Computers and Electronics in Agriculture 227 (2024) 109603

e 4

ELSEVIER

Computers and Electronics in Agriculture

journal homepage: www.elsevier.com/locate/compag

Contents lists available at ScienceDirect

mputers
and electronics
in agriculture

Check for

Upscaling and downscaling approaches for early season rice yield e
prediction using Sentinel-2 and machine learning for precision

nitrogen fertilisation

Giorgio Impollonia , Michele Croci, Stefano Amaducci

Department of Sustainable Crop Production, Universita Cattolica del Sacro Cuore, Piacenza 29122, Italy
Remote Sensing and Spatial Analysis Research Center (CRAST), Universita Cattolica del Sacro Cuore, 29122 Piacenza, Italy

ARTICLE INFO

Keywords:

Precision agriculture
Within-field variability
Satellite

Yield prediction
Transferability

ABSTRACT

Early season yield prediction could support rice farmers in adopting precision agriculture for nitrogen fertil-
isation management. Remote sensing and machine learning (ML) can be used to predict and map crop yield
during phenological stages relevant to nitrogen application, like tillering in rice, at both within-field and field
scales. This study evaluated the transferability of ML models in early season yield prediction through upscaling
and downscaling approaches. The effects of two prediction times (tillering and ripening stages) and training/
testing set sizes on ML models performance were evaluated over five rice growing seasons (from 2018 to 2022) in
northern Italy, using whole-field-average yields and yield maps. Vegetation indices from Sentinel-2 imagery
using the Google Earth Engine platform fed five ML algorithms (Cubist-CUB, Gaussian Process Regression-GPR,
Neural Network-NNET, Random Forest-RF, and Support Vector Machines-SVM). ML algorithms were trained
with yield maps and tested with whole-field-average yields to obtain a downscaling approach, while the opposite
was done to obtain an upscaling approach. The downscaling approach showed higher accuracy than upscaling
approach. Ripening stage predictions were more accurate than tillering stages, although the downscaling
approach showed small differences between tillering and ripening stages. The highest tillering stage accuracy
was achieved by SVM for both downscaling and upscaling approaches with 20 % and 27.8 % of Normalized Root
Mean Square Error (NRMSE), and 0.99 and 0.99 of Simple Additive Weighting (SAW) score, respectively. Set size
and data distribution effected ML models accuracy, with the highest performance achieved by RF and GPR with
0.80 and 1.00 of SAW score for the downscaling and upscaling approaches, respectively. This study demonstrated
how ML models and downscaling approach could support rice farmers to calculate the nitrogen dose using the
predicted yield at the tillering stage, enabling them to apply a site-specific nitrogen fertilisation based on the
within-field yield prediction variability.

1. Introduction

The north-west of Italy area, which is the largest area for rice production
in Italy and in Europe (Arcieri and Ghinassi, 2020), is considered a

Agricultural production must keep pace with the ever-increasing
global demand for food to ensure food security in the future (Gerten
et al., 2020; van Dijk et al., 2021). The potential impact of climate
change on future crop yields is a major concern for society (Jagermeyr
et al., 2021). Climate change yield effects are well documented in
several field crops (Asseng et al., 2013; Bassu et al., 2021; Cammarano
et al., 2021, 2019; Guarin et al., 2022; Hasegawa et al., 2022; Liu et al.,
2019; Yu et al., 2022). Future climate projections indicate that Medi-
terranean countries will become drier and hotter, potentially leading to
severe yield reductions (Cammarano et al., 2019; Senapati et al., 2019).
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hotspot regarding climate change. Indeed, drought has particularly
affected it in recent years (Caloiero et al., 2021), leading to rice yields
falling by more than 30 % (Coldiretti, 2022). In fact, rice fields will be
the agricultural system most affected by climate change in northern Italy
(Straffelini and Tarolli, 2023).

Agricultural systems contribute to human-induced global warming,
and reducing emissions from agriculture can be an important part of
climate change mitigation (Lynch et al., 2021). In response to climate
change’s impact, advanced agricultural technologies have been adopted
as a global trend (Lybbert and Sumner, 2012). Precision agriculture has
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been identified as an effective way to mitigate the impact of agricultural
systems on the environment (Roy et al., 2020). Precision agriculture
uses advanced technologies such as satellite imagery and yield maps to
monitor and predict crop yields, providing key information to improve
agricultural management efficiency in decision-support systems
(Bacenetti et al., 2020; Veerakachen and Raksapatcharawong, 2020).
Spatio-temporal mapping of yield prediction is important for precision
agriculture adoption, which aims at within-field variability manage-
ment (Bouma, 2007). A reliable and early season yield prediction can
help farmers to adopt suitable measures to improve crop yield through
optimising agricultural inputs management (Jeong et al., 2022). For
example, an early season rice yield prediction is important to support the
farmers for topdressing nitrogen fertilisation dose calculation during the
tillering and stem elongation phenological stages (Zhang et al., 2019). At
the same time, a yield prediction at the end of the growing season is
important to retrieve historical yield maps to evaluate the spatio-
temporal yield variability and stability of crop fields (Adhikari et al.,
2023; Maestrini and Basso, 2021). Yield prediction information is also
essential for the agricultural food chain (e.g., individual producers,
processing industries and regional authorities) and for supporting na-
tional and international food security policies (Kasampalis et al., 2018).

Remote sensing is a technology widely used for yield prediction both
at a regional scale (Meroni et al., 2021; Stepanov et al., 2020) and at
within-field variability (Croci et al., 2022b; Kayad et al., 2019). Satellite
remote sensing (e.g., Sentinel-2) enables the acquisition of spectral in-
formation useful to derive vegetation indices (VIs) that are linked with
crop yield traits such as leaf area index (Croci et al., 2022a). Several
studies have used satellite imagery for the development of regional and
field-scale rice monitoring systems (Busetto et al., 2017; Granell et al.,
2017; Nutini et al., 2021; Ranghetti and Boschetti, 2022) and yield
prediction (Ali et al., 2022; Basso and Liu, 2019; Liu et al., 2022).

Machine learning (ML) regression is a statistical method recognising
nonlinear and nonparametric relationships between predictor and
dependent variables. ML is widely used for rice yield prediction (Cao
et al., 2021b; Lingwal et al., 2022; van Klompenburg et al., 2020) and
several ML algorithms have been used such as random forest
(Choudhary et al., 2022; Li et al., 2021), support vector machines (Son
etal., 2020), gaussian process regression (Duque et al., 2023) and neural
networks (Son et al., 2022). To achieve reliable and accurate yield
predictions, it is crucial to have high-quality yield data for ML models.
Data sources used for remotely sensed yield prediction are typically
district-average and whole-field-average or yield maps, which are
valuable for mapping spatio-temporal within-field yield variability
(Whelan and Taylor, 2013). However, the transferability of ML models is
one of the main limitations of their applications, which is often related to
the size of the training set and the range of values of the parameters
present in the training set (Impollonia et al., 2022b). In this context, no
studies evaluated the ML transferability to predict crop yields using
different data sources, like whole-field-average and yield maps, to train
and test the ML models. This evaluation is interesting for upscaling and
downscaling approaches using ML models for yield prediction for pre-
cision agriculture applications. For example, a yield prediction using
upscaling approach could be used in the rice fields with low within-field
variability, while downscaling approach could be used in rice fields with
high within-field variability for site-specific nitrogen fertilisation
application or for yield mapping in order to delineate yield stability
zones using multi-year data. The evaluation and comparison of down-
scaling and upscaling approaches for yield prediction has not been
addressed in other studies. However, it is a topic of great interest that
needs to be investigated and explored in depth.

The main objective of this work was to obtain an early season pre-
diction and to map the spatio-temporal rice yield using ML algorithms
and remote sensing data, and to use the predicted yield to calculate the
nitrogen dose to be applied in rice fields for precision and site-specific
nitrogen fertilisation. Particular emphasis was placed on: i) evaluating
the transferability of ML models in upscaling and downscaling
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approaches using two sources of yield data collected over three and five
growing seasons, respectively of yield maps and of whole-field-average
yields, ii) evaluating the effects of training and testing size on ML models
performances, and iii) identifying the most suited ML algorithm for
application purposes. Findings from this work could support rice farmers
to adopt precision agriculture techniques for nitrogen fertilisation
management.

2. Materials and methods

The workflow for rice yield prediction is based on three main steps
including data pre-processing, data analysis, and data evaluation
(Fig. 1). The data pre-processing step included yield data preparation,
rice phenology estimation, and the calculation of vegetation indices
(VIs). The data analysis step included machine learning modelling and
validation. Finally, the data evaluation step included the calculation of
model performance metrics.

2.1. Study area and data sources

The study area is located in northern Italy, in the province of Pavia,
where rice production is highly specialised and concentrated. This area
is characterised by loam and sandy-loam soil texture with neutral pH,
and it has a temperate subcontinental climate (Kottek et al., 2006).

Twenty Italian rice cultivars, including 5 early, 8 intermediate and 7
late maturity types, were cultivated in the monitored fields. The rice
fields were sown between 11 April and 25 May and were harvested
between 09 September and 08 November over five growing seasons
from 2018 to 2022. Rice fields information are reported in supplemen-
tary material Table S1.

Yield data were collected from 116 rice fields during five growing
seasons, from 2018 to 2022. The area of the rice fields ranged from 0.51
ha to 9.31 ha, with an average of 3.55 ha. 238 whole-field-average yields
were collected during the monitoring period and in particular 15, 5, 61,
77, and 80 yield data in 2018, 2019, 2020, 2021, and 2022 respectively
(Fig. 2a). In addition, 70 yield maps were collected in 30 monitored
fields using a GPS-equipped harvester, with 29, 24, and 17 yield maps in
2020, 2021, and 2022 respectively. Outliers were removed from the raw
data of yield maps using the 1° and 99° percentiles of yield and based on
the speed and swath width of machinery. Yield maps values were
aggregated using the 20 m x 20 m grid of Sentinel-2 (Fig. 2¢). A 20 m
buffer was applied inside the field boundaries to avoid edge effects. After
this step, the total number of Sentinel-2 pixels, within the yield map
fields, was 3674. The average yield map data for each pixel was then
calculated and 3674 yield data for yield maps source were obtained. The
yield maps and whole-field-average yields data were converted to 14 %
of moisture content and their distributions are reported in Fig. 2b and
Fig. 2d. Details of the yield distribution between years are reported in
supplementary material Table S2.

2.2. Weather data and phenological stage estimation

Weather data were downloaded from the meteorological station of
the ARPA network (https://www.arpalombardia.it/) and are reported in
supplementary material Table S3. The growing seasons considered in
this study were characterised by large variations in temperature and
rainfall; for example, 2022 had exceptionally low rainfall.

Weather data were used to estimate rice phenology. Phenological
stages were expressed as thermal time, by estimating cumulative
growing degree days (GDD, Y °C day™!) from sowing to maturity as
reported by Mongiano et al. (2020). Cumulative GDD were determined
based on the daily average air temperature (T, °C) according to Weikai
and Hunt (1999) as follows:


https://www.arpalombardia.it/
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Fig. 1. The workflow of the study consisted of three main steps: data pre-processing, data analysis and data evaluation.
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where T, Topr, and Tigx are the minimum, optimum, and maximum
cardinal temperatures (°C) for rice (sub-species japonica) development
(Sanchez et al. (2014).The minimum, optimum, and maximum tem-
peratures used were 13.5 °C, 28 °C, 36 °C from sowing to flowering and
20.7 °C, 24.2 °C, 31.3 °C from flowering to maturity, according to
Sanchez et al. (2014). The cumulative GDD were divided into eight
classes ranging from 0 to 1280 with intervals of 160 (3" °C day1). To
determine the phenological stage of each cumulative GDD class, the days
after sowing were calculated and compared with the days after sowing
of the main phenological stages of rice (Fig. 3). Stem elongation is a
crucial stage for nitrogen fertilisation in rice. Implementing precision
agriculture techniques, through a proactive and early season yield pre-
diction at tillering stage, i.e. before the onset of stem elongation stage, is
fundamental to support the rice farmers for nitrogen fertilisation man-
agement. In this study, the cumulative GDD class between 480 and 640
(3 °C day 1) was identified as a suitable cumulative GDD class for yield

T
Topt

Toax — T

Tmux -

GDD = (Tope — Tin) %

opt

prediction at the tillering stage, which is sufficiently early for precision
nitrogen fertilisation application.

2.3. Sentinel-2 data processing

Spectral information of rice fields were acquired using the cloud-
based computing platform Google Earth Engine (GEE, Gorelick et al.,
2017). Copernicus Sentinel-2 A and B satellite image processing and
vegetation indices (VIs) calculation were performed using GEE ‘eemont’
module (Montero, 2021) and the ‘awesome-spectral-indices’ Python li-
brary for GEE (Montero et al., 2023). Sentinel-2 spectral bands were
resampled at 20 m and six VIs were calculated: Blue Normalized Dif-
ference Vegetation Index (BNDVI, Wang et al., 2007), Green Normalized
Difference Vegetation Index (GNDVI, Gitelson et al., 1996), Modified
Normalized Difference Vegetation Index (MNDVI, Jurgens, 1997),
Normalized Difference Moisture Index (NDMI, Wilson and Sader, 2002),
Normalized Difference Red-Edge Index (NDREI, Gitelson and Merzlyak,
1994), and Normalized Difference Vegetation Index (NDVI, Rouse et al.,
1974). The formulas used to calculate these VIs are reported in Table S4.
These VIs have been widely used for yield prediction (Schauberger et al.,
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Fig. 2. Locations (a) and distributions (b) of the whole-field-average yields (Mg/ha). Locations (c) and distributions (d) of yield maps (Mg/ha) based on 20 m x 20 m

Sentinel-2 grid.

2020). In the first step, all the available Sentinel-2 images (i.e. from 0 %
to 100 % of cloud cover) between the dates of rice sowing and har-
vesting, during the five monitored growing seasons (2018, 2019, 2020,
2021, and 2022), were considered. In the second step, the VIs’ time
series were downloaded and subsequently filtered using the mean scene
classification values between four and five (with decimal values also
taken into account due to averaging). This approach enabled the
extraction of clean VIs data without cloud interference, whereas using a
specific cloud cover value as a filter could have resulted in the loss of
some VIs data from certain rice fields. The VIs’ time series were down-
loaded in two different approaches. The first approach consisted in
downloading the mean value of the VIs’ time series using the 20 m x 20
m Sentinel-2 grid used for the aggregation of the yield maps, while the
second approach is based on the extraction of the mean value of the VIs’
time series using the boundaries of the monitored fields. Stineman
interpolation (Stineman, 1980)was used to reconstruct the daily time
series of each VI. This method is particularly effective in preserving the
integrity of observed trends in the time series, as it constrains interpo-
lated values within the range of existing observations, ensuring align-
ment with the dataset’s underlying trends (Vance et al., 2022).
Furthermore, studies have demonstrated that Stineman interpolation is
highly accurate and precise for imputing missing values (Demirhan and
Renwick, 2018; Moknatian and Piasecki, 2019). After interpolation, the
average value of the six vegetation indices (BNDVI, GNDVI, MNDVI,
NDMI, NDREI, and NDVI) was calculated for each of the eight cumula-
tive GDD classes evaluated in this study, as shown in Fig. 4.

2.4. Machine learning workflow

2.4.1. Prediction time and machine learning algorithms

Yield prediction was computed at two different times of the growing
season: an early season prediction at tillering stage and a late prediction
at ripening stage. Yield prediction at the ripening stage, i.e. at the end of
the rice growing season, is used to evaluate the accuracy and perfor-
mance of yield prediction models developed at the tillering stage, i.e.
approximately 60 days after rice sowing. The yield prediction models
used the six VIs generated from the start of the season until the cumu-
lative GDD class used for the prediction, i.e. 480-640 cumulative GDD
class for tillering stage and 1120-1280 cumulative GDD class for
ripening stage. Machine learning (ML) regression algorithms were used
for rice yield prediction. Five ML algorithms were selected and
compared: cubist (CUB, Quinlan, 1992), gaussian process regression
(GPR, Williams, 1998), single-layer perceptron feedforward neural
networks (NNET, Murtagh, 1991), random forest (RF, Breiman, 2001),
and support vector regression with radial basis function kernels (SVM,
Vapnik, 1998). The algorithms were implemented using the R package
‘caret’ (Kuhn, 2008).

2.4.2. Downscaling and upscaling approaches configuration

Downscaling and upscaling approaches were evaluated using two
yield datasets: yield maps and whole-field-average yields. To obtain
downscaling approach ML algorithms were trained with whole-field-
average yields (238 data) and tested with yield maps (3674 data),
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while the opposite was done to obtain upscaling approach. In addition,
to evaluate the effect of training and testing size on early season yield
prediction two different set sizes were compared: the full set size (as
mentioned previously) and the partial set size. The partial set size
included the 238 data of whole-field-average yields and only 238 data of
yield maps, which were selected based on the size and distribution of the
whole-field-average yields data. These selected data were used as a
testing set for the downscaling approach and as a training set for the
upscaling approach. Hyper-parameters optimisation was obtained by a
grid-searching method using a k fold cross-validation strategy with five
folds in order to accurately evaluate the performance of each ML algo-
rithm and to avoid the overfitting issues (Arlot and Celisse, 2010; Picard
and Cook, 1984). A description of the hyper-parameters used for each
ML algorithm is reported in Table S5.

2.4.3. Benchmark models configuration

Downscaling and upscaling approaches performances were
compared with benchmark models, using data of whole-field-average
yields for upscaling approach and of yield maps for downscaling
approach. Two types of benchmark models were evaluated: null models
and machine learning models. Null models are naive models where the
yield prediction in this study was calculated as the average of measured
data of whole-field-average yields and yield maps for evaluating
upscaling and downscaling approaches, respectively. In addition, each
ML algorithm was used as a benchmark model, splitting each whole-
field-average yields and yield maps dataset into the training and
testing set of the machine learning model. This procedure aimed to
compare the performance of machine learning models trained and tested
with a single yield source dataset, i.e. whole-field-average yields for the
upscaling approach and yield maps for the downscaling approach. For
the machine learning benchmark models, a nested leave-one-fold-out
cross-validation strategy was adopted. This cross-validation strategy
required splitting the data into an outer and inner cross-validation loop.
In the outer cross-validation loop, the two datasets (i.e. whole-field-
average yields and yield maps) were partitioned into non-overlapping
folds and data from one-fold of the n available fold (n = 5) were held
out. The remaining n-1 folds were used in an inner cross-validation loop.
In the inner cross-validation loop, hyper-parameters optimisation was
done using a k-fold cross-validation strategy with five folds. Following

this approach, n different models were trained, one for each of the n
outer loop folds, and all data were used for both calibration and
validation.

2.5. Model evaluation

2.5.1. Performance metrics

Machine learning models were evaluated using four different per-
formance metrics: the bias, the coefficient of determination (Rz), the
normalised root mean square error (NRMSE), and the modelling effi-
ciency (EF). Bias was calculated as the mean difference between
measured and predicted values. Bias values close to 0 indicate that the
model performs well. A positive bias indicates an under-prediction of the
model, and a negative bias indicates an overprediction. R? values,
ranging from O to 1, indicate the prediction performance of the models,
with greater predictive accuracy at higher values. NRMSE was calcu-
lated using the average of the measured values to normalise the RMSE.
Lower NRMSE values indicate high model performance, i.e. less differ-
ence between measured and predicted values. EF is a unitless measure
that directly compares predictions with observed data (Pulina et al.,
2022). An EF value of 0 means that the evaluated model achieved the
same performance as a simple average of the measured data, while an EF
value of 1 means a perfect match of measured and predicted values. If
the EF value is less than 0, the predicted values are worse than simply
using the measured average. In particular, for the ML benchmark
models, the average of the performance metrics (bias, R?, NRMSE, and
EF) was calculated from the performance metrics obtained from each
fold in the outer cross-validation loop (i.e. five folds).

2.5.2. Normalisation of performance metrics

Relative changes in models performances were analysed using a
min-max normalisation procedure reported by Feng et al. (2020), to
compare the downscaling and upscaling approaches with the corre-
sponding ML benchmark models. Following this procedure, the R? and
the NRMSE were normalised using the min-max values obtained at
tillering and at ripening stages from the five ML algorithms of the
benchmark models; they were referred to as nR? and nNRMSE,
respectively.
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2.5.3. Simple Additive Weighting method for Multi-Criteria decision
analysis

To determine the suited ML algorithm for both downscaling and
upscaling approaches for early season yield prediction applications, a
Multi-Criteria Decision Analysis (MCDA) was performed using the
Simple Additive Weighting (SAW) method (Churchman and Ackoff,
1954). The SAW method was used because of its simplicity. It is a multi-
criteria procedure based on a weighted summation of rating the per-
formance of each alternative on all alternative criteria. The best and
recommended alternative is the one with the highest score. Four criteria
were considered based on the performance metrics evaluated, i.e. the
bias, the R%, NRMSE, and EF, while the five ML algorithms were
considered as alternatives. SAW requires a comparable scale for all el-
ements in the decision matrix (Maimoun et al., 2016). The criteria, i.e.

the performance metric values, were normalised from O to 1, repre-
senting the worst and best performance, respectively. The weight used in
the SAW procedure was 0.25 (i.e. 1/4 where 4 is the number of criteria
considered) and the same for each criterion.

3. Results
3.1. Performances of downscaling and upscaling approaches

The normalised R? (nR%) and NRMSE (nNRMSE) values calculated by
five machine learning (ML) algorithms (i.e. CUB, GPR, NNET, RF, and
SVM) at two prediction times (i.e. tillering and ripening stages) are
shown in Fig. 5 to compare the yield prediction accuracy between the
downscaling and upscaling approaches with the corresponding ML
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Fig. 5. Comparison of the downscaling and upscaling approaches performance by the distribution of the normalised values of NRMSE (nNRMSE) and R? (nR?)
obtained from five machine learning (ML) models (CUB, GPR, NNET, RF, and SVM) at the tillering and ripening stages. Yield maps and whole-field-average yields
were considered ML benchmark models for downscaling and upscaling approaches, respectively.

benchmark models. Both the downscaling and upscaling approaches
achieved lower accuracy compared to the related ML benchmark models
(i.e. yield maps for the downscaling approach and whole-field-average
yields for the upscaling approach, see Fig. 5); in fact, the downscaling
and upscaling approaches showed the median of nR? lower than ML
benchmark models and the median of nNRMSE higher than ML bench-
mark models (Fig. 5). In terms of approach comparison, the downscaling
approach achieved similar accuracy to ML benchmark models (i.e. yield
maps). In contrast, the accuracy of the upscaling approach showed a
substantial decrease compared to ML benchmark models (i.e. whole-
field-average yields).

3.2. Machine learning models prediction performances at tillering and
ripening stages

The performance metrics of the ML models for the downscaling and
upscaling approaches at the tillering and ripening stages are shown in
Fig. 6 and in supplementary material Table S6. In general, the down-
scaling approach performed better than the upscaling approach, and for
both approaches, the highest accuracy was achieved at the ripening
stage compared to the tillering stage. The downscaling approach at
tillering stage showed higher accuracy than upscaling in all ML models
evaluated, and it showed less difference in accuracy between tillering
and ripening stage than upscaling approach. For NRMSE (%), except for
NNET at the tillering stage, all ML models performed better than the null
model used as a benchmark model, represented by the dashed line and
coloured according to the approaches (Fig. 6). For bias (Mg ha™'), the
null benchmark model generally performed better than the ML models;
except for the RF and SVM downscaling approach at tillering stage, the
CUB and SVM upscaling approach at tillering stage, and the GPR and RF
upscaling approach at ripening stage. In general, at tillering stage, the
highest prediction performance was achieved by the SVM model, for
both downscaling and upscaling approaches. For the downscaling
approach at the tillering stage, the SVM model achieved the highest
accuracy for all the performance metrics, with 20 % of NRMSE, 0.56 of
Rz, 0.53 of EF, and —0.01 of bias (Mg ha_l), while the CUB model
achieved the lowest accuracy for all the performance metrics, with 23.8
% of NRMSE, 0.49 of R%, 0.33 of EF, and —0.62 of bias (Mg ha™1). For the

upscaling approach at the tillering stage, the SVM model achieved the
highest accuracy for NRMSE, EF, and bias with 27.8 %, 0.22, and —0.04
(Mg ha™!) respectively, while the NNET model achieved the lowest ac-
curacy for NRMSE, R? and EF with 32.1 %, 0.12, and —0.05, respec-
tively. The performance of the ML models at the tillering stage was as
reliable as at the ripening stage, so further analysis shows only the ML
performance at the tillering stage.

3.3. Validation of machine learning models for early season yield
prediction

The validation of the machine learning (ML) models at the tillering
stage for early yield prediction is shown in Fig. 7 both for the down-
scaling approach and for the upscaling approach. The figure showed the
residuals (Mg ha™1) of each ML model, and the distribution of the
measured yield (i.e. the black line) and the predicted yield from each ML
model. For the downscaling approach, when the measured yield was
above 8 Mg ha™!, the GPR, NNET and SVM models predicted the yield
well. The CUB model overpredicted yield when the measured yield was
above 10 Mg ha™! and underpredicted yield when the measured yield
was between 7 Mg ha™! and 10 Mg ha!, while the opposite was ob-
tained by the RF model. When the measured yield was below 5 Mg ha™?,
the ML models SVM and CUB predicted better than GPR, NNET and RF
because they cannot predict the yield below 4 Mg ha!. For the
upscaling approach, the ML models underpredicted yield when the
measured yield was above 10 Mg ha™! and below 6 Mg ha™!, whereas
they overpredicted yield when the measured yield was between 8 Mg
ha ! and 10 Mg ha™ .

3.4. Effects of training and testing set size on early season yield prediction
of machine learning models

The performance metrics of the ML models at the tillering stage both
for both downscaling and upscaling approaches using the full set of
measured yields (i.e. 238 whole-field-average yields data and 3674 yield
maps data) were compared with the performances of ML models using
only 238 data of yields (i.e. the full whole-field-average yields dataset
and 238 data of yield maps selected based on the whole-field-average
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upscaling approach and of yield maps for the downscaling approach.

yields distribution). The results of this comparison are shown in Table 1.
For the downscaling approach, a decrease in the performance of the ML
models was observed when the testing set size was at 238 data, except
for the EF values of the GPR and NNET models and for the R values of
the GPR, NNET, and RF models. For the upscaling approach, an increase
in the performance of the ML models was observed when the training set
size was at 238 data, except for the bias values of the CUB and SVM
models.

To evaluate the effect of training and testing set size on the perfor-
mance of ML models, the score of the Simple Additive Weighting (SAW)
method are also reported in Table 1. The SAW score showed that the
SVM model achieved the highest values with the full set size for both the
downscaling and upscaling approaches, while the highest values with
the 238 data set size for training and testing were achieved by NNET and
RF for the downscaling approach and by GPR for the upscaling
approach. For the downscaling approach, the SAW score decreased from
0.99 to 0.53 for SVM while it increased from 0.70 and 0.76 to 0.80 and
0.80 for NNET and RF, respectively. In particular, the SAW score of the
RF showed a more stable in the set size comparison. For the upscaling
approach, the SAW score decreased from 0.99 to 0.68 for SVM while it
increased from 0.78 to 1.00 0 for GPR, which showed a more stable in
the set size comparison.

3.5. Early season yield prediction maps

The two more stable ML algorithms, RF for the downscaling
approach and GPR for the upscaling approach, were used to map the
residuals of the ML models in the years 2020, 2021 and 2022. The RF
residuals maps for the downscaling approach are shown in Fig. 8 and the
GPR residuals maps for the upscaling approach are shown in Fig. 9. The
ML models underpredicted the yield in 2020 and 2021, but the residuals
were close to 0, for both the downscaling and upscaling approaches. The
ML models overpredicted the yield in 2022 and the residuals were far
from 0, for both downscaling and upscaling approaches.

4. Discussion

4.1. Early season yield prediction for precision nitrogen fertilisation
application

A proactive approach to early season yield prediction is fundamental
for the application of precision agriculture techniques such as site-
specific nitrogen fertilisation. However, early rice yield prediction is a
challenging and notoriously difficult task (Desloires et al., 2023). The
proposed ML-based yield prediction at the tillering stage, using down-
scaling and upscaling approaches, could support rice farmers to pre-
cisely manage nitrogen use.
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4.1.1. Tillering and ripening stages prediction times

In rice farming, predicting yield during the tillering stage is crucial
for applying the correct amount of nitrogen fertilizer. This ensures a
high yield and precision fertilization. In this study, rice yield prediction
at tillering stage was compared with that at ripening stages. The per-
formances of five machine learning (ML) models demonstrated that
highest accuracy is obtained at the ripening stage than at the tillering
stage. An increase in ML performance from vegetative growth stages to
reproductive stages for yield prediction is reported in previous studies,
such as Croci et al. (2022b) where the same ML algorithms evaluated in
this study achieved the highest performance at the reproductive stage in
maize. Similar results were obtained by Li et al. (2021) in rice, where the
accuracy of the RF models increased from tillering, with an average of
0.71 of r (i.e. 0.50 of R?), to ripening stages, with an average of 0.79 of r
(i.e. 0.62 of R?), for early, mid and late rice. The results obtained by Li
etal. (2021) were similar to those obtained in this study, where the R%at
tillering and ripening stages were 0.56 and 0.81, respectively, using the
SVM algorithm. The rice phenological stages after the tillering stage are
fundamental to determine the numbers of panicles that is one of the
most important traits related to rice yield (Pasuquin et al., 2008).
Several aspects, such as biotic and abiotic stresses, can reduce the

accuracy of the ML models for early season yield prediction at vegetative
growth stages (e.g. at the tillering stage). For example, in this study, the
ML models cannot predict the biotic and abiotic stresses that may affect
the rice crop after the tillering stage and thus affect rice yield (Igbal
et al., 2023). Among abiotic stresses, drought can reduce rice yield (Ijaz
et al., 2019). In this study, the effect of a severe drought was observed in
2022, when rice yield was very low. In this case, the ML models over-
predicted the yield at the tillering stage. This is probably either because
drought conditions occurred after the tillering stage, or because poor
data with low yield values were used to train the ML models. Previous
studies (Cao et al., 2021a; Evans and Shen, 2021; Ruan et al., 2022) have
suggested that the models can underpredict high yields and overpredict
low yields. In general, the results obtained in this study highlighted that
all ML models outperformed the null benchmark model (i.e. the mean
yield that is generally used from rice farmers for nitrogen balance
calculation) by a wide margin for both tillering and ripening stages. This
highlights a great potential for ML models and supports their use for
early season yield prediction. The ML models developed at the tillering
stage demonstrated a reliable accuracy to determine low, medium, and
high yield values. These values are relevant e.g. for precision nitrogen
fertilisation, using management zones approach, or for the
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Performance metrics at the tillering stage of the machine learning (ML) models for the downscaling and upscaling approaches. Two different set size were compared,
the full set size and the partial set size with 238 yield data for both training and testing set. The performance metrics were NRMSE (%), Bias (Mg/ha), R?(-), EF (-),
and the SAW score (—). The SAW score was calculated using Simple Additive Weighting (SAW) method. It is a multi-criteria procedure based on the concept of a
weighted summation of rating the performance of each alternative (i.e. CUB, GPR, NNET, RF, and SVM models) on all alternative criteria (i.e. NRMSE, Bias, R?, and
EF). The best and recommended alternative is the one with the highest score. The highest performance for each metric were highlighted in bold.

Approach Metric Set size (train:test) CUB GPR NNET RF SVM
Downscaling NRMSE (%) 238:3674 23.8 21.5 20.5 20.7 20.0
238:238 26.3 22.5 21.8 22.4 23.8
Bias (Mg/ha) 238:3674 —0.62 —0.44 —0.58 —0.11 —0.01
238:238 —0.75 —0.57 —0.62 —0.30 —0.15
RZ (-) 238:3674 0.49 0.50 0.56 0.53 0.56
238:238 0.47 0.57 0.59 0.55 0.47
EF (-) 238:3674 0.33 0.46 0.51 0.50 0.53
238:238 0.31 0.50 0.53 0.50 0.44
SAW score (—) 238:3674 0.00 0.44 0.70 0.76 0.99
238:238 0.01 0.71 0.80 0.80 0.53
Upscaling NRMSE (%) 3674:238 29.1 27.9 32.1 29.4 27.8
238:238 27.8 27.0 27.8 28.4 27.4
Bias (Mg/ha) 3674:238 -0.15 —0.39 —0.40 —0.46 —0.04
238:238 —0.28 —-0.17 0.25 —0.35 0.20
RZ (-) 3674:238 0.18 0.24 0.12 0.16 0.23
238:238 0.23 0.29 0.26 0.21 0.25
EF (-) 3674:238 0.15 0.21 —0.05 0.12 0.22
238:238 0.22 0.26 0.22 0.18 0.24
SAW score (—) 3674:238 0.67 0.78 0.04 0.39 0.99
238:238 0.37 1.00 0.52 0.00 0.68
04
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Fig. 8. Distribution and maps of the RF model residuals of the downscaling approach during the years 2020, 2021, and 2022.

determination of the spatio-temporal variability and stability of crop
yield over years. These ML models can prevent overfertilisation and
minimise nitrogen loss in both low and high yielding fields, as suggested
by Ruan et al. (2022). Despite the promising results of this study to
improve precision nitrogen fertilisation, the wider adoption of these
techniques remains limited by several barriers, including high costs,
limited knowledge and the prevalence of small farm sizes (Blasch et al.,
2022; Masi et al., 2023). Although precision agriculture offers signifi-
cant benefits, its uptake across Europe has been limited (Kutter et al.,
2011; Reichardt et al., 2009). One of the main barriers is the significant

initial investment required for variable rate technology (VRT), which
often discourages small- and medium-sized farmers, as the potential
economic returns may not justify the upfront costs, especially for smaller
plots. The problem is further exacerbated by a lack of technical knowl-
edge and training on how to effectively implement and maximise the
value of these technologies (Vecchio et al., 2022). In addition, the small
size of farms and the incompatibility of existing machinery with VRT
pose significant technical challenges, making it difficult to integrate
these advanced technologies (Kutter et al., 2011; Reichardt et al., 2009).

10
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Fig. 9. Distribution and maps of the GPR model residuals of the upscaling approach during the years 2020, 2021, and 2022.

4.1.2. Downscaling and upscaling approaches comparison

Higher performances were obtained by downscaling approach than
upscaling approach. The downscaling approach achieved similar per-
formance of the ML benchmark models that were trained and tested with
yield maps dataset. This is important because the ML benchmark models
can be affected by spatial autocorrelation, which can inflate perfor-
mance metrics and limit their transferability to new data (Kattenborn
et al., 2022). These results suggest that the downscaling approach could
support precision nitrogen fertilisation in rice both for a site-specific
nitrogen fertilisation and for the delineation of management zones by
identifying yield stability zones using multi-year data. The performance
metrics obtained using the downscaling approach were lower compared
to the NRMSE reported by Gilardelli et al. (2019) in a downscaled rice
yield simulation. However, it is difficult to compare these studies
because two different downscaling approaches were used. In this study,
ML models were used, while in Gilardelli et al. (2019), the satellite
retrieved leaf area index was assimilated into a rice growth model.
Comparing the performance metrics of ML models with other studies
that performed an early season prediction, similar results of R were
reported by Meroni et al. (2021) for wheat, by Desloires et al. (2023) for
maize, and by Yang et al. (2022) for rice while higher results were re-
ported by Son et al. (2022), Cao et al. (2021b), Lingwal et al. (2022) for
rice. The comparison of model accuracy across studies remains a
daunting task, largely due to the reliance on performance metrics like
RMSE and NRMSE, which are strongly influenced by the characteristics
of the validation data (Impollonia et al., 2022a). Furthermore, Schau-
berger et al. (2020) emphasize the absence of validation through inde-
pendent test sets in the majority of ML studies.

4.1.3. Effects of set sizes on machine learning performances

The characteristics of the training and testing sets, such as size
(Millard and Richardson, 2015) and range of values (Shah et al., 2019),
are also relevant features to evaluate the performance of ML models, as
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reported by Impollonia et al. (2022b). Kamir et al. (2020) reported that
ML models were sensitive to an increase in the size of the training set,
while Johnson (2016) reported that additional training data from years
with high or low yields improved the accuracy of the yield prediction.
For these reasons, in this study, to accurately evaluate and compare the
different ML models for early season rice yield prediction for both
downscaling and upscaling approaches, ML algorithms were trained and
tested with different set sizes. The results highlighted the importance of
training and testing set sizes on the performance of ML models.
Considering the full set size, the SVM model achieved the highest per-
formance for both downscaling and upscaling approaches, showing high
transferability between the two different yield data sources used in this
study (whole-field-average yields and yield maps). However, when the
ML algorithms were trained and tested with only 238 yield data
following the distribution of whole-field-average yields, the perfor-
mance metrics of the SVM models, like the Simple Additive Weighting
(SAW) score, decreased enough. On the contrary, the RF and GPR al-
gorithms showed a more transferable and stable in the set size com-
parison and they therefore were used for the early season rice yield
prediction for the application of precision nitrogen fertilisation.

4.2. Advantages, limitations and perspectives

A relevant novelty of this study was the evaluation of the down-
scaling and upscaling approaches using ML models for field-scale rice
yield prediction at the tillering stage for precision nitrogen fertilisation.
Transferable ML models were developed using the spatio-temporal
variations of the two sources of yield data (i.e. yield maps and whole-
field average yields) provided by multi-genotype, multi-site, and
multi-year on rice fields. The different set sizes of the whole-field
average yields and yield maps are intrinsic features of the two yield
data sources in which whole-field average yields are considered poor
data while yield maps are considered rich data. The result of the ML
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performance highlighted the interesting use of the downscaling
approach to reduce the number of training data required for an accurate
yield prediction. In addition, this approach could substitute the yield
maps where they cannot be collected due to lack of yield harvesting
machinery. The use of thermal time to estimate rice phenology increased
the transferability and scalability of ML models. Several studies reported
an increase in the performance of models using thermal time compared
to calendar time (Desloires et al., 2023; Durgun et al., 2020). Desloires
etal. (2023) suggested that the advantage of using thermal time is due to
a more consistent representation of crop physiology, which reduces
domain mismatch between training and testing years. From a machine
learning perspective, the results could also be improved by using deep
learning techniques; indeed, several studies have reported promising
accuracy (Cao et al., 2021a, 2021b; Liu et al., 2022). However, Sabo
et al. (2023) reported that ML models outperformed deep learning
models for wheat yield prediction. The authors attributed the small size
of the available dataset to the poor performance of deep learning
models. A limitation of this study is the data-poor context of the
downscaling approach, which considered a small set size (i.e. 238
whole-field average yield data) with only five years of yield data. As a
result, future studies should increase the set size to improve the reli-
ability and transferability of the results, as also suggested by Zhang et al.
(2023), and the use of a large set size could also enable the correct
evaluation of deep learning techniques. Another limitation of this study
is the small geographical area considered, in fact rice yield data were
only collected in one province of Northern Italy. This limitation is
relevant because the ML models developed could suffer from limited
transferability to other geographical areas, thus limiting their large-
scale application. The high spatial resolution of the Sentinel-2 derived
vegetation indices (VIs) enabled to acquire of within-field yield vari-
ability in this study. However, VIs are limited in capturing the full yield
variability because they ignore physiological yield mechanisms. In fact,
yield is determined by several factors such as genotype, soil character-
istics, agronomic management and weather data (Sihi et al., 2022).
Several studies have highlighted the great potential of adding weather
(Croci et al., 2022b; Yu et al., 2023) and soil data (Li et al., 2021; Rigden
et al., 2020) for yield prediction, and future studies could focus on
incorporating this into ML models. The use of weather data could
improve the transferability of ML models between years, particularly in
years with low or high yields, as observed in this study for the 2022
growing season, which was particularly affected by drought conditions.
On the other hand, using many predictors could lead to overfitting and
dimensionality problems, especially if the number of predictors is larger
than the size of the training set (Subramanian and Simon, 2013). In
addition, in order to take advantage of the increased transferability of
weather data, it is necessary to have a large dataset covering many years,
especially due to climate change scenarios. For these reasons, in many
cases, only the use of VIs could improve the transferability of ML models,
as they could also be applied to years with extreme weather events.

5. Conclusion

This study proposed a machine learning (ML) model-based approach
for early season rice yield prediction, at the tillering stage, to support
precision nitrogen fertilisation. A novel aspect of this study was the use
of ML models for rice yield prediction at the field scale, both through
upscaling and downscaling approaches. The ML models outperformed
the null benchmark model and similar performance was obtained be-
tween the downscaling approach and the ML benchmark models. The
downscaling approach was more accurate than the upscaling approach
and it could support rice farmers in applying site-specific nitrogen fer-
tilisation based on within-field variability in yield prediction. This
approach could support rice farmers to accurately manage nitrogen use
through the adoption of precision agriculture techniques. Although this
study provides valuable insights, it has some limitations, such as the
small set size of the downscaling approach and the small geographical
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area considered, which may affect the early season yield prediction of
machine learning models for large-scale applications.
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