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ABSTRACT

Lignocellulosic crops such as Miscanthus, Eucalyptus, Poplar, Willow, and Switchgrass are gaining attention as promising feed-
stocks for renewable energy and carbon-mitigation strategies, especially on marginal lands. Assessing their global yield poten-
tials requires models that go beyond climate drivers alone. Using a global dataset of 3963 yield observations for five species,
we developed a high-resolution (5-arc-minute) modeling framework that augments climate with detailed soil and topographic
predictors. Among seven machine learning algorithms, Random Forest, Extra Trees, and Gradient Boosting (GB) emerged as top
performers. On an independent test set, the best model achieved a root mean square error (RMSE) of 4.8t DM ha~lyear~! (across
algorithms: 4.7-5.0t DM ha~!year~!) and an R? of 0.67, a moderate error relative to the broad 4-19t DM ha~!year™! spatial yield
range. After outlier handling via a two-phase cross-validation procedure, each model was applied globally under current climate
and three future scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). Across scenarios (relative to the 1980-2000 baseline), median
absolute yield changes over suitable land are modest (ca. 1-2t DM ha~!year™), yet localized hotspots show gains or losses up to
8t DM ha~'yearl. Yields most often increase in presently cool, high-latitude areas and decrease in warmer/drier or edaphically
constrained low-latitude regions. We additionally provide a “best-crop” map identifying where each species may offer the most
favorable balance between yield and production cost, revealing pronounced geographic variation in suitability. Compared with
alternative models based on coarser-resolution datasets, our approach generally yields more conservative estimates, likely re-
flecting the added constraint from soil and topographic predictors. These results underscore the importance of representing local
environmental heterogeneity when predicting energy-crop productivity under climate change.

1 | Introduction

The transition to low-carbon energy systems hinges on bio-
energy development in general and dedicated lignocellu-
losic crops in particular (Popp et al. 2017; Taylor et al. 2019).
Species such as Miscanthus, Eucalyptus, Poplar, Willow, and
Switchgrass offer several advantages: They can be grown on
marginal lands without directly competing with food crops,
require low amounts of chemical inputs while achieving

high biomass yields (Winkler et al. 2020; Gopalakrishnan
et al. 2011; Qin et al. 2015; W. Li et al. 2018). Integrated as-
sessment models (IAMs), which were extensively used in
the Intergovernmental Panel on Climate Change's Sixth
Assessment Report (IPCC 2023), commonly incorporate es-
timates of bioenergy potentials to project global mitigation
pathways. However, these models estimate the yields of lig-
nocellulosic crops based on climatic drivers and neglect
soil and topographic heterogeneities, which significantly
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affect biomass productivity (Haberzettl et al. 2021; Pappas
et al. 2015). Consequently, current yield estimates are likely
biased for these crops (Calvin et al. 2021), raising concerns
over the robustness of policy or investment decisions based on
their outcomes.

Data-driven models offer an alternative approach to map global
yields of lignocellulosic crops at large scales. Li et al. (2020) used
machine learning models using mostly climate-related predic-
tors at a coarse resolution (30 arc minutes) and one soil prop-
erty (clay content). Although climate predictors are helpful for
high-level assessments, they ignore spatial variability of soil and
land characteristics, particularly in regions with complex soils,
steep slopes, or fragmented landscapes (Haberzettl et al. 2021).
Accounting for local edaphic constraints and topographic lim-
itations is paramount to projecting crop yields and designing
sustainable land-use strategies as these features can critically
shape the viability of biomass crop cultivation.

Recent research suggests that integrating soil and topographic
data can significantly improve yield estimates, revealing
previously unrecognized “hot spots” of high productivity
and areas at elevated risk of crop failure (Franz et al. 2020).
However, global studies incorporating these variables at fine
spatial scales are still scarce, partly due to data availability
and computational constraints. In addition, local site condi-
tions may interact with climate in complex ways. For example,
improvements in temperature or precipitation might be offset
by poor soils or steep terrain, underscoring the need for new
modeling approaches.

Given these challenges, this study seeks to advance global yield
assessments for five lignocellulosic crops by explicitly integrat-
ing detailed soil and topographic factors alongside climate data.
Working at a 5 arc-minute resolution, we employ seven machine
learning algorithms—Random Forest (RF), Extra Trees (ET),
GB, LightGBM, SVM, Decision Tree, and MLP Regressor—
to predict yields under both current and future climate sce-
narios (IPCC SSP1-2.6, SSP2-4.5, and SSP5-8.5). Following a
multi-phase cross-validation procedure with outlier filtering,
we select the top three performing models to generate high-
resolution yield maps and “best crop” indices that factor in pro-
duction costs. Finally, we compare our estimates to those of Li
et al. (2020) and align our discussion with IAM-based yield po-
tentials to assess the impact of finer-scale edaphic-topographic
integration on yield forecasts.

2 | Materials and Methods
2.1 | Data Used to Train and Test the Models

We obtained global yield measurements for five lignocellu-
losic crops (Eucalyptus, Miscanthus, Poplar, Willow, and
Switchgrass) from the dataset assembled by W. Li et al. (2018).
This dataset includes 3963 field observations collected across
31 countries from 1980 to 2017, documenting observed yields
and their respective coordinates. To assess the spatial repre-
sentativeness of the 3963 field observations, each point was in-
tersected with (i) the 1-km Koppen-Geiger climate raster (Beck
et al. 2018) and (ii) the 100-m PROBA-V LC100 land-cover

map (Copernicus Global Land Service 2019). Figure S1 dis-
plays the global distribution of the points, whereas Tables S1-
S3 summarize their frequency across climate and land-cover
classes. In addition to yield observations, we gathered spatial-
ized climate, soil, and topographic data from various sources.
We initially assembled 17 climate, soil, and topographic layers
(Table S4) and computed pairwise Spearman coefficients be-
tween them. Whenever |r| exceeded 0.65, the predictor with
the clearer agronomic meaning, broader data coverage, or
lower residual collinearity was retained (Table S5). Five lay-
ers (radiation, vapor pressure, silt, total nitrogen and poten-
tial evapotranspiration) were therefore removed, leaving 12
predictors: temperature, rainfall, wind speed, clay, sand, soil
depth, slope, aspect, salinity, soil organic carbon stock (SOC),
coarse fragments, and pH. A principal-component analysis
confirmed that the first six components of this 12-variable
subset explain 82.3% of total variance and reproduce the tem-
perature- and moisture-driven gradients identified in the full
matrix. The PCA based on the 12 retained predictors shows
that PC1 (26.2%) and PC2 (20.9%) capture the same tempera-
ture and water-availability gradients observed in the complete
set, further supporting the adequacy of the reduced predictor
subset (Figures S2, S3). Removing redundant predictors re-
sulted in a final set of 12 variables for subsequent model train-
ing (Table 1).

To supply explicit boundary conditions, we incorporated 167
zero-yield pixels (Figure 1), representing approximately 4%
of the final training set. These pixels were randomly selected
within the six Kdppen-Geiger classes BWh, BWk, Dfc, Dfd,
ET, and EF after masking a 50-km buffer around every yield-
observation coordinate, thereby preventing any geographic
overlap with the empirical data. The six classes were chosen be-
cause they encompass the two dominant biophysical limitations
that permanently preclude large-scale cultivation of lignocellu-
losic crops: chronic water deficit and chronic cold. Hot-desert
(BWh) and cold-desert (BWKk) climates receive less than 200 mm
of annual rainfall and routinely experience maximum tempera-
tures above 40°C, conditions under which Miscanthus survival
falls below 15% and Eucalyptus growth ceases (Clifton-Brown
et al. 2019). Subarctic (Dfc) and extremely continental subarc-
tic (Dfd) climates are cold-limited rather than water-limited;
short frost-free seasons, low growing-degree days, and extreme
winter cold constrain establishment and growth. In these con-
ditions, yields of lignocellulosic crops such as switchgrass and
willow decline markedly under frost and winter-kill risks; pre-
cipitation can compound these constraints when it falls below
400-600mmyear~!. Tundra (ET) and perennial frost/ice (EF)
climates feature mean annual temperatures around or under
0°C and fewer than 90 frost-free days, halting cambial activity
in Poplar and preventing the establishment of any of the five
target species (IPCC 2023). The random-selection workflow,
implemented in QGIS, produced a comma-separated file listing
the longitude, latitude and K&ppen code of each zero-yield pixel
(Table S1). A sensitivity analysis in which the zero-yield sam-
ple was halved to 84 points or doubled to 334 points altered the
test-set RMSE by less than 0.05t DM ha~!, confirming that 167
zero-yield samples are sufficient to delineate the climatic fron-
tier of unsuitability while keeping the zero-yield fraction well
below the 5% threshold recommended to avoid class-imbalance
overfitting in ensemble trees.
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TABLE1 | Variables used as predictors for mapping crop yields.

Original resolution

Data source

Variable Description
Temperature Mean annual temperature (°C)
Rainfall Mean annual rainfall (mm)
Wind Mean annual wind speed (m/s)
Depth Soil depth (cm)
pH Soil pH
SOoC Soil organic carbon stock (g/kg)
CFVO Volumetric fraction of coarse
fragments (cm3/dm3) (>2mm)
Clay Clay fraction in soil (g/kg)
Sand Sand fraction in soil (g/kg)
Salinity Soil salinity (categorical: 0-4)
Slope Slope gradient (%)
Aspect Terrain aspect (°)

5 arc minutes
5 arc minutes
5 arc minutes

250m, resampled
to 5 arc minutes

250m, resampled
to 5 arc minutes

250 m, resampled
to 5 arc minutes

250m, resampled
to 5 arc minutes

250m, resampled
to 5 arc minutes

250m, resampled
to 5 arc minutes

250m, resampled
to 5 arc minutes

5 arc minutes

5 arc minutes

WorldClim Fick and Hijmans (2017)

WorldClim Fick and Hijmans (2017)

WorldClim Fick and Hijmans (2017)
SoilGrids Poggio et al. (2021)

SoilGrids (Poggio et al. 2021)
SoilGrids Poggio et al. (2021)
SoilGrids Poggio et al. (2021)
SoilGrids Poggio et al. (2021)
SoilGrids Poggio et al. (2021)
Global Soil Salinity Maps
Ivushkin et al. (2019)

HWSD Wieder (2014)
HWSD Wieder (2014)

FIGURE1 | Globaldistribution of zero-yield points. Map of the 167 pixels identified as unsuitable for lignocellulosic crop production based on the
Koppen-Geiger climate classification. These pixels feature extreme environmental conditions where energy crops cannot be cultivated. Map lines
delineate study areas and do not necessarily depict accepted national boundaries.

2.2 | Machine Learning Models

Machine learning (ML) methods, especially tree-based algo-
rithms, have shown strong predictive performance in agricul-
tural yield forecasting due to their ability to handle complex,
nonlinear relationships with minimal parameter tuning (Jeong
et al. 2016; K. Suganthavalli 2024). In addition to tree-based
algorithms, neural networks achieved competitive biomass

and yield estimation accuracy in some contexts (Gopal and
Bhargavi 2019). On the basis of these findings, we selected seven
supervised regression models to predict lignocellulosic crop
yields. Random Forest is an ensemble-based machine learning
approach that leverages numerous decision trees to solve classi-
fication and regression problems (Liu et al. 2012; Abdulkareem
and Abdulazeez 2021). Each tree is trained on a randomized
subset of observations and features, and the final prediction
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FIGURE2 | Performance (RMSE (¢t ha™") and R? derived from the test dataset) of the models with their optimized hyperparameter values, with

star symbols highlighting the top three performing models.

is generated by combining the outputs of all trees (Salman
et al. 2024).

Gradient Boosting creates an ensemble of weak learners (usu-
ally decision trees) stage-wise, with new trees addressing er-
rors of the previous ensemble (Friedman 2001). Studies have
shown effectiveness in improving prediction accuracy, with re-
ported rates ranging from 87.2% to 94.7% (Pradeep et al. 2023;
Kumar et al. 2024). The ET model—also known as Extremely
Randomized Trees—introduces additional randomness into
the tree-building process (e.g., random thresholds) to reduce
variance (Geurts et al. 2006). It is computationally efficient and
often rivals RF in performance.

LightGBM Regressor (K. Suganthavalli 2024; Ke et al. 2017)
is a gradient-boosting framework that uses a histogram-based
approach to split features, improving efficiency and scalabil-
ity. Its design allows it to handle large datasets with minimal
memory usage, making it attractive for global-scale yield pre-
dictions. Support vector machine (SVM) works by plotting
data points in a high-dimensional space and finding the op-
timal hyperplane that best separates different classes (Khatri
et al. 2022). In agricultural yield modeling, SVMs can effec-
tively handle linear and nonlinear relationships given appro-
priate kernel selection.

Single decision tree (DT) uses a hierarchical, rule-based ap-
proach to split the data into increasingly homogeneous subsets
(Breiman et al. 1984). Although it is simple and interpretable, it
can overfit if not adequately regularized.

Finally, multi-layer perceptron (MLP) regressor consists of one
or more hidden layers of perceptrons, each applying a nonlinear
activation function (Park 2016).

2.3 | Model Training

The same modeling procedure was employed with all seven algo-
rithms. First, the yield dataset was partitioned into a training set
(80%) and a test set (20%), holding the latter aside to provide an
unbiased evaluation of model generalization. The hyperparam-
eters of each model—referring to fixed settings governing how
the algorithm learns from data, such as the maximum depth of
the decision tree or the learning rate of neural networks—were
systematically tuned to enhance predictive performance. We
used a grid search, which involves evaluating all combinations
of predetermined hyperparameter values in conjunction with k-
fold cross-validation. During this procedure, the training set is
split into k equally sized “folds” (here, five). In each iteration,
one fold is set aside for validation, whereas the remaining folds
are used for training. This process is repeated k times, ensuring
each fold serves once as the validation set. The configuration
of hyperparameters that minimized the average mean squared
error across the five folds was selected for each model. After
selecting the best hyperparameters, the model's residuals were
computed (observed minus predicted yield) to detect and remove
outliers (data whose absolute residuals exceeded one standard
deviation of all training residuals). A second k-fold procedure
was subsequently performed on the filtered training set to re-
estimate performance metrics, namely, root mean square error
(RMSE) and the coefficient of determination (R?), and to verify
that removing outliers improved overall predictive accuracy.
Finally, each model was retrained again on the filtered training
set using its optimal hyperparameter values, and the resulting
models were evaluated on the previously isolated 20% test set.
This approach ensured that all hyperparameter tuning, outlier
filtering, and performance estimation steps were consistently
applied to every model. The test dataset provided a fair, unbi-
ased measure of generalization error.
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TABLE 2 | Performances of the different models.

RMSE and
R?before RMSE and R? RMSE and R>  #Observations
Model filtering after filtering Best hyperparameters of the test set removed
Random forest RMSE=5 RMSE=2.32 max_depth =10, RMSE =4.80 79
R2=0.85 R2=0.95 min_samples_split =10, R2=0.67
n_estimators =100
Gradient boosting RMSE=5.07 RMSE=2.26 learning_rate=0.01, RMSE =4.80 93
R2=0.74 R%2=0.90 max_depth=3, min_ R2=0.62
samples_leaf=10,
n_estimators =300,
subsample =0.8
LGBM regressor RMSE=5.05 RMSE=2.61 learning_rate=0.01, RMSE=4.98 84
R2=0.74 R2=0.91 max_depth=1, min_ R2=0.59
child_samples =40,
n_estimators =500,
num_leaves =31
Extra trees regressor RMSE =4.81 RMSE=2.07 bootstrap=True, RMSE=4.73 84
R?=0.69 R%2=0.91 max_depth =10, R%2=0.63
max_features =sqrt,
min_samples_leaf=2,
min_samples_split=10,
n_estimators =100
Decision tree RMSE=4.95 RMSE=2.90 criterion =friedman_mse, RMSE=4.93 75
R?=0.61 R?>=0.84 max_depth =10, R?*=0.60
max_features =sqrt,
min_samples_split=10,
splitter =random
MLP regressor RMSE=5.34 RMSE=2.43 mlp_activation =tanh, RMSE =4.84 90
R2=0.73 R2=0.91 mlp_alpha=0.01, R2=0.61
mlp_hidden_layers_
sizes =50, mlp_
learning_rate =constant,
mlp_solver=adam
SVM RMSE=4.96 RMSE=2.02 svr_C =100, RMSE=4.90 92
R%?=0.59 R?=0.88 svr_epsilon=0.5, R?=0.60

svr_gamma=scale,
svr_kernel =linear

Note: Model performances were assessed using two metrics (RMSE (¢ ha™!) and R?) by cross-validation (before and after filtering) and using an independent test
dataset. The optimized hyperparameters and the number of observations removed after the filtering step are also presented.

Figure 2 illustrates the final performances of each model, through
their values of RMSE (x-axis) and R? (y-axis) derived from the test
dataset. The top three performers—RF, ET, and GB—are marked
with a star as a symbol, reflecting their relatively lower RMSE
values and higher R? scores than the other algorithms. Random
Forest achieved the best balance overall (RMSE=4.48thal,
R? =0.67), closely followed by ET (RMSE=4.73thal, R?> =0.63)
and GB (RMSE=4.81thal, R? =0.62). Although models such as
LGBM, MLP, and SVM also performed reasonably well, their
final R? values remained below 0.62.

Table 2 summarizes the results of the training set before and
after outlier filtering, the test phase, the best hyperparameters
identified through grid search, and the number of observations
removed after outlier filtering. Although RF performed slightly

better, ET and GB produced comparable results based on cross-
validation and final test-set evaluations. Consequently, yield
maps were produced using these three models to assess how dif-
ferent ensemble algorithms with similar performances compare
in terms of yield projections.

2.4 | Model Prediction

After identifying the top three algorithms, we applied each
model to a global dataset of environmental covariates to gen-
erate annual yield predictions for the five crops. Specifically,
temperature, precipitation, wind speed, clay fraction, sand
fraction, soil depth, slope, aspect, salinity, organic carbon
store, coarse fragments, and pH were used as input predictors
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FIGURE 3 | Variable importances of predictors (left) and their correlations (right). On the left, each bar indicates the relative contribution of

a given predictor to RF yield predictions (% of increase of RF prediction errors resulting from a random permutation of the predictor considered).

at a 5arc-minute resolution. To ensure consistency with the
training data structure, all predictor layers were flattened
into a single feature matrix and encoded for crop type using
dummy variables. Yearly predictions were then averaged to
produce a mean annual yield for each grid cell. In addition,
we used a binary raster mask to identify extreme climatic
zones, assigning zero yields in those cells to remain consistent
with zero-yield expectations. This entire procedure—year-by-
year prediction followed by averaging—was repeated for each
of the three algorithms and the five crops, leading to global
average yield maps that account for spatial variability in en-
vironmental conditions and the biophysical constraints of lig-
nocellulosic production.

In addition to generating yield estimates under current climatic
conditions (average for 1980-2000), we applied the same mod-
eling framework to future climate projections derived from the
Shared Socioeconomic Pathway (SSP) scenarios—SSP1-RCP2.6,
SSP2-RCP4.5, and SSP5-RCP8.5. These scenarios, developed
in coordination with Representative Concentration Pathways
(RCPs) in previous assessments (Van Vuuren et al. 2017), cap-
ture a broad range of possible greenhouse gas emissions and
associated climate responses. All climate data for both the his-
torical baseline (1980-2000) and the future period (2021-2100)
were obtained from the WorldClim dataset and subsequently
downscaled. By integrating the resulting temperature and pre-
cipitation layers, we produced spatial yield maps indicating how
lignocellulosic crop productivity (averaged across the respec-
tive time windows) may shift under varying degrees of climate
change.

In a subsequent step, “Best Crop” maps were generated by com-
bining two types of spatial data for each crop: average yields
and production costs. The latter include the main stages of
biomass production—establishment, harvest, transport off

the plot, and, in some cases, chipping, based on Domingues
et al. (2022). Cost data were scaled to a resolution of 5 arc min-
utes. Yield and cost rasters were normalized to a scale of 0-1
using the formula x4, = #“‘m(ﬁm where min (x) and max
(%) denote the minimum and maximum cost (or yield) values
across all cells of the raster for the respective variable. This step
ensures comparability between these otherwise heterogeneous
datasets (Malczewski 2006). Next, we computed a composite
index for each crop by subtracting the normalized cost from the
normalized yield (composite index=normalized yield-normal-
ized cost), thereby highlighting areas where high normalized
biomass output coincides with relatively low normalized pro-
duction cost. These composite indices were then stacked into a
multi-layer raster, and for each pixel, the crop with the highest
score was labeled as the “optimal” choice. Finally, we quantified
the spatial distribution of optimal crops by calculating the per-
centage of pixels dominated by each species.

Regional production cost data used in this study were derived
from Domingues et al. (2022) and spatialized by assigning each
pixel within a region the corresponding regional cost. Detailed
definitions of the production cost components and the spati-
alization method are provided in the Supporting Information
(Table S5).

3 | Results

3.1 | Variable Importances and Correlation Among
Predictors

Figure 3 provides two key perspectives on the model pre-
dictors: a bar chart showing each predictor's contribution to
the final yield predictions of RF, and a heatmap illustrating
how these predictors correlate with each other. From the bar
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FIGURE4 | Predicted global yield maps for five lignocellulosic crops under current climate conditions. Map lines delineate study areas and do not

necessarily depict accepted national boundaries.

chart, three variables emerge as particularly influential: clay
content (18.45%), soil pH (17.84%), and temperature (17.21%).
These findings align well with established agronomic lit-
erature, where clay-rich soil is known to enhance water re-
tention and nutrient availability (Ye et al. 2019; Tahir and
Marschner 2017), soil pH strongly affects microbial activity
and nutrient solubility (Breugem et al. 2024), and temperature
plays a defining role in plant growth and phenological devel-
opment (Heggie and Halliday 2005).

On the contrary, salinity contributes very little (<0.1%) to yield
prediction despite a broader body of work indicating that salt
stress can significantly lower crop productivity through osmotic
and ionic stress (Alkharabsheh et al. 2021; Cushman 2001). This
discrepancy likely stems from two factors in our analysis: Salinity
was encoded as a categorical variable ([0, 1, 2, 3, 4]) rather than
a continuous measure, and the observed field data show limited
variability in salinity levels, which restricts the model's ability to
pick up salinity-related effects. Meanwhile, the correlation heat
map reveals low-to-moderate pairwise correlations, indicating
an absence of strong multicollinearity among selected predic-
tors. This result is related with the fact that highly correlated
predictors were removed based on Spearman correlations before
model training. In essence, the results highlight soil texture and
chemical properties (clay and pH) alongside temperature as the
principal drivers of lignocellulosic yield within our dataset. In
contrast, factors like salinity have little impact here, mainly due
to the narrow range of salt levels in the studied locations.

The training dataset is dominated by temperate Cfb (36%), con-
tinental Dfb (19%), and subtropical humid Cfa (18%) climates.

Hot-desert (BWh) and polar tundra (ET) classes together ac-
count for <1% of the observations. In terms of land cover, 36%
of the points occur on cultivated land, 17% on herbaceous vege-
tation, and 14% on peri-urban areas; wetlands, shrublands, and
permanent snow collectively represent under 2%. These figures
confirm the wide coverage of the agro-climatic envelope where
lignocellulosic crops are grown by our training dataset, while
also pointing at under-represented environments.

3.2 | Global Yield Maps and Best-Crop Distribution
in Actual Climate Conditions

Figure 4 presents the predicted yield maps (t DM ha~!year™) of
Miscanthus, Eucalyptus, Poplar, Willow, and Switchgrass under
current climate conditions. In the maps, violet/blue shades in-
dicate higher productivity, predominantly clustered in tropical
and subtropical regions (e.g., Southeast Asia, Central Africa, and
parts of South America). Some temperate areas, such as the east-
ern United States or western Europe, also exhibit high yields for
certain species (e.g., Miscanthus and Switchgrass). Conversely,
green/yellow hues signify more limited yields, typically found in
arid or semi-arid zones (e.g., northern Africa, the Middle East,
and interior Australia) or in colder/high-latitude regions (e.g.,
northern Canada and Russia) with shorter growing seasons.

Although each crop has its own climatic and edaphic pref-
erences, their average yields follow this ascending order:
Poplar (9.32t DM~'year™1), Switchgrass (9.97), Willow (10.00),
Miscanthus (12.11), and Eucalyptus (12.20). These values span
roughly 4-19t DM~'year~! across the globe, illustrating how
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FIGURES5 | Bestcrop map indicating the crop species leading to the best yield-cost balance (top) and resulting average yields (bottom). Map lines
delineate study areas and do not necessarily depict accepted national boundaries.

local environmental conditions can substantially modulate
productivity.

In Figure 5, a “best crop” map reveals which of the five species
achieves the most favorable balance between yield and cost at
each pixel. Overall, Switchgrass dominates 37.5% of the land
area, followed by Miscanthus (29%), Poplar (20.8%), Willow
(8.7%), and Eucalyptus (4.1%). The best crop average yield varies
between 4 and 19t DM ha~!year™!, with a global average yield of
10t DM ha~!year~!. Although these proportions are partly con-
sistent with the yield patterns seen in Figure 4, they are also
shaped by the production costs illustrated in Figure 6.

A grassy crop is often selected in regions with moderate pro-
ductivity (e.g., Switchgrass or Miscanthus) if the cost per
gigajoule ($/GJ) is sufficiently low. Conversely, in areas of

exceptionally high yield potential, wood energy crops like
Eucalyptus may remain competitive despite relatively higher
production costs, as larger biomass outputs offset the in-
creased expense. Thus, the “best crop” distribution reflects
both biophysical suitability and the cost differentials depicted
in the new production cost maps.

3.3 | Global Yield Maps Under Future Climate
Conditions

Figure 7 illustrates the predicted average yields of all five lig-
nocellulosic crops (Miscanthus, Eucalyptus, Poplar, Willow,
Switchgrass) under three future climate scenarios (SSP1-2.6,
SSP2-4.5, and SSP5-8.5). At first view, the average yields show
only small variations—around 1-2t DM ha~!year-'—compared
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FIGURE 6 | Production costs of grassy and woody energy crops ($/GJ). (Domingues et al. 2022). Map lines delineate study areas and do not nec-

essarily depict accepted national boundaries.

with predicted maps produced at current climate conditions,
a finding likely attributed to the large spatial extent and rela-
tively fine pixel resolution considered. To better capture regional
nuances, Figure 8 provides difference maps (future minus cur-
rent) for Miscanthus and boxplot illustrating the distribution
of yield changes per scenario for Miscanthus. Similar figures
are available in the Supporting Information for the other crops
(Figures S4-S7).

Miscanthus exhibits changes ranging from -3 to +3t DM
ha~lyear™!, with northern countries generally experiencing
yield gains and southern regions showing reductions under cli-
mate change.

Eucalyptus shows higher yield change variability, from —5 to
+7tha-lyear™!, but demonstrates net positive outcomes in most
areas except parts of sub-Saharan Africa and India. Willow,
Poplar, and Switchgrass each display shifts between —6 and
+6tha-!year~!, with negative average changes observed over a
large share of the cropping area.

To further disentangle the individual impacts of climate
variables on projected yield changes, we performed Partial
Dependence Plot (PDP) analyses of the relationships between
temperature and precipitation anomalies (AT and AP) and yield
anomalies (AYield) for Miscanthus. Three climate scenarios
were tested (SSP1, SSP2, and SSP5; see Figures S8-S10). The
results reveal a nonlinear response of yield anomalies to tem-
perature increases, with moderate warming generally leading
to slight yield reductions. Conversely, precipitation changes
showed a distinct unimodal relationship: moderate increases

in precipitation positively influenced yields, whereas large de-
viations—either substantial increases or decreases—negatively
impacted yields. These findings emphasize the complexity of
climatic impacts on biomass crop productivity and the necessity
of considering nonlinear responses when interpreting climate-
driven yield changes.

Figure 9 presents scatter plots for each of the five lignocellulosic
crops, comparing the yield predictions of RF vs. GB on the left
and RF vs. ET on the right. As expected, across all crops, RF
and GB predictions exhibit high correlations—often exceeding
0.90—indicating that their pixel-level yield predictions align
closely, likely due to the relative similarity of the two algorithms.
By contrast, the RF-ET correlations lie in the 0.50-0.60 range,
suggesting a more pronounced spatial divergence, even though
ET's global performance (RMSE, R?) is comparable to the other
ensemble models. This discrepancy can be traced to Extra Trees'
randomized splitting of features, which can yield distinct local
partitions despite ultimately achieving similar error metrics.
Consequently, although both GB and ET perform well at a global
scale, their respective internal mechanisms lead to different de-
grees of similarity in predicted yield patterns when compared
to RF.

3.4 | Impact of Including Soil and Topographic
Inputs for Yield Forecast

We repeated the entire training and prediction process without
soil and topographic predictors to evaluate how soil and topo-
graphic information improves yield predictions compared with
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FIGURE 7 | Predicted global yield maps for five lignocellulosic crops under the SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios. Map lines delineate
study areas and do not necessarily depict accepted national boundaries.
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FIGURE 8 | Map of differences between Miscanthus average crop yield under current and future climate conditions (future-current), and box-
plots showing the distributions of yield differences over all grid cells. Map lines delineate study areas and do not necessarily depict accepted national

boundaries.

models relying on climate predictors only, finding in RMSE =4.5
and an R? =0.67 (metrics of the test dataset). We then subtracted
these climate-only yield maps from the yields predicted using
the complete set of variables (i.e., including soil and topogra-
phy). Figure 10 displays the resulting difference maps and box-
plots summarizing the distribution of differences for each of the
five crops.

The patterns reveal notable spatial disparities when transi-
tioning from a climate-only model to one that also considers
soil and topography. For Miscanthus, differences range from
—8 to +8tDMha lyear~!, with most variations clustering
around +2t DM ha~lyear!. For Eucalyptus, yield predic-
tion differences fall between —6 and +6tha~!, showing pro-
nounced yield reductions in parts of northern Latin America
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FIGURE 9 | Model-to-model scatter plots for lignocellulosic crop yield predictions. This Figure shows the pixel-level comparisons of predicted
yields between Random Forest (RF) vs. Gradient Boosting (GB) and RF vs. Extra Trees (ET) for each of the five crops (units: t DM ha™).

under the climate-only scenario. For Poplar, differences span
—2.5 to +6tha~lyear™!, with an average difference of about
+1thalyear! in favor of the soil-inclusive model, whereas
yield differences obtained for Willow and Switchgrass vary
from —4 to +4tha=!year™!, exhibiting larger gains in certain
regions of Latin America and Africa. Over all crop species, a
global average comparison indicates that the model including

soil predictors produces lower average yield estimates, with
predicted yield values approximately 1-2tha=!year™' lower
than the predictions obtained with the model including cli-
mate predictors only. These findings underscore the substan-
tial influence of soil properties and land characteristics on
yield predictions, expanding on previous studies such as Li
et al. (2020) that focused more narrowly on climate variables.
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FIGURE10 | Differencesin predicted yields by RF with and without soil and topographic predictors (predictions with—predictions without). This
Figure compares yield predictions (in t ha-!year™) of the full model (including soil and topographic variables) against those generated using only
climate inputs as predictors. Each panel corresponds to a specific species. Map lines delineate study areas and do not necessarily depict accepted

national boundaries.
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FIGURE11 | Yield discrepancy maps and boxplots: Li et al. (2020) vs. this study. The maps illustrate the differences between the resampled yields
from Li et al. (2020) and yield values predicted in the present work (Li et al. minus current study) for Miscanthus (top) and Eucalyptus (bottom). The

boxplots (right) summarize the distribution of yield predictions obtained with both approaches for each crop. Map lines delineate study areas and do

not necessarily depict accepted national boundaries.

3.5 | Comparison With Li et al. (2020)'s Yield Maps

Figure 11 compares our global yield estimates (5 arc-minute
resolution) with those reported by Li et al. (2020), originally
produced at a 30 arc-minute scale and subsequently resampled
to 5 arc minutes using bilinear interpolation for Miscanthus
and Eucalyptus (see other crops in Supporting Information
from Figures S11-S13). Regions outside the spatial extent

covered by Li et al. (2020) were excluded for consistency, re-
sulting in masked areas on the difference maps. Each panel
presents a map of yield discrepancies (Li et al. minus our pre-
dictions), alongside a boxplot summarizing the overall distri-
bution of these differences. Consistent with previous findings,
the largest deviations appear for Eucalyptus and Miscanthus,
with mean differences of approximately 4t DM ha~!, whereas
Poplar, Willow, and Switchgrass show more moderate
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discrepancies of about 2t DM ha~!. In most regions, Li et al.'s
estimates exceed our own, reflecting the inclusion of detailed
soil and topographic variables leading to more conservative
predictions.

Our results concur with those of Li et al. (2020) on the fact that
Miscanthus is the crop that most frequently achieves the best
yields among the five crops (“best crop”). However, we note
significant differences regarding the other crops. In particu-
lar, Eucalyptus appears less frequently as the best crop here
(35.9% vs. 4.1% in this study), whereas Switchgrass and Poplar
appear more frequently (0% and 1.6% vs. 37.5% and 20% in this
study).

4 | Discussion
4.1 | The Impact of Soil Properties

Although climate variables such as precipitation and air tem-
perature often emerge as primary drivers of biomass productivity
(Cacho et al. 2023), soil characteristics and topography substan-
tially influence the yield of crops (Haberzettl et al. 2021). Our
analysis underscores the effect of these factors as properties such
as soil clay and sand contents, pH, and gravel content ranked in
the top 5 most influential variables in our yield modeling. This
is consistent with a study emphasizing the effect of soil texture
on the yield of biomass crops (Jiang and Thelen 2004). Soil tex-
ture and gravel content control water and nutrient availability
to crops, representing the main limiting factors to biomass pro-
duction since lignocellulosic crops are less affected by pests and
diseases than conventional food crops (Gabrielle et al. 2014).
Neglecting such edaphic and topographic factors thus entails a
risk of overestimating yield potentials or producing misleading
spatial projections of high-yielding zones.

Incorporating detailed soil and topographical variables along-
side climate data markedly improved the predictive performance
of the five models and altered the spatial pattern of predicted
yields. Areas with fertile soils (e.g., higher organic matter or op-
timal pH) and favorable landscape positions (e.g., low slope or
higher moisture retention capacity) achieved greater production
potentials than areas with poorer soils under similar rainfall
and temperature regimes. This result highlights that favorable
climate conditions alone are insufficient for high biomass yields:
the local soil environment ultimately constrains crop productiv-
ity (Kravchenko and Bullock 2000). By integrating these site-
specific variables, the model better captures the heterogeneous
yield potential across regions. In practical terms, our findings
stress that robust yield assessments require fine-resolution soil
and terrain information, not just regional climate averages, to
pinpoint high-yielding areas accurately and decipher yield gaps
in marginal lands. Notably, the influence of edaphic factors can
appear sharply: in some regions, we observed that differences
in soil and topographic conditions could cause yield projections
to vary by as much as 8t DM ha~!. Such large local deviations
underscore the dominant role that soil constraints or advantages
can play in shaping biomass productivity (Haberzettl et al. 2021),
which becomes even more critical under changing climate con-
ditions where water availability and soil quality may exacerbate
or mitigate yield losses.

Note that the gridded soil covariates used here represent long-
term regional averages. They do not capture within the field
variability, recent amendments, drainage or irrigation invest-
ments, or other management interventions that can alleviate
edaphic constraints. Accordingly, the soil effects we report
should be interpreted as broad biophysical limitations rather
than management-specific yield response.

4.2 | The Effect of Machine Learning Models

To capture the complex, nonlinear interactions between cli-
mate, soil, and topography on yields, we employed several ML
algorithms. In particular, we compared ensemble tree-based
models—RF and ET—as well as a Gradient Boosting Machine
(GBM). All algorithms achieved strong predictive accuracy,
reflecting their capability to model high-dimensional relation-
ships more effectively than traditional linear methods in this
context (Onsree et al. 2022). Indeed, our findings align with
similar agricultural studies where ensemble ML approaches out-
performed simpler models on multi-factor yield prediction tasks
(Cacho et al. 2023; Su et al. 2022). For example, in switchgrass
yield modeling, tree-based ensembles attained coefficients of de-
termination (R?) on the order of 0.85-0.88, substantially higher
than those of regression or untuned neural network models
(Cacho et al. 2023). These results demonstrate the value of en-
semble learning techniques for yield prediction, given their abil-
ity to handle interactions and nonlinear responses that would be
challenging to capture with parametric or purely mechanistic
models.

In our analysis, the performance differences among RF, ET,
and GBM were relatively small, with all three methods proving
highly effective on cross-validation and independent test data.
Random Forest achieved the best overall accuracy on the test set
(lowest RMSE and highest R?, 0.67), closely followed by ET and
GB (with R? values of 0.63 and 0.62, respectively). Extra Trees
had a slight edge in validation accuracy, consistent with its de-
sign: by injecting additional randomness in splitting nodes, ET
can reduce overfitting while maintaining high predictive power
(Geurts et al. 2006). The GB model also performed competi-
tively, indicating that its sequential error-correcting mechanism
can capture yield patterns almost as well as the bagging-based
methods. Overall, the three top ensemble models captured yield
variability with a high degree of fidelity, effectively accounting
for interactions (e.g., the effect of soil water-holding capacity on
drought mitigation) and nonlinear effects that would be diffi-
cult to pre-specify in regression models. Moreover, the models’
internal variable importance rankings corroborated domain ex-
pectations: key predictors of yield included annual and growing-
season temperatures, cumulative precipitation, and topographic
indices such as slope and elevation—factors well-known to in-
fluence crop growth (Haberzettl et al. 2021). The convergence of
different algorithms toward a similar set of influential predic-
tors bolsters confidence that the identified environment-yield
relationships are robust and not the artifacts of a single model-
ing technique.

An important caveat is that the training data lack information
on management intensity (fertilization, irrigation, and stand
age/rotation), cultivar or clone differences, pest and disease
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damage, and episodic stresses. Water limitation enters the
model only indirectly via climatic means and soil attributes; no
explicit soil-water balance or irrigation module is represented.
Consequently, the model outputs should be viewed as biophysi-
cal yield potentials under average environmental conditions, not
as realized farm yields or sustainably harvestable outputs.

Beyond aggregate performance metrics, we observed interest-
ing spatial differences in the yield maps produced by each ML
model. In particular, the RF and GBM yield maps were very
strongly correlated with each other (pixel-level predictions often
showing Pearson correlations exceeding 0.90 for all five crops),
indicating that these two algorithms agreed in their projections
of high- or low-yielding zones. The RF-ET correspondence was
weaker, with correlation coefficients in the 0.50-0.60 range. In
other words, the ET model sometimes produced divergent local
yield estimates relative to RF and GBM, even though its overall
error statistics were similar. Such patterns involving local dis-
crepancies despite an overall agreement between ET and other
ML models were already reported with hydrological models
(Galelli and Castelletti 2013). This suggests that the extra ran-
domness brought about by ET in constructing trees enhances
spatial variability in pixel-by-pixel predictions. Crucially, these
local differences did not translate into significant global per-
formance gaps, pointing to nuance when applying ensemble
models: models with similar global accuracy can yield different
spatial output patterns. For our study, this warranted generat-
ing and examining maps from all three top-performing models
and not relying on a single one. The high agreement between
RF and GBM points to a stable consensus, whereas ET provides
a plausible alternative scenario in certain locales. This multi-
model comparison thus gave us insight into the uncertainty of
spatial predictions stemming from model choice. Nonetheless,
the general consistency among the ensemble methods regarding
high-yielding zones and key drivers is reassuring. In summary,
the use of ensemble ML provided a flexible and accurate frame-
work for yield mapping, and the close performance of RF, ET,
and GBM suggests that our conclusions are not overly dependent
on one specific algorithm.

4.3 | Policy Implications

The high-resolution yield and production cost maps developed
in this study have potential implications for bioenergy policy
and land-use planning. First, our spatial analyses identifying
the “best crop” for each pixel (balancing yield and production
costs) offer valuable guidance for optimizing land allocation. We
found pronounced geographical variations in crop suitability.
Switchgrass and poplar came out as optimal choices in many
regions where earlier assessments had favored eucalyptus (Li
et al. 2020), which emerged as the best option in only a small
percentage of areas (around 4%).

This discrepancy underscores the influence of incorporating
soil and terrain constraints: earlier, coarse approaches from
this perspective may have overestimated the dominance of
woody species by assuming uniformly favorable conditions,
despite heterogeneous soil conditions. Our models account for
edaphic limitations and indicate a more diversified portfolio
of optimal crops. For policymakers, this means that strategies

relying on a single “silver bullet” energy crop over large areas
(e.g., Miscanthus across northern Europe or Switchgrass in the
mid-Western US) would be suboptimal. Different regions should
specialize in the crops best suited to their local environmental
conditions, also involving the second or third best crops ac-
cording to our modeling, to design multi-feedstock scenarios.
Diversifying biomass supply and crops is a common scheme for
lignocellulosic biorefineries, fostering resilience from an ag-
ronomic perspective and facilitating logistics. Benefiting from
multiple harvesting windows reduces storage costs, for instance
(Wang et al. 2020). Tailoring incentives and extension efforts to
promote the right crops in the right locations can improve bio-
mass supply chains' overall productivity and cost-effectiveness
(Hudiburg et al. 2016).

Including production cost estimates alongside crop yields pro-
vides a practical economic dimension to our maps that can in-
form policy and investment by highlighting zones where biomass
can be the cheapest to source. These insights help prioritize areas
for bioenergy development. Because our maps express biophys-
ical potential, they should be best used as a first-pass screening
layer to assess the performance of crop species and identify the
best candidates to establish locally. Moving from screening to
actual implementation requires overlaying additional informa-
tion and criteria: land tenure and security; competing land uses
and opportunity costs; proximity to infrastructure and process-
ing capacity; water availability and allocation rules; environ-
mental safeguards (soil erosion risk, biodiversity constraints);
and socio-economic conditions that shape farmer adoption and
labor availability. Without these layers, the yield-plus-cost maps
should not be used to rank specific investment projects or to
make binding land-use allocations. For example, a region where
Miscanthus has both high yield and low production cost per ton
would be a strong candidate for commercial projects. In contrast,
another region might achieve higher yields with Willow but at a
prohibitive cost, suggesting that resources would be better di-
rected toward alternative crops or technological improvements.
Policymakers could use this information in planning initiatives
such as biomass cropping programs, infrastructure placement
(e.g., biorefineries), and incentive structures (subsidies or sup-
ports for certain crops in particular locations). In addition, our
approach of combining yield and cost into a single suitability cri-
terion aligns with sustainable bioenergy deployment. It ensures
that bioenergy systems are economically viable for farmers and
producers, which is crucial for long-term adoption.

Another key implication of our findings relates to the effect of
climate change on biomass potentials. Our projections indicated
modest yield changes (around +1-2t DM ha™!) in many regions
by mid-century, assuming no change in management. Thus,
lignocellulosic crops could remain a reliable component of our
energy supply in the face of climate change. However, we also
identified specific areas where yields could change dramatically,
with pronounced gains or losses up to 8t DM ha~!. These larger
shifts occurred in the margins of crops' suitability areas, in re-
gions currently limited by suboptimal temperatures, water scar-
city, or poor soils. Such regions may experience significant yield
boosts if climate changes should alleviate one of the limiting
factors (e.g., a longer growing season in cooler climates) or, con-
versely, sharp declines with further warming or drying in cur-
rently semi-arid areas. For policy and planning, the granularity
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provided by our maps proves crucial. It indicates that adaptation
measures may be needed in vulnerable hotspots (such as devel-
oping more drought-tolerant varieties or improving soil water
retention) to safeguard yields. At the same time, other areas
might become newly attractive for bioenergy cultivation and
could be targeted for expansion.

5 | Limitations

Despite the advances achieved in this modeling work, several
limitations should be acknowledged. First, there are inherent
uncertainties in the data used to train the models or project
yields. Models reflect the quality of the data they are trained
on. Although we used an extensive global dataset of yield ob-
servations (Li et al. 2020), cultivar- or clone-level information
is rarely reported in that dataset. Yet, each of the crop species
or genus considered encompasses diverse genotypes or species
(e.g., Miscanthus sinensis vs. Miscanthus X giganteus; multi-
clone willow mixtures), which differ in yield potential, phenol-
ogy, tolerance to temperature and water stress, and pest/disease
vulnerability. Because we could not systematically distinguish
between cultivars, our models necessarily represent an average,
species-level biophysical response. Local yields may therefore
deviate from our mapped estimates depending on the specific
varieties to be deployed. Users should interpret the results with
this additional uncertainty in mind, and adjust them when reli-
able cultivar information becomes available.

Our results represent the environmental (biophysical) yield
potential derived from the gridded climate and soil covariates.
They do not account for site-specific management (inputs,
planting density, and rotation length), genotype, pest and dis-
ease pressures, interannual climate extremes, water competi-
tion or irrigation constraints, or sustainability limits on residue
removal and harvest intensity. Reported production cost layers
are regional averages applied uniformly within each region and
therefore do not reflect local variation in labor, input prices, or
logistics. These simplifications should be kept in mind when in-
terpreting the political relevance of our maps.

Regarding soil and topographic inputs, the global soil databases
and terrain maps we leveraged may not capture their fine-scale
variability or transient soil properties (such as nutrient dynam-
ics, microtopography, or soil fertility; Poggio et al. 2021). Some
soil parameters were likely measured or estimated with some
degree of uncertainty, and important soil characteristics such
as depth to hardpan or historical land degradation were not in-
cluded due to a lack of global data. Similarly, the climate data we
used represent long-term averages and do not explicitly account
for interannual variability or extreme events. This means that
our yield predictions correspond to expected averages rather
than best-/worst-case outcomes. These data-related limitations
could affect the accuracy of yield estimates and warrant a degree
of local ground truthing (Deines et al. 2021).

Because hot-desert, wetland and alpine environments are
under-represented in the training set, yield projections for these
specific climate-land-cover combinations should be interpreted
with caution. Importantly, these environments are intrinsically
unfavorable for lignocellulosic crops; in hot-desert climates,

synergistic heat and water stress can reduce switchgrass yields
by up to 50% and impair downstream fermentation (Chipkar
et al. 2022). In alpine or high-latitude cold zones, exposure to
soil temperatures below —3°C to —7°C kills Miscanthus X gigan-
teus rhizomes, preventing stand persistence (Sage et al. 2015).
Consequently, these zones are unlikely to represent future ex-
pansion areas for biomass crops, and their limited presence in
the training data haslittle practical impact on global projections.

6 | Outlook and Future Work

A critical avenue is the integration of remote sensing data into
yield prediction frameworks (Ziliani et al. 2021). Advances in
satellite observations offer an opportunity to regularly mon-
itor vegetation conditions, which could be assimilated into
models to improve both spatial detail and temporal respon-
siveness. For instance, remotely sensed indices of vegetation
greenness, biomass, or moisture status have been successfully
used to augment yield estimates for conventional crops (Franz
et al. 2020). In the context of lignocellulosic crops, remote
sensing could help update yield predictions in near real-time
(e.g., detecting the effects of an ongoing drought or a par-
ticularly favorable growing season), and could also identify
where crops are currently being grown, addressing data gaps
in planting area. Future modeling efforts could incorporate
satellite-derived variables such as NDVI/EVI (indicators of
plant health), surface soil moisture, or land surface tempera-
ture as additional predictors to capture short-term variability
and unforeseen stress events.

Updating the yield database with more recent data, especially
under commercial and suboptimal soil or topographic condi-
tions, would also be of added value. As the acreage of lignocellu-
losic crops expands, the data collected from farms could also be
used for ground truthing purposes.

In conclusion, integrating fine-resolution soil and topographic
predictors with climate allowed us to derive a relative suitabil-
ity index. These results provide a transparent, spatial screen-
ing resource: They highlight where biophysical conditions are
comparatively favorable, but cannot substitute for detailed,
location-specific assessments incorporating management, sus-
tainability constraints, land tenure, infrastructure, and broader
socio-economic considerations. Combining our maps with such
information will enable more realistic planning of regional crop
portfolios and bioenergy supply chains under climate change.
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