble learning methods, applying meta-learning through model 
stacking and majority voting across six supervised ML regression esti
mators for three crops in Northern Germany, where majority voting 
outperformed others. Asadollah et al. (2024) predicted crop yield for 
barley, oats, rye, and wheat using remote sensing data and ML models. 
They applied a novel Randomized Search cross validation (RScv) 
approach to optimize four ensemble ML models (Gradient Boosting, 
Ada-boost, RF, Extra tree). For all models, RScv improved performance, 
with Ada-boost achieving the highest R² at 0.90. A review by Luo et al. 
(2023) suggests that advances in input data, dynamic models, and 
assimilation algorithms, can enhance crop yield estimation. Similarly, 
the review by Fares et al. (2026) highlights the importance of incorpo
rating diverse variables such as crop management practices, soil type, 
and crop variety with drought indices into artificial intelligence models 
to improve crop yield predictions under drought conditions.

The impact of climate change on agriculture is becoming increas
ingly evident. Wheat, as one of the most widely cultivated staple crops, 
is especially vulnerable to rising temperature and shifting rainfall pat
terns. Gao et al. (2025) investigated the impact of climate change on 
winter wheat and spring wheat yield in both historical and future pe
riods in Xinjiang, China, a semi-arid region, using five ML models: 
Gradient Boosting Regression (GBR), SVR, Multilayer Perceptron (MLP), 
Elastic Net (EN), and RF. The RF showed highest accuracy (R2 =

0.68–0.70) for wheat yields. In contrast, future projections indicate a 
warming and concerning scenario, with winter wheat expected to 
decrease by an average of 3.9–4.8 %. These findings highlight winter 
wheat’s sensitivity to changing climatic conditions. Comparable evi
dence shows declining NDVI and precipitation over time, suggesting 

wheat is becoming increasingly susceptible to drought stress (Su et al., 
2025). Using multisource remote sensing data for rainfed wheat yield 
forecasting is done for Iranian provinces using Extreme Gradient 
Boosting (XGBoost), RF, and SVR (Bourbour et al., 2025). In Iran, cli
matic variables such as rainfall and temperature were found to be key 
variables influencing crop yield (Bourbour et al., 2025; Sharafi and 
Nahvinia, 2024). XGBoost performed best with 0.64 coefficient of 
determination. A similar study in U.S., also showed XGBoost as a better 
performance than RF and Linear Regression for winter wheat pre
dictions (Khosravani Shariati and Abbasi, 2025).

ML models have been widely compared with traditional regression 
approaches and have generally demonstrated superior predictive per
formance. For example, Leng and Hall (2020) predicted maize yield in 
the U.S. using process-based models, a traditional multiple linear 
regression model, and an ML RF algorithm. They found that the ML 
approach explained 93 % of the observed yield variability, significantly 
outperforming the other methods. Similarly, Shi et al. (2024) developed 
SVM, ANN, RF, and linear regression models in Liaoning and Jilin, 
China. They tested their transferability to predict rice yield in 
data-sparse regions of North Korea. ML models have been applied not 
only to predict drought related yield losses but also to address other 
yield related challenges across different climatic regions. The RF model 
outperformed other models, even with limited training data, achieving 
R2 values of 0.83–0.87. L. Li et al. (2025) developed a 
Knowledge-Guided Machine Learning (KGML) framework to simulate 
the impact of waterlogging on wheat yield in the Yangtze River Basin, 
China. The RF model was employed to identify changes in crop yield and 
to determine key features, which were subsequently utilized for uncer
tainty analysis. Results show that the framework demonstrates a reliable 
performance with an R2 of 0.83 and RMSE of 272.3 kg/ha under 
waterlogging effects. Cedric et al., (2022) used three ML models, 
k-Nearest Neighbor (k-NN), Multivariate Linear Logistic Regression, and 
Decision Tree to predict the yields of six crops (banana, yams, cassava, 
maize, rice, and seed cotton) in West African Countries. The k-NN model 
outperformed the others, achieving a R2 of 95.03 % and a Mean absolute 
error (MAE) of 0.160 kg/ha, with k-fold cross-validation playing a key 
role in hyperparameter optimization. Han and Leng, (2024) analyzed 
the global sensitivity of maize yield to Vapor Pressure Deficit (VPD) and 
used an RF model to assess the drivers of VPD changes. They found that 
shortwave radiation, daily maximum temperature, and minimum rela
tive humidity account for changes in sensitivity across 72 % of the global 
maize-growing area. The RF model proved to be the most robust in yield 
prediction, demonstrating its effectiveness for handling complex envi
ronmental variables.

Despite the success in ML-based crop yield forecasting, no studies 
have investigated crop yield prediction capabilities of drought-induced 
crop yield loss, which can substantially affect both crop yields and 
model performance due to the extreme nature of droughts. ML models 
and data driven techniques are often discussed for neglecting realistic 
scenarios, particularly climate extremes, in training and testing datasets, 
leading to poor performance in out-of-distribution settings (Bowden 
et al., 2002; Chen et al., 2022; Kratzert et al., 2019). Incorporating a 
hydrologically balanced selection of training and testing data ensures 
the inclusion of both drought and non-drought conditions in the training 
and testing data splits, enabling the model to learn from more repre
sentative situations and thereby improve predictions during extremes. 
To the best of the authors' knowledge, no study has implemented such a 
balanced approach specifically for predicting crop yield under the im
pacts of drought, leaving a significant gap in the literature on crop yield 
prediction.

In this study, we specifically aim to improve crop yield predictions 
for drought-impacted regions, during and after drought incidents, using 
the power of ensemble ML, namely the RF regressor, chosen due to its 
ability to generalize the complex relationships that drive crop produc
tivity. To achieve this, we utilize historical drought data from two 
agroclimatically diverse regions to develop a drought-informed RF 
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regressor that predicts annual crop yield estimates, considering the 
impacts of drought. We also examine the effects of spatial scale on 
predictive accuracy and evaluate the importance of different input fea
tures across various scales and regions to understand how different 
causal drivers of drought influence the predictive performance of the RF 
model. In doing so, we answer the following research questions: 

1. Does a drought-informed training strategy help improve machine 
learning based annual crop yield predictions?

2. Do the most important predictors of drought-induced crop yield 
predictions vary with different spatial scales or geographical regions 
with different climatologies?

3. How well does the ML-based crop yield prediction model transfer to 
different climatic and geographic settings?

2. Materials and methods

2.1. Study area

The study focuses on two distinct regions having different climates: 
Germany and the Bundelkhand region from Uttar Pradesh (UP), India. 
The regions were selected for their significant roles in the agricultural 
sector, as well as for recent drought occurrences in both, given that 
Germany is among the top five producing countries in Europe in 2022 
(Benito-Verdugo et al., 2023), and in Bundelkhand, a majority of the 
population relies on agriculture for their livelihoods (Paul et al., 2021). 
Fig. 1 illustrates the locations and annual spatial variations in precipi
tation and temperature for both study sites for a drought year of 2015.

2.1.1. Bundelkhand
Bundelkhand is one of the most drought-prone areas in India. The 

Bundelkhand region is situated in central India, spanning latitudes 
23◦20′00″ N to 26◦20′00″ N and longitudes 78◦20′00″ E to 81◦40′00″ E 
(Patel and Yadav, 2015), extending across two states, UP and Madhya 
Pradesh (MP), covering a total area of approximately 7.08 Mha. The 
region comprises thirteen districts: seven in UP (Banda, Chitrakoot, 
Hamirpur, Jalaun, Jhansi, Lalitpur, and Mahoba) and six in MP (Chat
tarpur, Damoh, Datia, Panna, Sagar, and Tikamgarh). We selected only 
the UP region of Bundelkhand as it faces frequent droughts. According to 
the Köppen-Geiger climate classification, Bundelkhand is characterized 
by a hot and semi-humid climate (Beck et al., 2018), and experiences 
recurrent droughts due to irregular and scant precipitation (Paul et al., 
2021). It has an elevation range of 64 m to 245 m above mean sea level 
and receives an average annual rainfall of 800–1000 mm, with 
approximately 40 rainy days per year (Patel and Yadav, 2015). The air 
temperatures vary between 5◦C and 48◦C. Agriculture in Bundelkhand is 
predominantly rainfed (Pandey et al., 2021). The primary food pro
duction in the region is dominated by cereals, accounting for 54.6 %, 
followed by pulses at 32.4 %, oilseeds at 8 %, sugarcane at 0.2 %, and 
other crops at 4.8 % (Kundu et al., 2015).

2.1.2. Germany
Germany has a diverse agricultural landscape and spans from 

47◦17′00″ N to 55◦00′03″ N latitudes and 5◦53′00″ E to 15◦2′00″ E lon
gitudes. Germany covers a total area of 357,146 Km2, with elevations 
ranging from 2962 m above sea level in the Alps to sea level at the North 
and Baltic Seas (Reinermann et al., 2019). According to the 

Fig. 1. Global locations of the two regions are shown in (a), with a detailed area map for Bundelkhand in (b), and Germany in (c). The spatial distribution is 
represented for an example drought year, 2015, with the total annual precipitation for Bundelkhand (d), and Germany (e), and the mean annual skin temperature for 
Bundelkhand (f), and Germany (g).
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Köppen-Geiger climate classification, Germany is characterized by a 
temperate, humid climate with warm summers and no dry season 
(Blickensdörfer et al., 2022). The country’s precipitation and tempera
ture vary from north to south, resulting in substantial regional differ
ences in weather conditions throughout the country. Eastern, northern, 
and western Germany is more prone to droughts, while southern Ger
many is affected by waterlogging (Schmitt et al., 2022). The average 
rainfall for June is approximately 77 mm, while in February, it is around 
40 mm. The average temperature varies monthly, ranging from 0.5◦C in 
January to approximately 17.1◦C in July. Spatial variations exist, 
particularly in southern Germany, where the Alps influence the local 
climate (Blickensdörfer et al., 2022; Reinermann et al., 2019). The 
highest precipitation and temperatures occur during the summer 
months of June to August. The agricultural landscape of Germany has 
71 % cropland, 28 % grassland, and about 1 % vineyards and fruit trees 
(Blickensdörfer et al., 2022).

2.2. Data

This study employed openly available global datasets, ensuring 
consistency and comparability across both study sites. A total of 14 
variables were used in the study, including meteorological data, pre
cipitation (Xu et al., 2025), temperature (Tramblay and Quintana Seguí, 
2022), total evaporation (De Clercq and Mahdi, 2024), relative humidity 
(Sharafi and Nahvinia, 2024), soil moisture (van der Wiel et al., 2022), 
albedo (Lei et al., 2024), solar radiation (Sharafi and Nahvinia, 2024), 
and wind speed (Sharafi and Nahvinia, 2024), and a biophysical 
parameter Leaf Area Index (LAI) (Li et al., 2023b), and a vegetation 
index NDVI (Tanguy et al., 2023; Wang et al., 2023b), as well as location 
data such as latitude (lat) and longitude (long) (Brandt et al., 2024), 
were selected because they collectively capture the climate and vege
tation dynamics which are essential for crop development, stress 
response and productivity. The study covers the period from 1990 to 
2021, during which both regions experienced drought episodes, with 
particularly severe droughts in recent years, including 2015 in Bun
delkhand and 2018 in Germany. Drought years for the Bundelkhand 
region were identified using district level information from official 
government reports (India Meteorological Department, 2020; Uttar 
Pradesh Government, 2023). For Germany, drought years were derived 
from the annual drought maps produced by the Helmholtz Centre for 
Environmental Research (UFZ), which provide spatially explicit esti
mates of drought intensity for the period 1950–2024 (UFZ-Germany n. 
d.). These maps represent drought conditions in the topsoil layer, 
defined as 0–25 cm, during the growing season from April to October, 
and are widely used for national scale drought monitoring. The drought 
type is not explicitly classified as meteorological, agricultural, or hy
drological in either source. The drought intensity information was 
therefore used as a consistent and operational basis for defining drought 
years across the whole study period. While drought indices such as the 
SPI and the SPEI provide quantitative measures of drought severity, 
their calculation requires region specific choices of accumulation pe
riods, reference distributions, and climatic baselines (Mishra and Singh, 
2010; Stagge et al., 2025). These choices can vary across regions and 
crops, introducing additional degrees of freedom that could compromise 
cross-regional consistency. For this reason, externally defined drought 
inventories were used to ensure a uniform historical characterization of 
drought conditions in both study areas. For Germany, a year was clas
sified as a drought year if any part of the country exhibited a drought 
intensity equal to or greater than 0.04 in the UFZ maps, reflecting the 
fact that the entire country was treated as a single unit in the lumped 
scale analysis. The threshold of 0.04 was selected based on German 
Drought Monitor category D1 (moderate drought), following Boeing 
et al. (2022), and Samaniego et al. (2013). This threshold-based 
approach provides a transparent and reproducible definition of 
drought years while retaining sensitivity to spatially heterogeneous 
drought conditions. Although some uncertainty is inevitable, this 

framework enables a consistent and comparable implementation of the 
balanced training strategy across both regions.

2.2.1. Climatic data
We used ERA5 Land (European Centre for Medium-Range Fore

casting (ECMWF) Reanalysis v5) data, which is the fifth generation of 
ECMWF atmospheric reanalysis covering the globe's climate. ERA5 Land 
Monthly is an enhanced version of ERA5 that has been available since 
1950. ERA5 Land is available globally at a spatial resolution of 0.1◦ with 
a monthly temporal resolution and is updated with a lag of 2–3 months 
(Muñoz-Sabater et al., 2021). Relative humidity was calculated using 
the ERA5 temperature at 2 m and the dew point temperature, as 
(Alduchov and Eskridge, 1996). Wind speed calculated from the 
u-component and v-component of wind available at ERA5 land monthly 
(P. Anais.. n.d.). A detailed description of all variables selected in the 
study is listed in Table 1.

2.2.2. Vegetation index and biophysical data
The NDVI data were collected from the Peking University Global 

Inventory Modeling and Mapping Studies (PKU GIMMS) NDVI version 
1.2, which is available globally (Table 1). This dataset was generated 
using a Back-Propagation Neural Network (BPNN) to calibrate the 
GIMMS NDVI3g product using Landsat NDVI samples, incorporating 
explanatory variables related to spatial, temporal, and satellite infor
mation, to determine the optimal model for NDVI calibration across 
eight vegetation biome types. A RF fusion method was then employed to 
merge the Moderate Resolution Imaging Spectroradiometer (MODIS) 
NDVI data, extending its temporal coverage up to 2022 (Li et al., 2023a). 
Leaf Area Index (LAI) from ERA5 Land also serves as an indicator of 
vegetation greenness.

2.2.3. Crop yield data
To ensure comparability and based on data availability and crop 

prevalence, wheat and barley (winter crops) were selected for Bun
delkhand. For Germany, the corresponding crops, winter wheat and 
winter barley, were chosen. Yield data are reported in kilograms per 
hectare (Kg/ha). The data sources are listed in Table 1, while Table 2
outlines the selected districts from the study areas in both regions.

2.3. Methods

This study employs the ensemble machine learning model Random 
Forest Regressor to predict crop yield, additionally providing insights on 
agricultural droughts. Fig. 2 illustrates the methodology used in the 
paper. RF is a supervised learning model used for classification and 
regression analysis (Breiman, 2001), which constructs a forest of deci
sion trees during training, and outputs are based on mean prediction 
from the individual trees in case of regression and a majority voting in 
case of classification. The randomness of feature selection from each 
subset of the decision trees helps it manage outliers and noisy data 
effectively, reducing the risk of overfitting, especially when dealing with 
limited training data (Baig et al., 2024).

2.3.1. Feature selection
Feature selection is a crucial step in machine learning as it removes 

redundancy by preventing the selection of highly correlated features, 
thereby reducing overfitting and improving model efficiency 
(Shahhosseini et al., 2021). Although, RF model can handle predictors 
with high multicollinearity, including them may introduce noise and 
uncertainty into the algorithm, which affects variable importance 
rankings (Mahdizadeh Gharakhanlou and Perez, 2024). For this reason, 
we conducted a Pearson correlation test on 22 features (Figure A1), 
although this only detects linear correlation among the data whereby 
non-linear correlation between the variables may be missed. After 
filtering highly correlated features, we also considered their unique 
physical contributions to the crop yield prediction problem such that 
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some correlated features were still retained due to this additional in
formation they incorporate. Some variables such as total precipitation, 
volumetric soil moisture layers, solar radiation, and relative humidity 
exhibit high linear correlation due to mutual influence. Nevertheless, we 
retained them, assuming they provide distinct information to the model 
in addition to the correlated redundant information. Since the objective 
is to predict a continuous variable while retaining all relevant and 
distinct land surface information, we chose not to remove certain fea
tures. Feature selection was based on correlation analysis and expert 
judgment. This process produced 12 independent features excluding 
latitude and longitude, for annual-scale crop yield predictions using RF. 
Latitude and longitude were excluded from the correlation test, as the 
formula of Pearson correlation is the covariance of two variables divided 
by the product of the standard deviation of the two variables, which 
results in undefined values due to a standard deviation value equal to 
zero.

2.3.2. Training and testing
In machine learning, data is typically split into training and testing 

sets, allowing the model to learn from a portion of data and validate its 
performance on the remaining data (Jhajharia et al., 2023; Seyedmo
hammadi et al., 2024). We allocated 90 % data for training and 10 % for 
testing as per the peer-reviewed literature (e.g., Akbari et al., 2025; 
Asfaw et al., 2025; Cedric et al., 2022; Hauswirth et al., 2021). For this 
study, we trained the model in two different scenarios - random selec
tion and a hydrologically balanced selection. Random selection does not 
guarantee a balanced representation of drought and non-drought years 
scenarios, while hydrologically balanced ensured this in both training 
and testing.

2.3.3. Parameter optimization
Hyperparameter tuning is crucial for optimizing the model perfor

mance (Mahdizadeh Gharakhanlou and Perez, 2024; Sánchez et al., 
2025; Zhao et al., 2019). However, default settings in the RF model often 
produce reliable results (Garg et al., 2024). In this study, we performed 
parameter optimization using the hyperparameters listed in Table 3. 
GridSearchCV was used to identify the optimal parameter set and opti
mize evaluation metrics (Shahhosseini et al., 2021; Xu et al., 2025). 

Table 1 
Description of all input and target variables used in the analysis, including their units, spatial and temporal resolution, rationale for inclusion, and data sources.

Variable (name in this study) Unit Spatial 
resolution

Temporal 
resolution

Reason Source

Crop yield - Bundelkhand Kilograms/ 
hectare

District wise Seasonal Proxy for agricultural drought (ICRISAT-District Level Data n.d.) 
(1990–1996) and (DES | Area, Production & 
Yield - Reports, n.d) (1997–2021)

Crop yield - Germany Kilograms/ 
hectare

District wise Annual Proxy for agricultural drought (Duden et al., 2024)

Skin temperature 
(skin_temp)

K converted 
to ◦C

0.1 ◦ Monthly Increased temperature enhances 
evaporation, thereby reducing soil 
water and affecting crop maturity

ERA5 Land (ERA5-Land monthly averaged 
data from 1950 to present, n.d.)

Surface net solar radiation sum 
(solar_radiation)

J/m^2 Influences transpiration, and so if 
water availability is limited, it can lead 
to crop losses

Total evaporation 
(total_evapo)

m of water 
equivalent

Increased evaporation deteriorates the 
soil water condition and crop health

Relative humidity (from dew point 
temperature 2 m and temperature 
2 m) 
(rel_hum)

% It can reduce moisture in the air, 
increase evaporation, and potentially 
cause water stress in crops

Forecast albedo 
(for_albedo)

% High albedo can reduce the water 
storage capacity of soils

Total precipitation sum 
(total_precip)

m Provides soil moisture, thus 
strengthening the root zones

Volumetric soil moisture layer 1 
(vol_sm_1) (0–7 cm)

Volume 
fraction

Important during early growing 
periods, as it influences soil 
temperature and evaporation

Volumetric soil moisture layer 2 
(vol_sm_2) (7 − 28 cm)

Volume 
fraction

Holds the majority of the active root 
system, supporting early to mid-plant 
growth

Volumetric soil moisture layer 3 
(vol_sm_3) (28–100 cm)

Volume 
fraction

Necessary for crop maturity during dry 
periods, such as droughts

Wind speed (from the u-component 
of wind 10 m and the v-component 
of wind 10 m) 
(wind _speed)

m/s High wind may dry the air, and 
evaporation increases with wind speed

Leaf area index high (lai_h) Area fraction Indicator of vegetation coverage
NDVI (mean_ndvi) Unitless 0.0833 ◦ Bi-monthly The indicator of greenness, if low, 

suggests potential issues affecting the 
crops

PKU GIMMS NDVI (Muyi Li et al., 2023)

Table 2 
Number of districts included from Bundelkhand and Germany for the full study period from 1990 to 2021, showing total district counts and the subsets with complete 
yield records for wheat and barley used in the analysis.

Common crops Total number of districts in the study area No. of the districts with yield data for the complete 
study period for the selected crop

No. of districts with both wheat and barley 
yield data for the study period

Bundelkhand Germany (Duden et al., 2024) Bundelkhand Germany Bundelkhand Germany

Wheat 7 397 5 242 5 201
Barley 7 397 5 219
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GridSearchCV conducts exhaustive searches over all specified hyper
parameter combinations to maximize model performance. A five-fold 
cross-validation was applied to assess predictive accuracy to reduce 
data split randomness, reduce overfitting, and enhance generalization 
(Ennaji et al., 2025; Maier et al., 2023; Roberts et al., 2017; Sweet et al., 
2023; Tegegne et al., 2017).

2.3.4. Feature importance and spatial variations
Feature importance analysis helps identify the most influential var

iables in the model by ranking them based on their contribution to the 
target (e.g. crop yield in this study) prediction. In the RF model, two 
methods of feature importance analysis are ‘Mean Decrease in Impurity 
(MDI) based on total variance (squared error)’ and ‘Permutation 
Importance’. The permutation importance ranks features based on 
performance changes after shuffling the features. In this study, we 

applied the variance reduction method where the mean decrease in 
impurity is calculated based on the reduction in mean squared error 
(MSE) at each split across all trees. The greater the decrease in impurity, 
the more important the feature (Joshi et al., 2023). It is important to 
note that highly correlated features can affect feature importance 
rankings, as the model may prioritize one feature over another. As a 
result, some features with high correlation may appear less significant in 
the final analysis.

Here, we carried out lumped (a single model for all districts) and 
distributed (district-wise models) analyses for studying large scale and 
fine scale spatial variations, respectively. In large-scale analysis, data 
from the entire study sites (separately for Bundelkhand and Germany) 
was provided as input, and a single model was used to evaluate the 
overall performance of the variables throughout the region. In contrast, 
the fine-scale analysis involved training separate models at the district 
(sub-region) level, allowing for a detailed examination of key features 
specific to each district as well as a comparison of predictive 
performance.

2.3.5. Spatial transferability
Given the study focuses on two diverse agricultural regions, we did 

the transferability of the models to investigate whether the model is 
transferable as is or needs retraining with local data. The model was first 
trained at one location and tested on the other by simply running 
inference, and vice versa. This method helps assess the model’s pre
dictive capability across different regions since crop productivity is 
highly influenced by climate and local topography. This test was crucial 
for evaluating the model’s adaptability towards varying geographic 
conditions.

2.3.6. Evaluation metrics
Here, we considered Root Mean Square Error (RMSE) and Mean 

Fig. 2. Overview of the modeling workflow, showing data selection and feature elimination, followed by Random Forest training, feature importance analysis, and 
model performance evaluation.

Table 3 
Random Forest hyperparameters evaluated during model tuning, including their 
definitions and the values tested in this study.

Hyperparameter Definitions Used in the 
model

‘n_estimators’ the value of the number of trees it will grow, 
default value: 100

100, 200, 
300

‘max_depth’ denotes the maximum depth of the trees, 
default value: None

None, 10, 
20, 30

‘min_samples_split’ minimum number of samples required to 
split a node. It can be int or float

2, 5, 10

‘min_samples_leaf’ the minimum number of samples required to 
be at a leaf node. It can be int or float

1, 2, 5

'bootstrap' whether bootstrap samples are used when 
building trees. If False, the whole dataset is 
used to build each tree.

True, False
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Absolute Percentage Error (MAPE) for model performance assessment 
(Nevavuori et al., 2019; van Klompenburg et al., 2020). Since we wanted 
to analyze both absolute (RMSE) and relative errors (MAPE), we used 
these metrics, which are also widely used in regression analysis 
(Ansarifar et al., 2021; El-Kenawy et al., 2024; Khechba et al., 2025; 
Mahdizadeh Gharakhanlou and Perez, 2024; Saravanan and Bhagava
thiappan, 2024; Y. Zhang et al., 2025). RMSE is calculated as the 
squared difference between the predicted and the observed values. The 
RMSE value may vary from 0 to ∞ , and the optimum value is between 
0 and 1. The lower the RMSE, the better the prediction. MAPE is 
calculated as the percentage of the difference between predicted and 
observed values. Lower values of MAPE indicate higher accuracy.

3. Results

3.1. Impact of different model training strategies

3.1.1. Lumped (Large-scale) analysis
This section reports lumped scale results using a single model for all 

districts. Table 4 shows performance changes for both training ap
proaches across the two crops. In Bundelkhand, the hydrologically 
balanced selection strategy produced better results (see Table 4) than 
the random selection strategy for both barley and wheat. Both random 
and balanced strategies yielded comparable results in case of Germany. 
However, the model overall performed better in Germany as compared 
to Bundelkhand. While training the model we also did hyperparameter 
tuning to optimize the model. The best hyperparameters for each model 
are shown in the supplementary section. Table S1 provides best pa
rameters of the model for lumped scale analysis for both crops in Bun
delkhand, and Table S2 for Germany for hydrologically balanced 
approach.

3.1.2. Distributed (District-wise) analysis
This section reports the results of a distributed prediction; Table 5

shows the change in performance. The visualization of the evaluation 
metrics for both crops from hydrologically balanced approaches are 
shown in Fig. 3 as violin plots for both regions. In Bundelkhand, the 
limited number of districts results in less pronounced variability. Wheat 
shows lower prediction errors compared to barley, both in terms of 
MAPE and RMSE. In Germany, RMSE and MAPE values are concentrated 
in the central range but also display a widespread, suggesting the 
presence of possible outliers, likely influenced by a higher number of 
districts. Same set of hyperparameters were tuned for district wise 
predictions also, the best hyperparameters found are listed in Table S3 
and S4 for wheat and barley in Bundelkhand and Table S5 and S6 for 
wheat and barley in Germany for hydrologically balanced approach.

3.2. Feature importance analysis

3.2.1. Lumped (Large-scale) analysis
Fig. 4 presents the Pearson correlation plot of Bundelkhand and 

Germany, while Fig. 5 displays the combined feature importance for 
wheat and barley across both regions. Feature importance is derived 

using the hydrologically balanced selection approach, which demon
strated superior performance (see Table 4). The correlation heatmap 
highlights interdependence among variables. Notably, some features 
were retained despite strong correlations (See Section 3.1.1 and Figs. 4
(a), 4(b)). Examining these correlation values helps understand the 
feature rankings within the model, since feature correlations can lower 
the importance observed via the variance reduction, as the model simply 
picks a different correlated feature to rely on internally for the 
prediction.

In Bundelkhand, the most influential features (Fig. 5) for wheat were 
NDVI, albedo, and evaporation, followed by latitude, despite the rela
tively small variation in the region’s latitude (23◦20′00″ N to 26◦20′00″ 
N). Solar radiation, temperature, relative humidity, precipitation, wind 
speed and soil moisture layers follow in decreasing order of importance. 
From Fig. 4(a), solar radiation, relative humidity and temperature are 
seen to be highly correlated with precipitation and soil moisture layers. 
Even in cases where relative humidity and the first soil moisture exhibit 
approximately 90 % correlation, the remaining uncorrelated component 
still provides additional independent information that contributes to the 
model’s predictive performance. However, the soil moisture layer had 
minimal influence on the yield predictions for wheat. A notable differ
ence in feature importance was observed for barley, with the soil 
moisture layer 3 ranking fourth and precipitation fifth, unlike in wheat, 
indicating differences in key features between the two crops.

In Germany, key predictors (Fig. 5) for wheat include latitude, 
longitude, albedo, NDVI, precipitation, temperature, evaporation, and 
solar radiation. For barley, important features are latitude, evaporation, 
longitude, temperature, solar radiation, albedo, precipitation, and 
NDVI. Leaf area index, which primarily indicates vegetation greenness, 
ranked lower in importance. In Fig. 4(b), a strong correlation between 
precipitation and humidity may have influenced the humidity ranking 
for both crops wheat and barley.

3.2.2. Distributed (District-wise) analysis
Fig. 6 shows the feature importance distribution using box and 

whisker plots for both crops in Bundelkhand and Germany. The box in 
the plot shows the maximum value concentrated in that range. The 
median value of each feature is differently aligned indicating skewness 
of the values in that feature. Latitude and longitude are not included in 
the list as in the distributed model it did not show any importance.

For Bundelkhand, with only five districts, the box plots show a 
concentrated data without outliers. The rankings of features be like 
those observed in Germany, with NDVI emerging as the most important 
feature across all districts for wheat and for three districts in barley of 
Bundelkhand. For other features such as evaporation, solar radiation, 
skin temperature, and relative humidity the visible spread (Fig. 6, see 
Bundelkhand crops) indicates that different districts assign varying 
levels of importance to these factors. For barley, wind speed, humidity, 
and soil moisture (layer 3) ranked among the top features in one district 
each. Unlike wheat, barley was more dependent on soil moisture (layer 
3) (28–100 cm) rather than shallower layers. In Bundelkhand (Fig. 4
(a)), humidity exhibited a stronger correlation with soil moisture layer 1 
and layer 2 as compared to layer 3. This suggests a possible dilution of 

Table 4 
Model performance for wheat and barley yield prediction in Bundelkhand and Germany at the lumped spatial scale under two training strategies. Random selection 
denotes unconstrained random sampling of years into training and testing sets, while balanced selection denotes a hydrologically informed split in which both drought 
and non-drought years are represented in each set. Performance is reported using Root Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE). The 
percentage change indicates the relative improvement or deterioration of the balanced strategy compared with the random strategy.

Crop Location Random selection Balanced selection Percentage drop

RMSE (Kg/ha) MAPE (%) RMSE (Kg/ha) MAPE (%) RMSE (Kg/ha) MAPE (%)

Wheat Bundelkhand 490.97 21.76 418.97 15.40 (+) 14.66 % (+) 29.23 %
Barley 668.66 43.77 427.24 26.26 (+) 36.10 % (+) 40.00 %
Wheat Germany 659.12 7.69 628.85 7.20 (+) 4.59 % (+) 6.37 %
Barley 666.56 8.67 681.85 8.73 (-) 2.29 % (-) 0.69 %
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importance between these features, possibly leading to a transfer of 
importance between features. It is also possible that the high correlation 
between soil moisture layers may also prevent precise ranking of their 
individual feature importance (see correlation map Fig. 4).

In Germany, NDVI emerges as the most important feature for more 
than 80 districts for both wheat and barley, with consistent importance 
and minimal outliers. Following NDVI, key features include evapora
tion, solar radiation, and temperature, all ranking at top places across 
multiple districts. Other features, such as precipitation, humidity, wind 
speed, and soil moisture (layer 3), are the most important for crop yield 
prediction only in specific areas. Since solar radiation is highly corre
lated with precipitation, soil moisture layers, and humidity, the 
importance is distributed across these features. As a result, other fea
tures receive a lower ranking (Fig. 4(b)). In Germany, more outliers are 
observed in all features.

3.3. Spatial transferability

To assess the transferability of the model across regions, for crop 
yield prediction the model was first trained in one location and tested in 
another location and vice-versa on a lumped scale. This evaluation used 
datasets of varying volumes as Bundelkhand has 5 districts, and Ger
many has 201 districts which are two distinct regions within the study.

The results of the model transfer are presented in Tables 6 and 7. The 
first case evaluates model transfer from Bundelkhand to Germany, 
where the model produced satisfactory results, with only a minor rela
tive error difference of 1.36 % higher than wheat (Table 6). In com
parison, the second case applies the model from Germany to 
Bundelkhand and shows less acceptable results in terms of relative error 

(MAPE). Interestingly, the RMSE values in both transfer scenarios do not 
differ substantially with 1.71 % absolute difference in case of wheat and 
1.79 % for barley (Tables 6 and 7). Nevertheless, the results indicate that 
the model requires retraining, likely due to the differing climate con
ditions and data availability between the two regions. Overall, the 
transfer from Bundelkhand to Germany performed better than the 
transfer from Germany to Bundelkhand.

4. Discussion

4.1. Selection of training strategy

The RF model has been extensively used in the past for crop yield 
predictions, typically relying on random splitting of data into training 
and testing sets. However, the choice of training strategy is crucial, since 
the effectiveness of data splitting depends on how well the splits 
represent real-world hydroclimatic conditions. To address this, we 
implemented a hydrologically balanced selection strategy that explicitly 
accounts for both drought and non-drought years, ensuring that these 
conditions are represented in the training and testing datasets. However, 
it should be noted that the choice of drought classification and the 
selected drought year may affect model performance, as observed in 
both of our study regions. The balanced selection improved the model 
performance in the Bundelkhand region, while in Germany, the impact 
was less pronounced. This difference is likely related to regional varia
tions in yield drivers (Schmitt et al., 2022) and the underlying distri
bution of drought and non-drought years. Benito-Verdugo et al., (2023)
reported that wheat and barley yields in Bayern, Germany, increased by 
approximately 11 % even during drought periods. Consistent with this 

Table 5 
Model performance for wheat and barley yield prediction in Bundelkhand and Germany at the distributed (district) scale under two training strategies. Random 
selection denotes unconstrained random sampling of years into training and testing sets, while balanced selection denotes a hydrologically informed split in which both 
drought and non-drought years are represented in each set. Performance is summarized using the median Root Mean Square Error (RMSE) and Median Absolute 
Percentage Error (MAPE) across districts. The percentage change indicates the relative improvement or deterioration of the balanced strategy compared with the 
random strategy.

Crop Location Random selection Balanced selection Percentage drop

Median RMSE (Kg/ha) Median MAPE (%) Median RMSE (Kg/ha) Median MAPE (%) Median RMSE (Kg/ha) Median MAPE (%)

Wheat Bundelkhand 670 41.44 577.49 18.52 (+) 13.81 (+) 55.31
Barley 620 41.34 832.77 34.69 (-) 34.32 (+) 16.09
Wheat Germany 710 7.63 800.64 9.65 (-) 12.77 (-) 2.65
Barley 950 11.93 724.75 9.52 (+) 23.71 (+) 21.33

Fig. 3. Violin plots of Root Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE) for wheat and barley in the different districts of Bundelkhand 
and Germany under the hydrologically balanced training strategy.
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finding, our results show that for Germany, the balanced data split 
resulted in a slight decline in predictive performance for barley 
(Table 4), suggesting that yield variability in the region is not primarily 
driven by drought (Benito-Verdugo et al., 2023). In our German dataset, 
23 of the 32 study years were classified as drought years (refer to 

Supplementary file), leaving only a small number of non-drought years. 
Consequently, the balanced approach closely approximates a random 
split and therefore does not show a performance advantage over Bun
delkhand. In contrast, Bundelkhand has only 10 identified drought 
years, which may have resulted in uneven representation between the 

Fig. 4. Pearson correlation matrices of the selected model input variables for (a) Bundelkhand and (b) Germany.
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training and testing sets using the random approach. The balanced approach, therefore, provided a more representative data partitioning, 

Fig. 5. Feature importance for (a) wheat and (b) barley in Bundelkhand and Germany, estimated using the mean decrease in impurity from the Random For
est models.

Fig. 6. Box-and-whisker plots of district-level feature importance for wheat and barley based on mean variance from the Random Forest models. The boxes indicate 
the interquartile range, the central line denotes the median, and the whiskers represent the data range, with outliers shown as circles. Latitude and longitude are 
omitted because they did not exhibit importance variations in the distributed-scale analysis due to limited variability within districts.
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which likely resulted in a notable improvement in model performance 
for this region. This highlights the importance of ensuring that training 
and testing datasets reflect the full range of hydroclimatic conditions, 
particularly when analyzing extreme events such as droughts, as this 
leads to more reliable and robust model performance (Arsenault et al., 
2018; Chen et al., 2022; Hauswirth et al., 2021; Tegegne et al., 2017; 
Zhou et al., 2025). In environmental and hydrological machine learning, 
the choice of data partitioning has been shown to strongly influence 
model performance and interpretation, particularly in systems charac
terized by regime shifts and extremes (Arsenault et al., 2018; Asfaw 
et al., 2025; Hauswirth et al., 2021). Model tuning was further stabilized 
through five-fold cross-validation within the training set during hyper
parameter optimization, which reduces sensitivity to any single parti
tion and limits overfitting (Maier et al., 2023; Sweet et al., 2023; 
Tegegne et al., 2017).

4.2. Influencing variables

To accurately predict crop yield and derive meaningful insights for 
future management, it is essential to understand the key variables that 
influence it. Thus, we conducted a feature importance analysis using the 
mean decrease in impurity, based on variance reduction of the mean 
squared error. In the case of lumped-scale predictions, location-related 
variables such as latitude and longitude emerged as significant pre
dictors. This finding is consistent with Brandt et al. (2024) who found 
longitude to be a key factor in wheat yield estimation in Germany, while 
meteorological variables were comparatively less influential. A similar 
pattern was reported by X. Li et al. (2024), where adding temperature 
and precipitation did not enhance the predictive performance of the 
model. However, Cai et al. (2019) observed that while climatic data can 
complement remote sensing data in yield predictions, satellite-derived 
variables (e.g., NDVI) were still more important to the yield prediction 
model than climatic variables (e.g., precipitation), supporting our 
findings. In both regions, NDVI captured the most information, followed 
by solar radiation, evaporation, and temperature (Han and Leng, 2024; 
Ruan et al., 2022; Sahu et al., 2025a). These variables already captured 
much of the relevant variability, which explains precipitation and soil 
moisture, being highly correlated with them; were assigned a lower 
importance score. Solar radiation also appeared as one of the top 
important features for both crops in both regions, which corroborates 
the results of Webber et al. (2020), who found photosynthetically active 
radiation as the most important to capture yield losses for wheat and 
barley across several regions in Germany, particularly for the 2018 
drought period. Feature importance varies between crops and regions 
(Figs. 5(a) and 5(b), Fig. 6) (Li et al., 2023b; Sahu et al., 2025b), and the 
features should be checked for multicollinearity before being provided 
as input to the model (Schwarz et al., 2020). Because Germany spans a 
wide range of climatic regions and has many districts, the distribution of 

feature importance values across districts is broader, and the presence of 
outliers is expected. Conversely, in Bundelkhand, with fewer districts, 
exhibits narrower distributions of feature importance across variables.

4.3. Spatial transferability

We evaluated the spatial transferability of the RF models to assess 
their applicability across regions using lumped scale predictions. Model 
performance under spatial transfer was generally weak, which can be 
partly attributed to the large imbalance in available training data be
tween the two regions, with 201 districts in Germany and only 5 in 
Bundelkhand. As shown by Khan et al. (2024), the performance of 
transferred models strongly depends on the amount of training data 
available. This indicates the need for retraining and fine-tuning with the 
incorporation of local data to improve model adaptability and predic
tion accuracy. In addition, differences in climate and phenology be
tween the two regions likely contributed to the limited transferability, as 
also reported by (Orynbaikyzy et al., 2022). Previous studies explored 
transferability in different contexts. For instance, Hoppe et al. (2024)
used machine learning based transfer learning for crop classification 
across multiple spatial, temporal, and phenological scenarios, demon
strating that sufficient local data, in terms of both quality and quantity, 
is essential to achieve robust cross-regional transfers. Similarly, Khan 
et al. (2024) used a deep transfer learning model for crop yield predic
tion in the U.S. that considered spatial and crop level transfer and ob
tained reasonable performance. However, they also emphasized that 
yield prediction remains challenging due to differences in climatic and 
crop growth patterns. Thus, we have different feature importances for 
wheat and barley, as well as for Bundelkhand and Germany. The com
bined effect of regional heterogeneity and the complex dynamics of 
drought therefore provides a plausible explanation for the limited per
formance of spatially transferred models, as also observed by other 
studies (e.g., (B. Zhang et al., 2023).

4.4. Strengths and limitations

A key strength of the study is the use of a relatively simple RF model 
combined with a hydrologically informed training strategy, which en
sures an appropriate and representative split between training and 
testing data. By emphasizing data representation, the modeling frame
work is designed to reflect real world hydroclimatic variability. The RF 
algorithm was selected for its robustness, its ability to limit overfitting, 
and its reliable performance with comparatively small datasets, making 
it suitable for predictions under extreme conditions, such as drought 
(Bourbour et al., 2025; Dangare et al., 2026).

Despite the robustness of the proposed methodology, certain limi
tations must be acknowledged in the study design. The model was 
evaluated within a limited spatial context, which may restrict its 
generalizability. Testing across multiple regions with varying climatic 
conditions is necessary to confirm the broader applicability of this 
approach. Additionally, the current dataset is based on climatic and 
biophysical variables. It does not account for several region-specific 
factors that influence crop yield, such as soil properties, topography, 
and irrigation infrastructure, which may impact the accuracy of yield 
predictions. Furthermore, the study is limited to open-source reanalysis 
and satellite-based datasets; no in-situ observations were incorporated 
into the analysis.

Here, drought years were identified using external drought in
ventories widely adopted by national and international agencies (India 
Meteorological Department, 2020; UFZ-Germany n.d.; Uttar Pradesh 
Government, 2023) which enabled a consistent historical characteriza
tion of drought conditions across the whole study period. While drought 
indices like SPI and SPEI provide valuable quantitative measures of 
drought, this study emphasizes evaluating the impact of a 
drought-informed training strategy based on externally defined drought 
classifications, rather than considering them as inputs. Future work 

Table 6 
Performance of spatial transfer from Bundelkhand to Germany for wheat and 
barley, reported using Root Mean Square Error (RMSE) and Mean Absolute 
Percentage Error (MAPE).

RMSE (Kg/ha) MAPE (%)

Wheat 4421.05 59.22
Barley 4055.01 60.03

Table 7 
Performance of spatial transfer from Germany to Bundelkhand for wheat and 
barley, reported using Root Mean Square Error (RMSE) and Mean Absolute 
Percentage Error (MAPE).

RMSE (Kg/ha) MAPE (%)

Wheat 4345.61 213.51
Barley 4127.77 277.96
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could extend the present framework by incorporating indicators such as 
the SPI and SPEI, together with region specific variables including soil 
properties, terrain, and irrigation, to examine how additional sources of 
information further enhance predictive skill.

5. Conclusions

In this study, we evaluated an ensemble Random Forest model for 
predicting crop yields, with a particular focus on drought-induced los
ses, across two spatial scales - lumped and distributed. A novel training 
approach was employed, comparing two approaches - random and hy
drologically balanced selection. To enhance predictive accuracy, 
hyperparameter tuning was performed. We also assessed spatial trans
ferability to evaluate the model’s ability to adapt across different re
gions. Our results show that applying an appropriate (balanced) training 
strategy can notably improve the model’s performance. However, for 
Germany, the difference between the training strategies was minimal 
with random splits performing marginally better, since a high propor
tion of drought years meant that the balanced data split closely resem
bled the random split. We also examined the importance of various 
features using variance reduction within the RF framework. We identi
fied the Normalized Difference Vegetation Index as the most influential 
predictor for both crops, across spatial scales and regions, followed by 
solar radiation, evaporation, and temperature. The model performance 
was limited when transferred spatially, indicating the need for local 
retraining. This study offers a first robust assessment of crop yield pre
dictions under drought conditions using openly available and globally 
consistent EO and reanalysis datasets using an ensemble ML model. 
Models developed herein pave the way for anticipatory action to reduce 
the impact of drought-induced crop losses in data scarce regions, ulti
mately reducing global climate-related shocks to food security.

Funding

This research received no external funding.

CRediT authorship contribution statement

Hempushpa Sahu: Writing – review & editing, Writing – original 
draft, Visualization, Validation, Software, Methodology, Investigation, 
Formal analysis, Data curation, Conceptualization. Pradeep Kumar 
Garg: Writing – review & editing, Supervision, Resources, Conceptual
ization. Saurabh Vijay: Writing – review & editing, Supervision, Re
sources, Conceptualization. Antara Dasgupta: Writing – review & 
editing, Supervision, Resources, Methodology, Data curation, 
Conceptualization.

Declaration of Generative AI and AI-assisted technologies in the 
writing process

During the preparation of this work, the authors used ChatGPT to 
improve language and readability. After using this tool, the authors 
reviewed and edited the content as needed and take full responsibility 
for the content of the publication.

Declaration of Competing Interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Acknowledgments

The authors acknowledge the support from the Ministry of Educa
tion, Government of India, for providing Ph.D. scholarship and 
Advanced Research Opportunities Program (AROP) scholarship 
received from RWTH Aachen University, Germany, as a guest researcher 
at the Data Driven Computing Lab of the Faculty of Civil Engineering.

Appendix

H. Sahu et al.                                                                                                                                                                                                                                    Agricultural Water Management 327 (2026) 110254 

12 



Figure A1. Correlation heatmap of all 22 variables selected at the initial stage for Bundelkhand
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Figure A2. Correlation heatmap of all 22 variables selected at the initial stage for Germany
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