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Prediction of wheat yield plays a crucial role in mitigating the impacts of climate extremes and ensuring food
security. While vegetation indices (VIs) derived from remote sensing have been widely used for this purpose,
integrating biophysical variables, such as crop stress, simulated using a biophysical model has the potential to
enhance model robustness. However, the role of integrating biophysical stress information in machine learning

Sample size . o . . . A N . . . . .
Dim:nsionality based yield prediction, particularly in terms of sample size efficiency, dimensionality reduction, and spatial
Transferability transferability, remains insufficiently examined. In this study, we address this gap by systematically evaluating

the impact of incorporating a Stress Index (SI) using three widely applied machine learning (ML) models Random
Forest (RF), Gaussian Process Regression (GPR), and Extreme Gradient Boosting (XGBoost) to predict wheat yield
across five Australian states. These models leveraged both Sentinel-2-derived VIs at the peak of greenness and a
biophysical factor: the SI.

The integration of the SI led to clear improvements in model performance. For XGBoost, the coefficient of
determination (R?) increased from 0.65 to 0.73, and the RMSE decreased from 0.67 to 0.58. GPR showed an
increase in R? from 0.66 to 0.70 and a reduction in RMSE from 0.76 to 0.60. RF reached an R? of 0.68 and an
RMSE of 0.64 after including SI. Additionally, SI contributed to dimensionality reduction, lowering the number
of required VIs from 11 to 6 without loss of accuracy. The inclusion of SI also improved spatial transferability.
When tested in Western Australia, cross-regional RMSE decreased by 0.09 for XGBoost, 0.16 for GPR, and 0.13
for RF. These results highlight that integrating biophysical crop responses, such as SI, into ML model calibration
can enhance the reliability and robustness of yield prediction using remote sensing data.

national and regional levels [5,9].
However, conventional yield prediction methods often fall short due
to their dependence on labor-intensive ground measurements, making

1. Introduction

Food security has become a critical concern for the growing global

population [1-4]. Accurate crop yield predictions are essential for
managers and planners to ensure food availability [5-7]. As a staple
crop, wheat plays a vital role in supplying daily calories and proteins
worldwide [8]. Reliable yield estimates are essential for researchers and
policymakers, as they support informed decisions related to import and
export strategies, the optimization of planting patterns, the allocation of
subsidies during extreme weather events, market regulation, humani-
tarian response during famines, and supply management at both
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them impractical for large-scale applications [10,11]. To address these
limitations, remote sensing techniques have emerged as a promising
alternative, offering timely and scalable solutions for yield estimation
[12].

Among the various remote sensing methods, optical satellite imagery
has proven particularly effective in agricultural monitoring. In optical
wavelengths (450-2500 nm) have been widely used due to the unique
characteristics of plants in the visible, near-infrared (NIR), and short-
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wave infrared (SWIR) regions [13]. Sentinel-2 offers 13 spectral bands
(10-60 m, 5-day revisit) widely used for crop monitoring [14-16]. VIs
(VIs), derived from Sentinel-2, are vital for assessing crop health, chlo-
rophyll content, and canopy structure factors closely linked to yield
potential [13,17]. Sentinel-2's diverse spectral bands support many VIs
that are widely used as key inputs for machine-learning-based crop
monitoring and yield prediction [18,19]. When integrated with ML al-
gorithms, these VIs significantly enhance the predictive power of the
models [20,21]. The combination of Sentinel-2 data and ML techniques
offers a powerful approach to enhancing yield prediction reliability and
precision [22-24]. These techniques excel in managing
high-dimensional data and are widely applied for retrieving biophysical
and biochemical parameters, which are essential for predicting crop
yields [13,22]. ML techniques such as Extreme Gradient Boosted
(XGBoost), Gaussian process regression (GPR), and Random Forest (RF)
have demonstrated significant success in quantitative remote sensing
due to their ability to handle complex relationships between dependent
and independent variables [25-27].

Despite the advancements in using ML techniques for yield predic-
tion, the accuracy and robustness of these models are influenced by
various factors, including model selection, type and the size of input
data [28,29]. Regarding the input data for the ML models, the use of
meteorological data alongside remote sensing data, including climate
variables such as rainfall and temperature, as well as biophysical factors
that characterize crop stress conditions particularly water and temper-
ature stress quantified by the SI is crucial for achieving accurate yield
predictions [1,30,31]. Incorporating biophysical factors such as the SI is
particularly valuable, as it captures the effects of environmental
stressors, especially those driven by weather conditions like extreme
temperatures, water deficits, and solar radiation on crop development.
The SI is derived from meteorological data collected at ground-based
weather stations and is calculated using key climate variables such as
daily air temperature, solar radiation, relative humidity, and wind
speed. These variables are integrated to estimate evapotranspiration and
water availability during specific phenological stages, enabling the SI to
quantify crop water stress dynamically throughout the growing season
[32]. According to Genotype x Environment x Management (G x E X
M) concept, crop traits are the result of dynamic interactions between
genetic potential, environmental conditions, and management practices.
Environmental drivers such as radiation, temperature, soil properties,
and water availability influence canopy structure and biochemical
processes, while management interventions, including fertilization and
irrigation, modify these responses. Spectral reflectance therefore rep-
resents a measurable manifestation of G x E x M interactions. Reflective
bands primarily describe structural canopy properties and background
radiometric effects, whereas absorptive bands capture biochemical ab-
sorption features associated with pigments, nitrogen, and water content.
By explicitly separating and systematically combining these two spectral
domains within a physically constrained mathematical framework, the
proposed approach enhances sensitivity to functional crop traits
[33-35]. Therefore, GEM offers a strong foundation for integrating
process-based stress information into data-driven ML models.

Within the GEM framework, SI effectively represents the environ-
mental component, offering a quantifiable measure of how adverse
conditions impact crop physiology and yield potential. While VIs pri-
marily provide spatial snapshots of canopy structure and greenness, SI
reflects cumulative stress over time, enabling the detection of harmful
environmental effects that may not be immediately visible in satellite
imagery. Several studies have demonstrated that combining a weather-
derived SI or agrometeorological variables with VIs improves crop
monitoring and yield estimation by linking environmental constraints
with canopy spectral responses [36,37]. These studies show that
stress-related variables provide complementary information to VIs,
particularly under climate variability where spectral signals alone may
not fully capture the effects of crop stress. Chen et al. [38] integrated
meteorology-driven stress indices with remotely sensed information to
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estimate crop yields across the Australian wheatbelt, highlighting the
importance of stress indicators for representing spatial
agro-environmental heterogeneity [38]. Similarly, Kamir et al. [39]
combined satellite vegetation index time series, primarily NDVI, with
climate variables such as rainfall and temperature derived from mete-
orological records to improve wheat yield estimation across Australia.
However, climate variables such as rainfall or temperature alone
represent individual drivers and do not fully describe crop stress dy-
namics [39]. In contrast, crop model-derived SI integrate multiple
meteorological drivers, including temperature, radiation, humidity, and
wind, through crop water balance and evapotranspiration processes,
allowing stress to be quantified dynamically across key growth stages
[32,34]. As a result, combining SI with VIs provides a more complete
and process-based representation of crop growth conditions than using
VIs and simple climate variables alone. In this way, SI explicitly accounts
for water-limiting environments and their associated stress effects on
final yield, leading to improved prediction performance across diverse
environmental conditions [40]. Therefore, from an application
perspective, it is both timely and important to investigate the effec-
tiveness of integrating the SI with VIs, particularly in relation to three
key aspects.

The size of the training dataset significantly limits the reliability of
ML models, particularly for non-parametric algorithms that require
large sample sizes to achieve stable performance. However, collecting
such extensive training data for ML applications in agricultural remote
sensing is often costly and resource-intensive [41]. Therefore, it is
important to evaluate the reliability and accuracy of input data when
using limited training sample sizes. In addition, incorporating inde-
pendent datasets from different regions or years can help improve model
robustness and generalization, allowing reliable predictions to be ach-
ieved with fewer training samples and at lower data collection cost [29].
SI is derived from climate station data and provides stress-related in-
formation that is independent of spectral remote sensing observations.
As a process-based indicator, SI represents environmental constraints on
crop growth that are not directly observable from canopy reflectance
alone [32]. The inclusion of such independent and physically mean-
ingful information can improve model robustness and data efficiency,
which may help achieve reliable predictions with fewer training samples
when combined with remote sensing inputs. As a result, we assumed that
the inclusion of SI can reduce the required sample size for accurate yield
prediction by improving model stability and generalization.

Moreover, spatial transfer learning plays a vital role in ML methods,
enabling models to adapt to new regions by leveraging knowledge from
diverse environments [42,43]. This is particularly important for yield
prediction, where environmental conditions can vary strongly across
locations. Input features such as the SI can support this adaptability
because they represent climate-driven stress processes that are less
dependent on local spectral characteristics. By capturing stress-related
variability in a process-based manner, SI can help ML models gener-
alize better and reduce prediction errors when applied to independent
regions or datasets.

Another critical consideration in developing robust ML models is
reducing the number of input features without compromising prediction
accuracy. At the same time, dimension reduction is essential for opti-
mizing model performance by eliminating redundant or less informative
features, reducing computational costs, and improving interpretability.
More importantly, it helps mitigate overfitting, where models memorize
patterns in the training data rather than learning generalizable re-
lationships [44]. By integrating only the most relevant VIs and SI,
models can achieve greater robustness, ensuring stable and reliable
predictions even when trained on limited data. This balance between
efficiency and accuracy is essential for developing scalable and adapt-
able machine ML-based yield prediction models. Although
high-resolution Earth observation data have proven useful for crop yield
estimation, integrating functional and physiological crop stress re-
sponses into ML models adds further value by improving model
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efficiency and robustness [45,46]. This integration is particularly
important for reducing model complexity and computational time dur-
ing model calibration and large-scale application. Hence, we investigate
the value of incorporating biophysically derived

SI, grounded in functional crop process understanding, alongside
conventional VIs in ML models for predicting wheat yield at the field
scale across Australia. We evaluated the contribution of the SI and VIs to
model performance through three key objectives:

() ML techniques robustness by examining how the inclusion of SI
improves performance under reduced training sample sizes,
demonstrating its contribution to data-efficient learning and
reliable yield prediction in data-limited conditions;

(II) spatial transferability of ML techniques by assessing how SI en-
hances performance across heterogeneous environments, high-
lighting its role in improving model generalisation and
robustness when applied beyond the training area; and

(III) ML techniques input dimensionality reduction by investigating
how SI enables a reduction in input features through efficient
capture of stress-related information, thereby simplifying model
structure, reducing overfitting, and improving the interpret-
ability of ML models.

This framework demonstrates how integrating remote sensing and
biophysical indices enhances yield prediction by improving data effi-
ciency, model simplicity, and spatial generalization within ML
techniques.

2. Material and methods

Fig. 1 illustrates the overall workflow and methodology used in this
study for wheat yield prediction. A time series of Sentinel-2 imagery was
processed to determine the date of peak greenness by identifying the
maximum NDVI value during the growing season. VIs (VIs) were then
computed based on the corresponding date for each field. In parallel,
ground-truth yield data collected over five years at the field scale, along
with meteorological data from nearby weather stations, were incorpo-
rated into the analysis. SI was calculated using the Oz-Wheat model for
each climate station across Australia [32]. As Fig. 1 shows, the
computation of the SIinvolves four steps: (1) estimating daily crop water
requirement (CWR) inputs of these steps are Temperature, Solar
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Radiation, Wind Speed, Relative Humidity and Crop Coefficient (Kc), (2)
updating plant available water (PAW) based on rainfall and soil prop-
erties, (3) estimating actual evapotranspiration (Ea) depending on water
availability (4) calculating the daily SI. In this study, the SI during the
flowering period corresponding to the peak of greenness was used as an
input variable in the model.

The computed VIs and SI served as input features for three ML
models: Extreme Gradient Boosting (XGBoost), Gaussian Process
Regression (GPR), and Random Forest (RF). These models were evalu-
ated through a multi-step analytical framework, including correlation
analysis, model performance under varying sample sizes, spatial transfer
learning assessments, dimensionality reduction, and bias-variance
decomposition. Finally, the added value of incorporating SI was assessed
by comparing model accuracy and robustness with and without SI under
different scenarios. This workflow provides a systematic and compre-
hensive approach to wheat yield prediction by integrating remote
sensing data, meteorological stress indicators, and advanced ML
techniques.

2.1. Studying area, field data and computing stress index

The study area encompasses major wheat-producing regions across
five Australian states, covering vast agricultural zones that span diverse
climatic conditions. Variability in rainfall and temperature contributes
to substantial differences in wheat yield and grain quality across these
regions [47]. Australia is one of the world’s largest wheat exporters,
with the wheat industry playing a vital role in the national economy.
Wheat cultivation in Australia predominantly relies on rainfed systems,
making it particularly sensitive to fluctuations in rainfall patterns
especially in semi-arid areas [48]. The growing wheat season typically
begins in May, with planting occurring through July. Harvesting usually
takes place between late October and early January, depending on the
region [49,50].

In this study, SI was computed using an established optimization-
based calibration approach, which estimates the balance between
water supply and demand throughout the wheat growth cycle [51,52]. It
is defined as:

Eq

SI=—
E,

@

where E, represents actual evapotranspiration, and E; denotes potential
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Fig. 1. Workflow of current study to estimate wheat yield at peak of greenness using ML techniques. SI was simulated using the Oz-Wheat model for each climate

station across Australia [32].
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evapotranspiration. This ratio serves as an indicator of crop water stress
and corresponds well with the physiological responses of wheat under
water deficit conditions. The Oz-Wheat model simulates this index on a
daily scale, averaging it over an optimized critical growth window
around the flowering stage. SI values range from 0 to 1, where a value of
1 (E, = E,) signifies no water stress, while values below 1 indicate
varying degrees of water limitation affecting the wheat crop [51,52].

To support wheat yield prediction, field-level harvester data were
collected over five years from 375 wheat fields across Australia. This
dataset includes 65 fields in 2016, 45 in 2017, 85 in 2021, 143 in 2022,
and 46 in 2023. Yield data were collected within known field boundaries
located in New South Wales (NSW), Victoria (VIC), Western Australia
(WA), Queensland (QLD), and South Australia (SA). All combine har-
vesters were equipped with GPS, and the average dry yield reported in
tons per hectare (t/ha) was calculated at field scale. Fig. 2 illustrates the
distribution of field data across five Australian states used for wheat
yield prediction, along with a zoomed-in view of the WA region.

2.2. Data

In this study, cloud-free Sentinel-2 Level-2A Bottom-of-Atmosphere
(BOA) surface reflectance products from Sentinel-2A and Sentinel-2B,
captured around the peak of greenness, were used. These images were
downloaded from the Copernicus Open Access Hub. We utilized spectral
bands with a resolution of 10 or 20 m, and all data were resampled to 20
m using the nearest neighbor method. In the following, the average
reflectance value of each spectral band was computed for each field, and
these values in various bands were used to calculate VIs.

2.3. Machine learning techniques

2.3.1. Random forest regression
Random Forest improves bagging by reducing the overall variance of
the model. It does this by lowering the similarity between individual
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trees. To achieve this, each tree is built using a random selection of

~B
features at every split. The prediction of model f,; is eventually as a
mean of the all trees grown [53].

~B 1 B
fy=5 D T(x:0) @
b=1

where B, T(x;®;), x and ©, are the total number of trees, b-th tree, the
target point that requires making prediction and random vector gener-
ated for b-th tree independent of previous vectors, respectively. To build
each tree, a random sample of features is chosen at every split. The data
not used in building the tree are called out-of-bag (OOB) observations.
The average error from these OOB observations gives an estimate of how
well the model performs on unseen data [54].

Bayesian optimization is used to find the best settings for the Random
Forest model, like the smallest leaf size and how many features to
consider at each split [55]. The model, built with 500 trees, chooses
these settings by reducing the quantile regression error.

2.3.2. Gaussian process regression

Gaussian Process Regression (GPR) is a kernel-based method used for
nonlinear regression. It’s a non-parametric model that starts with a prior
Gaussian process based on the training data and updates it to form a

N
posterior Gaussian process [56,57]. Given the training inputs ({xgb) }iil)
and target variables ({yl-}fil), GPR captures the relationships between

data points by modeling their correlations, which helps it better repre-
sent the patterns in the data [58].

¥ =f(X) =) aK(x.x) + wo 3)

i=1

where, wy is a bias term, @; € R is the weight of the training inputs, and

function K evaluates the similarities between the training inputs xlgb) and
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Fig. 2. Distribution of field data in Australia to predict wheat yield for five years including 2016,2027,2021,2022 and 2023.
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the test set x;.

According to the literature, changes in the initial parameters do not
affect the final results of GPR [59]. In this study, the length-scale—an
important hyperparameter of the squared-exponential covariance
function—is considered crucial for model performance /, the signal
variance oy and the noise variance ¢, are set to 1, 1 and 0.1, respectively.
We utilized freely available GPR software for our yield prediction at
http://www.gaussianprocess.org/gpml/ [60].

2.3.3. XGBoosted regression trees

Boosting is a powerful statistical learning method based on the
principle that combining multiple weak learners can produce a strong
predictive model [53]. When integrated with regression trees, it forms
Boosted Regression Trees (BRT), which enhance predictive performance
by sequentially refining weak learners [61]. BRTs can model complex
nonlinear relationships, highlight feature importance, handle highly
correlated predictors, and operate without the need for outlier removal
or data transformation [62].

Extreme Gradient Boosting (XGBoost) is an advanced and scalable
implementation of BRTs that boosts performance through regulariza-
tion, helping prevent overfitting and improving generalization [63].
XGBoost builds the model by adding trees iteratively to minimize a loss
function, thus enhancing predictive accuracy over time [63]. The gen-
eral form of the XGBoost model is:

~A M
forr = Z T(x; Op) (4
m=1

Where T(x;®,,) is the m-th tree, and ©,, represents the set of pa-
rameters for this tree. The model is updated at each step by minimizing
the following cost function:

N
O, =arg néin;L(yi, frm1() + T(x; Om)) (5)

I
where, f,,_1(x) is the current model, ®,, = {ij, yjm}l as a set of the

region set R;, and constants y;, in m-th tree, J is a meta-parameter, Rjn
refers to j-th disjoint non-overlapping region in m-th tree, y; is the
response associated with x;, and L is the loss function. XGBoost controls
model complexity using hyperparameters such as maximum tree depth,
learning rate (shrinkage), and the number of boosting rounds. It also
handles missing data effectively, maintaining strong performance even
with incomplete inputs. In this study, XGBoost was implemented using
Bayesian optimization to fine-tune key hyperparameters including
learning rate, tree depth, and regularization terms to improve perfor-
mance and reduce overfitting [63].

2.4. Computing VIs based on Sentinel 2 spectral bands and feature
selection

The VIs listed in Table 1 were selected to represent a broad range of
biophysical crop properties relevant to wheat yield formation. These
indices capture complementary information related to canopy greenness
and biomass (e.g., NDVI, SR, DVI), chlorophyll content and photosyn-
thetic activity (e.g., CI, Clgreen, GNDVI, NDRE, RENDVI, EVI), and crop
water and moisture status (e.g., NDWI, NDMI, NBR). Indices based on
visible, red-edge, near-infrared (NIR), and shortwave infrared (SWIR)
bands were included to ensure sensitivity to both structural and physi-
ological crop responses. This diverse set of indices has been widely used
in previous crop monitoring and yield prediction studies and provides a
comprehensive feature space for subsequent feature selection and ML
analysis.
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Table 1
Spectral VIs were used to compute wheat yield.

Vegetation Formula Explanation Reference

Index

SR (B8 / B4) Simple Ratio (SR) [64]

NDVI (B8 - B4) / (B8 + Normalized Difference (Rouse
B4) Vegetation Index [651)

EVI 2.5(B8-B4) /(B8 + Enhanced Vegetation Index [66]
6*B4-75B2+1)

NDGI (B8 - B5) / (B8 + Normalized Difference [671
B5) Green Index

NDWI (B8 -B11) / (B8 + Normalized Difference [68]
B11) Water Index

CI (B7/B5)-1 Chlorophyll Index [69]

GNDVI (B8 -B3) / (B8 + Green Normalized [69]
B3) Difference Vegetation Index

Clgreen (B8/B3)-1 Green Chlorophyll Index [69]

NDRE (B8 -B5) / (B8 + Normalized Difference Red [70]
B5) Edge

PRI (B3-B4) / (B3 + Photochemical Reflectance [71]
B4) Index

NBR (B8 -B12) / (B8 + Normalized Burn Ratio [72]
B12)

GRVI B8 /B3 Green Ratio Vegetation [73]

Index

RENDVI (B6 - BS) / (B6 + Red-Edge Normalized [74]
B5) Difference Vegetation Index

DVI B8 - B4 Difference Vegetation Index [73]

NDMI (B8 - B11) / (B8 + Normalized Difference [75]
B11) Moisture Index

VARI (B3-B4)/(B3+B4  Visible Atmospherically [76]

-B2)

Resistant Index.

2.5. Evaluating the effectiveness of SI on yield prediction

In order to evaluate the impact of the SI on ML methods for yield
prediction, the following steps were implemented:

First, the correlation between SI, VIs (VIs), and yield was assessed by
computing a correlation matrix to evaluate the strength of relationships
among different indices. The coefficient of determination (R?) was used
to quantify these relationships, providing insights into how SI comple-
ments VIs in capturing yield variability.

Next, the effect of SI across different sample sizes was evaluated by
training ML models with varying dataset sizes, ranging from small (30
samples) to larger datasets (260 samples). The Random Forest (RF),
Gaussian Process Regression (GPR), and XGBoost models were trained
using only VIs and then with a combination of VIs and SI. Model per-
formance was assessed based on R? (coefficient of determination) and
RMSE (Root Mean Square Error) to measure the predictive power and
error reduction achieved by incorporating SI. This approach ensures a
systematic evaluation of SI's role in improving yield prediction across
different data availability conditions.

To evaluate the spatial transferability of the model with SI, ML
models were trained using data from multiple regions and tested in an
independent region, Western Australia (WA). This spatial transfer
learning approach tested whether SI improves model generalization
when applied to different geographic locations. The evaluation was
carried out by comparing observed and predicted yields using scatter
plots, with and without SI, to assess its effect on prediction accuracy. In
addition, to evaluate the impact of the SI on dimensionality reduction, a
Sequential Forward Feature Selection (SFS) method was applied using
three ML models: Random Forest (RF), Gaussian Process Regression
(GPR), and XGBoost. In this approach, models were first trained using
only VIs (VIs), where features were added one by one based on their
contribution to reducing the Root Mean Square Error (RMSE). This
process was repeated with SI introduced as the initial feature, followed
by the stepwise addition of VIs. The RMSE was recorded at each step to
determine the optimal number of features required for accurate yield
prediction. This method enabled a clear comparison of model perfor-
mance and complexity, revealing how the inclusion of SI accelerated the
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reduction in RMSE and decreased the number of required features.
This methodological approach ensures a comprehensive evaluation
of SI’s role in enhancing yield prediction under varying conditions.

2.6. Validation

Yield predictions in this study were first generated at the pixel level
(20 m resolution) using VIs (VIs) and the biophysical SI, with values
expressed in tons per hectare (T/ha). These pixel-level estimates were
then aggregated by averaging all predicted values within each field
boundary to produce a single yield estimate per field. Similarly, the
observed yield data derived from harvester measurements were aver-
aged across each field and reported in T/ha. This approach ensured a
consistent comparison at the field scale between model predictions and
observed yields.

The coefficient of determination (R?) (Eq. (8)) and the root mean
square error (RMSE) (Eq. (6)) are employed to evaluate the performance
of the regression methods to estimate water content. Additionally, the
mean absolute error (MAE), was employed to describe the average
model-performance error (Eq. (7)).
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samples, respectively.
3. Results
3.1. Correlation matrix of indices with Yield

Fig. 3 shows the R? correlation matrix of VIs (VIs), SI, and Yield at
field scale. The highest R* values with Yield are observed for NDMI
(0.57), followed by NDWI (0.56), DIVI (0.57), and NDLI (0.57). The
lowest R? is for NDRE (0.36). The internal R? correlations among the VIs
(excluding self-correlations) range from 0.05 (VARI with SI) to 0.98
(NDMI with NDLI), indicating generally strong internal relationships
among most VIs. Regarding the correlation with SI, VIs displays a rela-
tively low R? range from 0.11 (VARI with SI) to 0.24 (CI with SI). The SI
itself demonstrates a moderate R? with Yield (0.42). Overall, while VIs
exhibit low R? correlation with SI, both VIs and SI show moderate R?
correlations with Yield. This suggests that although SI captures stress-
related characteristics distinct from VIs, both types of indices
contribute to explaining yield variability.

3.2. Evaluating ML techniques in various sample sizes

The results show that as the sample size increases (Table 2), the R?
values for all three methods (GPR, XGBoost, and RF) consistently
improve when using only VIs, indicating that the models are better able
to explain the variance in the yield data with larger datasets. For smaller
sample sizes (e.g., 30), the R? values are lower across all methods, but as
the sample size reaches 260, the R® improves significantly for each
method, demonstrating that the predictive power of the models in-
creases with more data. Specifically, the R? for GPR reaches 0.69 with
260 samples, while XGBoost and RF reach 0.63 and 0.63, respectively.

The introduction of SI has a clear positive effect, especially for
smaller sample sizes. The R? values with SI are generally higher than
those without SI across all sample sizes, reflecting that incorporating SI
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Fig. 3. The correlation matrix of VIs, stress index and yield.
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Table 2
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Computed RMSE and R2 for GPR, XGBoost and RF in various sample sizes; and increase in R? (parentage) when Stress Index (SI) is added.

ML Method Input Statistical Parameter Sample size

30 50 70 90 110 120 140 160 180 200 220 240 260
GPR VIs R2 0.14 0.54 0.50 0.56 0.53 0.59 0.60 0.64 0.65 0.71 0.70 0.69 0.69
RMSE 1.17 0.94 0.92 0.86 0.93 0.88 0.86 0.84 0.85 0.78 0.80 0.80 0.80
VIs+ SI R2 0.39 0.72 0.61 0.64 0.65 0.70 0.73 0.76 0.77 0.80 0.80 0.78 0.80
RMSE 0.99 0.74 0.81 0.78 0.80 0.76 0.71 0.69 0.69 0.66 0.66 0.68 0.65

Increase R? (%) 179 33 22 14 23 19 22 19 18 13 14 13 16
XGBoost VIs R2 0.13 0.50 0.42 0.49 0.48 0.50 0.51 0.54 0.56 0.60 0.61 0.62 0.63
RMSE 1.18 0.98 0.99 0.92 0.98 0.97 0.96 0.94 0.95 0.92 0.91 0.88 0.88
VIs+ SI R2 0.49 0.70 0.56 0.63 0.60 0.62 0.65 0.69 0.70 0.72 0.73 0.73 0.74
RMSE 0.90 0.76 0.86 0.78 0.86 0.85 0.81 0.78 0.78 0.76 0.75 0.75 0.73

Increase R? (%) 277 40 33 29 25 24 27 28 25 20 20 18 17
RF VIs R2 0.20 0.45 0.43 0.52 0.50 0.52 0.52 0.55 0.57 0.61 0.61 0.62 0.63
RMSE 1.13 0.93 0.98 0.90 0.97 0.95 0.94 0.93 0.94 0.91 0.90 0.88 0.88
VIs+ SI R2 0.44 0.65 0.55 0.63 0.61 0.62 0.66 0.70 0.71 0.74 0.74 0.74 0.75
RMSE 0.95 0.82 0.87 0.79 0.85 0.84 0.80 0.77 0.77 0.74 0.74 0.74 0.72

Increase R? (%) 120 44 28 21 22 19 27 27 25 21 21 19 19

improves the model's ability to predict yield more accurately. For
example, with only 30 samples, the R? for GPR increases from 0.14 (VIs
only) to 0.39 (with SI), showing that SI adds substantial value when data
is limited. Similar trends are observed for XGBoost and RF, where the
inclusion of SI boosts the R? even with lower sample sizes, providing
more reliable predictions earlier in the training process. The positive
influence of the SI is clearly demonstrated in Table 2 by computing the
percentage increase in R* when SI is added. The inclusion of SI consis-
tently improves the R? values across all sample sizes for each ML
method, confirming its overall effectiveness in enhancing yield predic-
tion. While the impact is most significant at smaller sample sizes where
data scarcity limits the models’ ability to learn the benefits of incorpo-
rating SI remain evident even as the sample size increases. For instance,
GPR shows a remarkable 179 % increase in R? at 30 samples, which
gradually tapers to a still meaningful 16 % at 260 samples. Similarly,
XGBoost and RF exhibit 277 % and 120 % improvements at 30 samples,
respectively, with gains of 17 % and 19 % still observed at the largest
sample size. These consistent improvements across the entire sample
size range highlight SI’s strong complementary value, particularly when
training data is limited, while also reinforcing its continued contribution
to prediction accuracy in more data-rich scenarios.

Regarding RMSE, as Table 2 and Fig. 4 shows there is a steady
decrease as the sample size increases, indicating that the prediction
error reduces with larger datasets. Without SI, the RMSE values are
generally higher, but with the introduction of SI, the RMSE values drop,
signaling more accurate predictions. For example, for GPR, the RMSE
decreases from 1.17 (30 samples, VIs only) to 0.99 with SI, reflecting a
reduction in the prediction error. Similarly, XGBoost and RF show
improved RMSE values when SI is included, highlighting the positive
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Fig. 4. The effect of sample size on RMSE of indices using GPR, XGBoost
and RF.

impact of SI on reducing errors.

When comparing the three methods, GPR generally provides higher
R? values and lower RMSE values with SI compared to XGBoost and RF,
making it more robust in yield prediction. XGBoost and RF also benefit
from SI, but the performance improvement is slightly less pronounced
compared to GPR. Overall, the results suggest that adding SI improves
model accuracy and stability across methods, especially when dealing
with smaller datasets. After establishing the influence of sample size on
model performance, it is important to assess the models' overall
robustness and reliability when utilizing the entire dataset. Therefore, to
provide a comprehensive evaluation beyond sample size effects. To
further assess the effect of the SI on model performance, an 80/20 cross-
validation was applied and repeated over 100 iterations for each ML
model: Random Forest (RF), Gaussian Process Regression (GPR), and
XGBoost. This procedure enabled a comprehensive and consistent
evaluation of predictive accuracy across repeated samples. The results
are summarised in Fig. 5, which presents boxplots of three key perfor-
mance metrics RMSE, R?, MAE for each model, first using only VIs (VIs)
(Fig. 5a, 5c¢, and 5e) and then with the inclusion of SI alongside the VIs
(Fig. 5b, 5d, and 5f).

The inclusion of SI resulted in a consistent improvement in all three-
performance metrics across the models. For RF, the RMSE range nar-
rowed from 0.60 to 0.80 in Fig. 5a to 0.65-0.75 in Fig. 5b, the R? values
increased from 0.60 to 0.80 to 0.65-0.85, and the MAE decreased from
0.50 to 0.70 to 0.55-0.65. In the GPR model, the RMSE range was
reduced from 0.65 to 0.85 in Fig. 5¢ to 0.70-0.80 in Fig. 5d, R? increased
from 0.65 to 0.80 to 0.70-0.85, and MAE improved from 0.52 to 0.70 to
0.55-0.65. Similarly, for XGBoost, the RMSE decreased from 0.68 to
0.85 in Fig. 5e to 0.70-0.80 in Fig. 5f, R? increased from 0.65 to 0.80 to
0.70-0.85, and MAE was reduced from 0.53 to 0.70 to 0.56-0.65.

While the overall variance in the boxplots remains relatively similar
after adding SI, the central tendency clearly shifts, indicating that the
models performed more accurately on average when SI was included
during the 100 repeated runs. These improvements across all three
models and performance metrics reinforce the important role of the SI in
enhancing predictive performance. Incorporating SI alongside tradi-
tional VIs improves both the effectiveness and reliability of yield pre-
diction models, making them more robust across repeated training and
testing cycles.

3.3. Spatial transfer learning of machine learning techniques

Transfer learning is essential for yield prediction, enabling models
trained in one region to be adapted for another with limited data. It
improves accuracy by leveraging existing knowledge and reduces the
need for extensive retraining. In 2023, 32 samples belonged to Western
Australia (WA). Therefore, other areas were used to train ML models.
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Fig. 5. RMSE, R2 and MAE in 100 repetitions for RF, GPR and XGBoost, first using only VIs, and then using both SI and VIs.

The models were then tested in WA, once with SI and once without it.
Fig. 6 compares the relationship between the observed and estimated
yield, first using only VIs (VIs) and then using both SI and VIs.

The performance of the XGBoost model is shown in Figs. 6a and 6b
Using only VIs (Fig. 6a), the model achieves an R? of 0.65, explaining 65
% of the variance in yield, with an RMSE of 0.67. When SI is added
(Fig. 6b), the R? increases to 0.73, and the RMSE drops to 0.58, high-
lighting significant improvements in prediction accuracy and consis-
tency. The reduced scatter in the plot further confirms the positive
impact of SI. For the Gaussian Process Regression (GPR) model, Figs. 6¢
and 6d show the effect of incorporating SI. Without SI (Fig. 6¢), the
model achieves an R? of 0.66 and an RMSE of 0.76, suggesting moderate
predictive power with notable prediction error. However, when SI is
added (Fig. 6d), the R? improves to 0.70, and the RMSE decreases to
0.60, indicating that SI contributes to a more accurate and reliable
prediction. The tighter clustering of data points along the regression line
further supports this improvement. Figs. 6e and 6f illustrate the per-
formance of the Random Forest (RF) model in predicting yield. Using
only VIs (Fig. 6e), the model demonstrates moderate predictive accuracy
with an R? of 0.54, meaning 54 % of the variance in yield is explained by
VIs. The RMSE of 0.77 reflects the average prediction error, indicating
substantial deviations between predicted and actual yield values.
However, when SI is incorporated (Fig. 6f), model performance im-
proves noticeably. The R? increases to 0.68, indicating that 68 % of the
variance is now explained, while the RMSE decreases to 0.64, reflecting

reduced prediction error. The scatter points cluster more closely around
the regression line, indicating improved accuracy when SI is included.

Overall, Fig. 6 clearly demonstrates that the inclusion of SI signifi-
cantly enhances model performance across all techniques. Incorporating
SI consistently leads to higher R? values, indicating better model fit, and
lower RMSE values, reflecting reduced prediction errors. These im-
provements underscore the critical role of SI in reducing prediction
uncertainty and increasing model robustness for yield prediction in
diverse environments. Generally, the highest accuracy using only VIs
(VIs) was achieved by the XGBoost model, with an R? of 0.65 and an
RMSE of 0.67. After incorporating the SI, the highest accuracy was again
observed in the XGBoost model, where the R? increased to 0.73 and the
RMSE decreased to 0.58. Based on these results, R? and RMSE improved
by approximately 12 % and 13 %, respectively

3.4. Dimension reduction of machine learning techniques using SI

The provided graphs in Fig. 7 highlight the significant role of the SIin
improving dimension reduction for yield prediction. When using only
VIs (VIs), the models demand minimum 11 or 12 VIs to reach the Root
Mean Square Error (RMSE) of around 0.83, 0.81 and 0.8 for RF (Fig. 7a),
GPR (Fig. 7b) and XGBoost (Fig. 7c) respectively. Also, there is gradual
decrease in RMSE for all three models suggests that more features are
necessary to achieve accurate predictions, which increases model
complexity and the risk of overfitting.
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both Stress Index and VlIs.

In contrast, when SI was introduced as the initial feature, followed by
the gradual addition of VIs, the RMSE reduced much faster. The models
required only 4 or 5 VIs to reach the minimum RMSE, around 0.73, 0.69
and 0.65 for RF, GPR, XGBoost respectively, not only achieving better
prediction accuracy but also reducing the feature count. This approach
simplifies the model, enhances interpretability, and demonstrates the
efficiency of SI in capturing essential stress-related information that
contributes significantly to yield prediction.

Overall, the graph illustrates that including SI accelerates dimension
reduction and improves model performance. It enables the model to
reach optimal accuracy with fewer features while achieving a lower
RMSE than using VIs alone. This finding emphasizes the importance of
incorporating SI for efficient and effective yield prediction. In this step,
we employed the Sequential Forward Selection (SFS) method for pre-
dicting yield. The first five selected indices across all three methods were
NDGI, CI, NDVI, VARI, and NDRE when the models were run with SI.
Without SI, the models reached the minimum RMSE and the highest R?
using these indices along with EVI, SR, GNDVI, PRI, and MGR. The
difference in selected VIs between models with and without SI is related
to the role of SI in representing crop stress information. When SI is not
used, the models depend only on VIs to describe crop growth and stress
conditions. Because stress information is not directly included, more VIs
are needed to capture these effects, and the feature selection process
chooses a larger number of indices such as EVI, SR, GNDVI, PRI, and
MGR. When SI is included as an input, it already represents important
stress effects caused by environmental conditions. This reduces the need
for many VIs that provide similar stress-related information. As a result,
the feature selection process selects fewer VIs, mainly NDGI, CI, NDVI,
VARI, and NDRE, which describe canopy structure and chlorophyll
status. This explains why different and fewer VIs are selected when SI is
used and why the models achieve better accuracy with lower model
complexity.

4. Discussion
4.1. Overview of the study approach

In this study, we employed three ML methods Random Forest (RF),
Gaussian Process Regression (GPR), and Extreme Gradient Boosting
(XGBoost) to predict wheat yield across five Australian states at field
scale. The models were developed using Sentinel-2 derived VIs (VIs) at
the peak of greenness, and the biophysical variable, a crop SI was
simulated the Oz-Wheat regional crop model during peak of greenness.
Model performance was systematically evaluated across multiple di-
mensions, including correlation analysis, sample size sensitivity, spatial
transfer learning and dimensionality reduction.

4.2. Effectiveness of SI on small sample sizes

The results presented in Table 2 and Fig. 4 demonstrate that SI plays
a crucial role in improving model reliability when training data is
limited. For instance, with only 30 samples, GPR’s R? increased from
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0.14 (VIs only) to 0.39 with SI included. XGBoost and RF models simi-
larly exhibited considerable improvements in R? and reductions in RMSE
at small sample sizes. The steady decrease in RMSE as the sample size
increased (Fig. 4) highlights that while larger datasets naturally improve
model performance, SI substantially strengthens prediction accuracy
even with minimal training samples, enabling faster and more efficient
modelling under data-scarce conditions. Based on Vabalas et al. [29],
achieving high model accuracy with limited data in ML techniques is
valuable, especially in high-dimensional settings where data collection
is costly [29]. These improvements indicate that SI stabilizes model
behavior, resulting in more reliable and consistent yield predictions
across repeated training and testing cycles. Working model with limited
size of data.

4.3. Impact of SI on model performance

The inclusion of SI significantly improved model accuracy across all
ML techniques. As shown in Table 2, for XGBoost, the coefficient of
determination (R?) increased from 0.65 to 0.73, and RMSE decreased
from 0.67 to 0.58 after SI integration. Similar improvements were
observed for GPR (R? increased from 0.66 to 0.70, RMSE decreased from
0.76 to 0.60) and RF (R? increased from 0.54 to 0.68, RMSE decreased
from 0.77 to 0.64). Scatter plots in Fig. 5 further confirm the improve-
ment in prediction accuracy with the addition of SI across all models,
emphasizing SI's effectiveness in enhancing overall model performance.
To assess whether incorporating SI improves model performance, we use
a paired t-test to compare the RMSE values of models with and without
SI. The t-test evaluates whether the mean RMSE of the two models differs
significantly. The null hypothesis (Hyp) assumes that there is no differ-
ence in RMSE, while the alternative hypothesis (H;) states that the
RMSE of the model with SI is significantly lower. The assumptions of the
t-test include normality of differences, independence of observations,
and equal variance when using a standard t-test. Given that both models
are trained on the same dataset, a paired t-test is appropriate for this
comparison. The results of the t-test for each method confirm a statis-
tically significant improvement when SI is added. For Random Forest
(RF), the t-statistic is 12, with a p-value of 0.00, indicating a strong
reduction in RMSE. XGBoost shows an even greater improvement, with a
t-statistic of 17 and a p-value of 0.00, suggesting that SI significantly
enhances the model’s predictive ability. Gaussian Process Regression
(GPR) also benefits from SI, with a t-statistic of 14 and a p-value of 0.00,
reinforcing the conclusion that adding SI consistently improves perfor-
mance across models. Among the three methods, XGBoost exhibits the
most significant improvement based on the highest t-statistic of 17,
suggesting that SI has the greatest impact on reducing RMSE in this
model. This means that, compared to RF and GPR, XGBoost benefits the
most from incorporating SI, leading to the lowest error and more ac-
curate yield predictions. These findings strongly support the inclusion of
SI in predictive modeling, demonstrating its role in enhancing model
precision and reliability. The observed improvement in model perfor-
mance with the inclusion of the SI can be attributed to its ability to
capture cumulative environmental stressors such as drought, heat, and
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radiation that directly affect crop physiological processes but are not
fully represented by VIs alone [12,32]. Unlike VIs, which provide
snapshot views of canopy greenness or structure at specific time points,
SI integrates stress conditions over critical phenological stages, offering
a more comprehensive representation of yield-limiting factors [77].

4.4. Contribution of SI to spatial transfer learning

Spatial transfer learning assessments illustrated in Fig. 6 highlight
the critical role of SI in enhancing model generalizability across regions.
When models trained on multiple regions were applied to an indepen-
dent region (Western Australia), the inclusion of SI consistently
improved outcomes. For example, in XGBoost, R? increased from 0.65 to
0.73 and RMSE dropped from 0.67 to 0.58. Similar improvements were
observed for GPR and RF models. These results confirm that SI captures
stress-related environmental variability that VIs alone may not fully
account for, leading to more robust yield predictions under different
agro-climatic conditions. Recent studies have shown that incorporating
such stress indicators or climate-based variables enhances model
robustness and predictive performance across varying climatic zones
[77,78]. Additionally, transfer learning techniques that include envi-
ronmental variability can help address data scarcity issues in
under-sampled regions [79] and support generalizable crop monitoring
frameworks [80].

4.5. Effect of SI on dimensionality reduction and feature efficiency

As demonstrated in Fig. 7, the SI significantly enhances yield pre-
diction by improving dimensionality reduction and model stability.
With ST included, the number of features required to reach optimal Root
Mean Square Error (RMSE) decreased from around 11 to just 5 or 6
indices, substantially minimizing model complexity, reducing compu-
tational costs, and lowering the risk of overfitting while maintaining or
improving predictive accuracy. This enables models to generalize better
across regions, even when trained with limited sample sizes. Addition-
ally, SI played a crucial role in reducing variance, bias, and uncertainty,
as reflected in more stable RMSE, consistently higher R? and lower
Mean Absolute Error (MAE) across 100 iterations. Fig. 8 further illus-
trates SI’s independent contribution to model inputs: the correlation
between SI and wheat yield reached R? = 0.42 (P < 0.05), highlighting
SI's strength as a standalone predictor (Fig. 8a). Meanwhile, SI showed
moderate but distinct correlations with VIs (VIs) at the peak of green-
ness, ranging from 0.52 with SR to 0.61 with NDMI, respectively, indi-
cating that SI captures unique environmental stress information not fully
represented by spectral indices alone. The Principal Component Analysis
(PCA) biplot (Fig. 8b) confirmed that SI and VIs are distributed across
separate principal components (PC1 and PC2), which together explain
79 % of the variance, reinforcing the idea that SI adds a new, indepen-
dent dimension to the feature space. Overall, by introducing biophysical
stress information, SI enriches ML models, enabling more efficient,
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faster, and more spatially transferable wheat yield predictions.

Adding the SI to yield prediction models brings in an important
environmental factor from the GEM framework [81].Unlike VIs (VIs),
which mainly show how green or healthy the crop looks at a certain
time, SI shows the total effect of stress like heat, drought, and sunlight on
the crop during key growth stages [82]. SI is made using weather data
from ground stations and helps measure how bad conditions affect the
plant’s growth and yield in ways that satellite images can’t always show
[83,84]. This means SI gives extra, useful information that VIs might
miss. Including SI makes models stronger, simpler, and better at working
in different places. By adding this real stress information, SI helps ML
models predict crop yield more accurately, even when growing condi-
tions change.

4.6. Utility and broader importance of this research

Beyond predictive improvements, this study provides a new meth-
odological framework for remote sensing-based agricultural monitoring.
As shown in the correlation matrix (Fig. 3), VIs displayed moderate to
strong correlations with wheat yield, while SI exhibited a somewhat
lower correlation individually. However, the low internal correlation
between SI and VIs (R? range 0.11-0.24) confirms that SI offers largely
independent information. When SI was added, as demonstrated in Fig. 6,
the number of features required to reach optimal RMSE dropped from 11
to 12 VIs to just 4-5 indices enhancing model simplicity and reducing
computational cost. Importantly, the spatial transfer learning results
(Fig. 5) highlighted that SI substantially improved model adaptability
across regions. These findings are consistent with recent research
demonstrating that combining spectral and biophysical variables im-
proves model interpretability, reduces input dimensionality, and en-
hances spatial transferability in yield forecasting systems [77,85,86].
This study, therefore, introduces a scalable, efficient, and transferable
approach to crop yield prediction, advancing the use of remote sensing
and ML in precision agriculture and large-scale food security
forecasting.

5. Conclusion

This study evaluated the predictive performance of three ML models
Random Forest (RF), Gaussian Process Regression (GPR), and Extreme
Gradient Boosting (XGBoost) for estimating wheat yield across 380
Australian fields using VIs (VIs), with and without a functionally derived
biophysical SI. Model performance was assessed across varying sample
sizes, input dimensionalities, and spatial contexts.

Incorporating the SI led to consistent and significant improvements
in model accuracy across all algorithms. Notably, R? increased from 0.65
to 0.73 for XGBoost, from 0.66 to 0.70 for GPR, and from 0.54 to 0.68 for
RF. These improvements underscore the value of embedding biophysical
crop stress responses in data-driven frameworks, yielding nearly a
threefold increase in explanatory power for RF in particular.
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Furthermore, SI integration reduced input feature dimensionality by
one-third and improved spatial transferability by approximately 12 %.

These gains were especially pronounced under data-limited condi-
tions, where SI enhanced model robustness, predictive power, and
generalizability. Across all tested scenarios, models incorporating SI
consistently outperformed those using VIs alone, demonstrating the
importance of physiologically meaningful inputs in improving learning
efficiency.

Ultimately, this study highlights the limitations of black-box ML
approaches in agricultural modelling and demonstrates the critical role
of incorporating targeted, functional biophysical indicators such as
stress indices to strengthen model interpretability, accuracy, and
transferability across complex agro-ecological systems.
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