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A B S T R A C T

In precision agriculture, the assessment and estimation of key crop parameters are crucial aspects for the opti
misation of input usage and, as an ultimate goal, for the improvement of yield quality and quantity. In this 
context, a reliable prediction of yield by remotely sensed imagery is an enabling technology for optimisation. In 
this work, an innovative method for estimating yield in maize cultivation is presented, which exploits multi- 
temporal and multispectral Sentinel-2 satellite imagery with supervised Machine Learning (ML) techniques. 
For model training and validation, yield ground truth experimental data from combine harvesters was used, 
enabling the yield estimation at sub-field scale. The investigation, which was conducted on five case study plots, 
involved a preliminary comparison of four ML-based algorithms, trained with raw spectral bands. An assessment 
of the effect of the training dataset on the yield prediction accuracy was then performed. A set of Vegetation 
Indices (VIs) and Two Band Indices (TBIs) was also considered for this purpose. Finally, a multi-temporal analysis 
was conducted, in which the temporal evolution of crop spectral data over the maize growing season was 
exploited using imageries acquired in different epochs. The obtained results proved that an accurate estimation 
of maize yield can be reached using a Gaussian process regression model, exploiting multi-temporal features 
directly provided by the raw spectral bands. The model showed a high accuracy in the estimation of maize yield, 
even when fed with data acquired during only the maize vegetative phase, thus proving its capacity as a pre
diction tool.

Nomenclature Table

ANOVA Analysis of Variance
BBCH Biologische Bundesanstalt, Bundessortenamt, and CHemische Industrie
CANbus Controller Area Network
EU European Union
GNSS Global Navigation Satellite System
GPR Gaussian Process Regression
MY Maize Yield
ML Machine Learning
MLR Multiple Linear Regression
MRMR Minimum Redundancy Maximum Relevance
NIR Near Infrared
PLS Partial Least Squares
R Reflectance
RF Random Forest
RGB Red-Green-Blue

(continued on next column)

(continued )

RMSE Root Mean Squared Error
SAT Sentinel-2 satellite imagery
SVM Supported Vector Machine
SWIR Short-wave Infrared
TBIs Two-Band Indices
VIs Vegetation Indices
a.s.l. Above sea level
◦C Celsius degree
Hz Hertz
kg s− 1 Kilogram per second
km h− 1 Kilometre per hour
m Metre
mm Millimetre
t ha− 1 Tons per hectare
λ Spectral band [nm]
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1. Introduction

The effects of global warming have been studied over the past de
cades, and its short-term impacts have been inferred throughout the 
world (Spinoni et al., 2017). An increase in drought severity has been 
evidenced in southern European regions (Vicente-Serrano et al., 2014), 
as well as a trend towards warmer summers (Twardosz et al., 2021). The 
impacts of such a meteorological trend, together with the demands of a 
growing population, have dictated huge challenges in the agricultural 
sector (Sue Wing et al., 2021). Farmers are being pushed to increase 
their productivity and the efficiency of their practices, and the crop yield 
is an essential feature (Rosegrant & Cline, 2003). The development of 
new technologies that allow the automatic monitoring and digitalisation 
of agricultural activities makes precision agriculture-based strategies 
effective approaches to face the challenging demands that are currently 
arising.

Remote sensing plays a relevant role in such a context: the improved 
capabilities of Earth Observation Systems have made satellite imagery 
with high spatial resolution, short revisit times and enhanced spectral 
content available (Kohrs et al., 2014). This has resulted in new ways of 
exploiting remotely sensed data to monitor crops, such as the prediction 
of production yields using satellite data (Mokhtari et al., 2018). Indeed, 
many studies have proved clear correlation patterns between remotely 
sensed imagery and yields for several crop types. Some examples are the 
yield estimation of wheat (Engen et al., 2021), tomatoes (Darra et al., 
2023), and maize (Schwalbert et al., 2018). However, the aforemen
tioned works were limited to a regional level, and the validation ground 
truth data used in these studies were mainly aggregated at the farm 
scale. This could result in these yield assessment tools not being suitable 
for precision agriculture tasks or having limits in transferability.

Nevertheless, in the last few years, the possibility of estimating yield 
with satellite imagery, at a sub-field scale, has been investigated 
considering the spatial resolution of multispectral satellite imagery. This 
is the case, for example, of the study presented by Li et al. (2022), in 
which PlanetScope and Sentinel-2 satellite imagery were used to predict 
maize yields in intercropped smallholder fields. Moreover, Marshall 
et al. (2022) exploited a Partial Least Squares (PLS) regression to predict 
the yields of four different crop types, using both Sentinel-2 and PRISMA 
remotely sensed data. However, the results of those studies were char
acterised by weak correlations, due to the reduced number of referenced 
in-field data necessary for the validation phase. These data were 
generally gathered manually and pointwise during the harvesting 
stages. Indeed, this lack of validation data is one of the main limiting 
factors for the adoption of more advanced data driven approaches, such 
as Machine Learning (ML) tools.

In this context, the exploitation of data acquired by modern agri
culture machinery during operation in the field is a game changer. 
Modern tractors incorporate embedded sensors, such as those integrated 
into the CANbus network. CANbus is a communication protocol among 
electronic sub-systems in agricultural machinery, and it is commonly 
used to record data from sensors embedded in machines, including yield 
monitors (Stone et al., 2008). This technology gives access to a huge 
number of in-field data, with high spatial and temporal resolution 
(Mattetti et al., 2021). Machine data collected from combine harvesters 
during harvesting allows accurate yield distributions of a crop to be 
generated at a finer sub-field scale (Sun et al., 2022; Chen et al., 2022; 
Zhang et al., 2022; Reitz & Kutzbach, 1996). The data within such yield 
maps represent an unprecedented source of ground truth data, thus 
paving the way towards the exploitation of supervised ML algorithms, 
which have been proved to be enhanced by data integration between 
satellite and ground sources (Mazzia et al., 2020). However, raw data 
pre-processing is required to make machine-derived data suitable for 
training ML models (Kosmowski et al., 2021). Recent studies that have 
followed this approach have shown a close correlation between crop 

yield and multispectral satellite imagery at the sub-field scale, whenever 
large datasets were exploited by ML models. Hunt et al. (2019) predicted 
a wheat yield with a Random Forest (RF) technique, using Sentinel-2 
and environmental data, and they obtained an acceptable accuracy of 
their predictions (a root mean square error (RMSE) of 0.66 tons per 
hectare (t ha− 1)). Segarra et al. (2022) presented a method that allowed 
them to predict the grain cultivation yield, using Supported Vector 
Machine (SVM) and RF models with Sentinel-2 imagery, and to prove a 
close correlation among the data (R2 values of up to 0.89).

In this work, the focus is paid to the yield prediction of maize (Zea 
mays), since it is a major cereal grain that is cultivated throughout the 
world, and in particular in Europe. Maize production has been estimated 
at 56 million tons at the European level, over a cultivation area of more 
than 9 million ha, and an average yield of 6.3 t ha− 1 (International 
Production Assessment Division, 2022). These statistics mean that maize 
is the second most important cereal grain cultivated in the European 
Union, and it accounts for over 23 % of the EU's total cereal production 
(European Parliament, 2019). In some countries, such as Italy, the 
importance of maize in cereal production is even higher, as it was placed 
in first place, with an approximate yearly production of 6 million tons 
(41 % of the total production), in 2021 (Statista, 2022). However, few 
studies have been published till now on the prediction of maize yields, 
and those that have been published have focused on country/regional 
yield estimates. Kang et al. (2020) showed that the XGBoost model 
achieved reasonably good maize yield estimations in the USA, even 10 
weeks prior to harvesting. A similar study, at a regional scale in central 
Europe, reported excellent results, with R2 values of up to 0.96 when 
Neural Network models were used (Harsányi et al., 2023). However, the 
maize yield assessment did not reach a sub-field level of detail in either 
work, thereby preventing these approaches from being adopted directly 
in the precision agriculture domain.

All in all, despite the growing availability of high-resolution satellite 
imagery, reliable methods for estimating maize yield at the sub-field 
scale remain limited, particularly approaches that effectively integrate 
multi-temporal and multispectral data with ground-based yield mea
surements. This study addresses this gap by developing a method for 
estimating maize yield at the sub-field scale, based on a supervised ML 
framework that leverages multi-temporal Sentinel-2 imagery in combi
nation with yield data collected directly from combine harvesters. Yield 
ground truth was obtained through CANbus monitoring during an 
experimental campaign conducted across five maize fields in northern 
Italy and used for model training and validation. We hypothesize that 
the integration of multi-temporal multispectral Sentinel-2 data with 
supervised ML models can accurately predict maize yield variability at 
the sub-field level, providing a robust and scalable solution for precision 
agriculture applications.

The work is structured as follows: (i) a preliminary study was con
ducted with the aim of selecting the best model for the specific-case from 
four different models; (ii) an investigation was performed to assess the 
predictive capability of the selected model, considering different com
binations of input datasets computed with feature engineering analysis, 
and (iii) a multi-temporal approach was then assessed, considering the 
best dataset-type, through the combined use of images acquired in 
different periods during the growing season.

2. Materials and methods

2.1. Study area

The case study was conducted over the 2020 season in five maize 
fields in the Emilia Romagna Region, in the north of Italy, at an altitude 
of between 30 and 50 m a.s.l. This region is part of the “Pianura 
Padana”, a floodplain that covers the catchment area of the Po River, 
and it is delimited by the Italian Alps and Pre-Alps to the north and west, 
by the Northern Apennines to the south and by the Upper Adriatic Sea to 
the east. The climatic characteristics of the area are typical of a humid 
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subtropical land (Kottek et al., 2006), due to the confrontation between 
plains and surrounding mountainous regions, which causes high levels 
of relative humidity throughout the year. In 2020, the Emilia Romagna 
region experienced an average rainfall of 822 mm, with most of the rain 
events being concentrated between June and August (Arpae, 2020). The 
average temperature in the region was 13.4 ◦C, and it was the fifth 
warmest year since 1961.

Maize is one of the major summer cultivations in this area. Its growth 
and development can be divided into vegetative (from BBCH 07 to BBCH 
37) and reproductive stages (from BBCH 52 to BBCH 78) (Meier, 2001). 
During the vegetative phase, the plant progresses through leaf stages, 
designated as V1, V2 …, VT, with VT referring to the production of the 
tassel, which indicates the completion of the total vegetative growth of 
the plant (Abendroth et al., 2011). The vegetative phase usually lasts 
around 60 days from emergence, and the reproductive phase follows; 
this phase starts with silking and pollination and is followed by kernel 
development. When the kernels are filled to full capacity, a black layer 
appears at the base of the kernel, and maturity is reached. The repro
ductive phase extends for a period of approximately two months. Maize 
is sown in early April in northern Italy, and the peak of the vegetative 
phase is usually reached around June (Azar et al., 2016). The repro
ductive phase extends from July to August, and the crop is harvested in 
September. In the fields selected as case study, seeds are sown during the 
first weeks of April and are harvested on 9th, 10th, 18th, 28th and 30th 
of September. The five fields had surfaces of 9.3, 8.1, 7.9, 11.3 and 10.2 
ha, respectively, and an average grain yield of 9.3 t ha− 1. In the 
following sections, the five fields are referred to with the letters “A”, “B”, 
“C”, “D” and “E”.

2.2. Multispectral satellite imagery

Sentinel-2 satellite imagery (SAT) is selected for this work for the 
following reasons: (i) it offers a spatial resolution of up to 10 m and a 
revisit time of 2/3 days at mid-latitudes (Defourny et al., 2019), (ii) it is 
available free of charge, thereby boosting the distribution and com
mercialisation of remote sensing solutions based on this satellite 
mission, and (iii) the type and number of spectral bands available have 
proved to be effective in many agricultural applications. The Sentinel 2 
spectral bands involve 4 red-edge and near infrared (NIR) narrow bands 
(<20 nm), which, being sensitive to changes in chlorophyll content and 
canopy structures, represent potential predictors of grain yield 
(Frampton et al., 2013).

A set of satellite multispectral images, acquired on 12 different dates 
throughout the maize growing cycle (see Fig. 1), is downloaded from the 

Copernicus Open Access Hub (Copernicus European Union ©, 2023) for 
each of the five fields, and the images are here referred to as SATi, with 
i = 1, ..., 12. Only satellite images from four weeks post-sowing until 
harvesting are selected, and, in addition, any tiles presenting a cloud 
coverage above 7 % are discarded. The SATi dataset is georeferenced in 
the UTM/WGS84 projection, with a bottom of atmosphere reflectance 
correction. Each satellite multispectral image comprises 10 spectral 
bands, the main features of which are shown in Table 1.

2.3. Reference maize yield map

The maize yield distribution maps of the five fields are computed 
using the information conveyed from a monitored combine harvester 
with the CANbus protocol (Stone et al., 2008). A New Holland CR7.90 
(New Holland, Zedelgem, Belgium), with a header bar width (w) of 7.62 
m, is selected for this work. The harvester is equipped with an 
impact-based yield monitor system, which provided the harvested crop 
flow rate in kg s− 1. A stand-alone, CANbus datalogger (Kvaser Memo
rator pro 2xhs v2, HQ Kvaser AB, Sweden) is used to record the working 
parameters of the machine. The CANbus datalogger has an embedded 
global navigation satellite system (GNSS) receiver that allows the 
harvester velocity to be recorded in km h− 1 as well as the position of the 
vehicle during in-field operation. The datalogger has an acquisition 
frequency of 10 Hz and a probable circular error of 2.5 m. The yield 
monitor is calibrated before harvesting, using a single-point calibration 
approach (Schuster, 2016). The combine harvester is driven by a pro
fessional driver with more than 20 years of experience.

The crop flow and the machine velocity, together with the header 
width, are used to calculate the local maize yield associated with each 
GNSS position. In this phase, the time-lag between the position of the 
harvester and crop flow that appeared, due to the harvester dynamics 
(Chung et al., 2002; Yang et al., 2002), is managed as described in Lyle 
et al. (2014). A rasterisation phase is then applied for each pixel of the 
SAT dataset. The respective raster maize yield values are computed from 
the subset of vectorial data included in the pixel area, through an 
averaging approach that is equivalent to the point-to-raster method in 
the ArcGIS Spatial Analysis Menu Tool (ArcGIS Pro, 2017). The raster
isation process results in a total of 7454 pixels covering the five fields. 
Finally, a Gaussian filter is applied to the maize yield field maps as a 
smoothing step, according to the approach presented by Wen et al. 
(2021). The maize yield frequency distributions of the five fields “A”, 
“B”, “C”, “D” and “E” are displayed in Fig. 2, together with the overall 
distribution of the whole merged dataset.

2.4. Complete dataset overview

In summary, the reference ground truth Maize Yield (MY) map of the 
five fields had 7454 pixels. The corresponding spectral values (10) in the 

Fig. 1. Selected Sentinel-2 imagery acronyms together with their acquisition 
dates and their location within the maize life cycle.

Table 1 
Sentinel-2 multispectral bands used in this study, with their corresponding 
central wavelenght, bandwidth and spatial resolution.

Spectral Band Central Wavelength 
[nm]

Spatial Resolution 
[m]

Bandwidth 
[nm]

B02: Blue 490 10 65
B03: Green 560 10 35
B04: Red 665 10 30
B05: Red edge 

1
705 20 15

B06: Red edge 
2

740 20 15

B07: Red edge 
3

783 20 20

B08: NIR 1 842 10 115
B8A: NIR 2 865 20 20
B11: SWIR 1 1610 20 90
B12: SWIR 2 2190 20 180
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SATi datasets are selected for each MY pixel value. This procedure is 
repeated for the 12 available dates, and this led to approximately 
890,000 discrete values. As an example, the vectorial GNSS position of 
the harvesting path followed by combine harvesters is shown in Fig. 4, 
acquired on 18th, 28th and 30th September 2020 in three of the five 
fields “C”, “D” and “E”. The rasterised MY map is also shown in Fig. 4. 
The lower layer of the subplots represents the Red-Green-Blue (RGB) 
visualisation of the multispectral satellite images acquired on 11th 
August 2020

2.5. Methodology phases

In this study, a methodology to achieve high-accurate maize yield 
estimates from remotely sensed Sentinel-2 multispectral imagery is 
developed. The analysis can be divided into three main phases: (1) a 
Machine Learning model selection phase, in which the performance of four 
different ML models is evaluated and compared, (2) a Feature Engineering 
phase, in which the training input dataset that preserved the maximum 
informative content of the crop status is selected, and (3) the final phase, 
in which the MY prediction is improved by exploiting the temporal 
evolution of the spectral response of the crop during the growth cycle, as 
presented in the Multi-temporal analysis section. The same performance 
metrics, which are described in the last part of the Methods section, are 
adopted for the entire investigation. Fig. 3 shows a work-flow schematic 
for the described processes.

2.6. Machine learning model selection

A performance comparison between different ML models is carried 
out to develop an accurate approach to maize yield estimation from 
satellite imagery. Specifically, according to results presented in the 
literature, the following ML models are selected: Random Forest (RF) 
(Everingham et al., 2016; Hunt et al., 2019), Multiple Linear Regression 
(MLR) (Marshall et al., 2022; Qader et al., 2023), Supported Vector 
Machine (SVM) (Oguntunde et al., 2017; Saruta et al., 2013; Segarra 
et al., 2022) and Gaussian Process Regression (GPR) (Ghosh et al., 
2022). The performance of the ML models is assessed using the same 
dataset type in the form of raw spectral bands in mono-temporal format, 
each consisting of approximately 7500 pixels. A k-fold cross-validation 
approach (with k = 5) is adopted as a robust method to derive inde
pendent dataset performance scores. The comparison of the ML models 
is repeated using satellite data from six different dates, selected from the 

maize life cycle, to verify that the best performing detected model is 
always the same, independent of the acquisition date. In this phase, the 
used datasets are: SAT1 and SAT2 in May (vegetative growth, leaf and 
cob development), SAT3 and SAT4 in June (pollination and kernel 
development), SAT6 in mid-July (grain filling), and SAT10 in mid-August 
(grain filling/physiological maturity).

Details of each of the four ML models and the adopted parameter 
settings are reported hereafter. 

1) In an RF algorithm (Breiman, 2001), input training data are 
randomly resampled to create a specific number of smaller sets, 
which are then fitted to individual decision trees. Each tree of the 
ensemble uses a different subset of explanatory variables to split the 
data at each node, thus generating different response predictions. 
The estimated value of a continuous response is then computed as the 
mean of all the individuals.

2) The MLR approach consists of reducing a matrix of features (X) to an 
additive series of factors that explain a linear proportion with a 
response variable (Y). The new factors are the result of a linear 
transformation, in the normalised direction, that maximises the X-Y 
correlation (Atzberger et al., 2010), and each factor is characterised 

Fig. 2. Frequency distribution of ground-truth maize yield and its cumulative 
curve. The curves have been derived from combine harverster CANbus data 
acquired during the harvesting phase of the case study fields.

Fig. 3. Work-flow scheme of the different processes and analysis carried out in 
the work.

G. Stefanescu Miralles et al.                                                                                                                                                                                                                  Biosystems Engineering 264 (2026) 104401 

4 



by a weight that describes its relative contribution to the response 
variable.

3) SVM is a well-known methodology that was first developed by Boser, 
Guyon, and Vapnik (1992) to approach multidimensional classifi
cation problems. However, SVM has also been adapted to regression 
problems (Cristianini & Shawe-Taylor, 2000). The idea behind such a 
method is finding a good data-fitting hyperplane in the feature space, 
by means of the optimisation of a kernel function. The resulting 
hyperplane equation can then be used to predict response variables 
from a new set of features.

4) GPR is a non-parametric probabilistic method used for regression 
that is based on the assumption that the studied data can be 
described by a Gaussian process (Rasmussen, 2004). A Gaussian 
process is defined as a joint distribution of random variables that 
follow a normal distribution. A prior distribution, from which the 
training data is used to update the parameters, is assumed from 
among all the possible sets of functions that a Gaussian process can 
take, and this process concludes when the most suitable function to 
fit the data is obtained. Once the training has been completed, the 
joint distribution of the training target values can be retrieved and 
then used to predict unseen observations with an associated uncer
tainty (Ghosh et al., 2022).

The ML model assessment and selection steps are implemented in the 
Matlab® R2023 Regression Learner app (MathWorks®, 2024) for all 
four models described previously. For reproducibility, details of 
parameter settings are reported below: the RF algorithm is configured as 
an ensemble of 100 boosted decision trees, with a minimum leaf size of 8 
and a learning rate of 0.1; the MLR model does not require hyper
parameter specification, as only linear terms are considered; the SVM 
and GPR models, however, require the definition of kernel functions, 

which have been selected as quadratic and Matern 5/2 kernels, 
respectively. The differences between the performances of the ML model 
are statistically verified by an ANOVA test on the obtained metric scores.

2.7. Feature engineering

To optimally exploit the informative content provided by the SAT 
spectral data, a feature engineering approach is followed to determine 
the most effective set of inputs for the ML model. In addition to the SAT 
raw spectral bands, a set of vegetation indices (VIs) and a set of Two- 
Band Indices (TBIs) are considered for this task. The set of VIs is 
selected on the basis of the state-of-the-art literature works (Hunt et al., 
2019; Kanke et al., 2016; Kaya & Polat, 2023; Panda et al., 2010; Satir & 
Berberoglu, 2016), and their definitions are reported in Table 2. The VIs 
are calculated from two or more spectral bands of the SAT tiles. The 
definitions of the set of TBIs followed the approach proposed by 
Marshall et al. (2022): the TBIs are computed from all the possible 
combinations of two spectral bands, λa and λb, using the normalised 
difference equation: 

TBIλa ,λb =
Rλa − Rλb

Rλa + Rλb
Eq. (1) 

where Rλ1 and Rλ2 are the reflectances measured in the two spectral 
bands. As SAT has 10 spectral bands 36 TBIλa ,λb combinations are 
possible. Three sets of data are thus considered: 

• 10 SAT raw spectral bands (SAT);
• 8 vegetation indices (VIs);
• 36 TBIs.

Three feature selection strategies are implemented on each of the 
three sets (SAT, VIs, TBIs) to improve the prediction performance and 
provide faster and more computation-effective predictors (Guyon et al., 

Fig. 4. RGB visualisation of the multispectral satellite imagery acquired on 
11th August 2020, showing three of the five experimental fields condidered. (a) 
Vetorial GNSS position of the combine harvester path, acquired on 18th, 28th 
and September 30, 2020, and (b) MY ground truth in false colour, resulting 
from the rastering procedure. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the Web version of this article.)

Table 2 
Vegetation indices used in the study, with the respective formulas computed 
from the Sentinel-2 multispectral bands.

Vegetation 
Index

Acronym Formula Reference

Green 
Chlorophyl 
Vegetation 
Index

GCVI B8A
B3

− 1 Gitelson 
et al. (2003)

Green 
Normalised 
Difference 
Vegetation 
Index

GNDVI B8 − B3
B8 + B3 Gitelson 

et al. (1996)

Normalised 
Difference 
Vegetation 
Index

NDVI B8 − B4
B8 + B4 Rouse et al. 

(1973)

Simple Ratio SR B8
B4 Jordan 

(1969)
Water 

Dynamic 
Range 
Vegetation 
Index

WDRVI 0.2*B8A − B4
0.2*B8A + B4 Gitelson 

(2004)

Enhanced 
Vegetation 
Index

EVI
2.5

(
B8 − B4

0.2*B8 − 6*B4 − 7.5*B2 + 1

)

Haboudane 
et al. (2002)

Triangular 
Greenness 
Index

TGI − 1 /2 [190(B4 − B3) − 120(B4 −

B2)]
Hunt Jr et al. 
(2013)

Normalised 
Green Red 
Difference 
Index

NGRDI B3 − B4
B3 + B4 Hunt et al. 

(2005)

G. Stefanescu Miralles et al.                                                                                                                                                                                                                  Biosystems Engineering 264 (2026) 104401 

5 



2003): (1) the RReliefF algorithm (Robnik-Šikonja & Kononenko, 2003), 
(2) the Minimum Redundancy Maximum Relevance (MRMR) algorithm 
(Ding & Peng, 2005), and (3) the F-test (Sureiman & Mangera, 2020). In 
this work, the built-in features selection algorithms implemented in the 
MATLAB programming environment are used, using their default pa
rameters settings. Overall, to determine the most effective set of inputs 
for the ML model, 12 dataset types are thus considered, as detailly 
described in Table 3. The effectiveness of the sets of features is investi
gated considering data from all the 12 acquisition dates, using a 
mono-temporal approach, leading to an overall set of 144 set of features 
(12 types for 12 dates).

As in the ML model selection process, a k-fold cross-validation 
approach with k = 5 is adopted to derive representative performance 
scores for each of the sets of features. Only a single ML model, that is, the 
best one obtained from the approach described in the previous section, is 
used in this section.

2.8. Multi-temporal analysis

The potential of a joint exploitation of data from different maize 
phenological phases is investigated using the best combination of input- 
features and the best ML model determined in the prior steps. To this 
aim, multi-temporal datasets, generated by combining groups of single- 
date datasets, are considered. More specifically, groups of 2–5 single- 
date datasets are investigated. Each multi-temporal dataset is obtained 
by means of a concatenation of the features from individual acquisition 
dates. For example, if two datasets from single acquisition dates made up 
of 10 features each are considered, a bi-temporal dataset that jointly 
exploits them would be made up of 20 features. From the 12 available 
dates, only a few single-date datasets are used, that is, the best ones from 
the Feature Engineering phase. Again, in this phase, the performance of 
the ML model fed with multi-temporal datasets is validated by means of 
the k-fold cross-validation method, with k = 5.

2.9. Metrics

Two accuracy metrics are adopted to compare the performance of the 
several tested models and input datasets: the coefficient of determina
tion R2 and the Root Mean Squared Error (RMSE). R2 is computed as 

R2 =1 −
∑N

i=1

(MYEst i − MYObs i)
2

(
MYObs i − MYObs

)2 Eq. (2) 

where MYEst and MYObs are the N element vectors of the estimated and 
observed values of the variable being predicted, and MYObs represents 
the mean of MYObs as 

MYObs =
1
N

∑N

i=1
MYObs i Eq. (3) 

The RMSE, which is related to R2, is computed as 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N

∑N

i=1
(MYEst i − MYObs i)

2

√
√
√
√ Eq. (4) 

in order to provide a dimensional indicator of the model accuracy.
The selection of R2 and RMSE as the primary metrics for evaluating 

the ML methods examined in this study is based on a comparative 
assessment of related literature in this research area. Using equivalent 
evaluation metrics in this work enables straightforward comparisons 
across studies and facilitates clearer interpretation of the improvements 
reported.

3. Results and discussion

3.1. Machine learning model selection

The accuracy of the GPR model in predicting MY was found to be 
much higher than that of the other considered models. For each model- 
dataset pair (4 tested models trained with 6 datasets from different 
dates), the mean and standard deviation of obtained R2, resulting from 
the 5-fold cross validation, are reported in Fig. 5a. In addition, all the 
obtained R2 values are graphically represented in the boxplot in Fig. 5b, 
grouped by ML model. Considering the mean metric per model, the GPR 
model showed a mean R2 of 0.66, clearly outperforming the accuracies 
reached by the other models. The results, in terms of average RMSE 
(1.50 t ha− 1 for GPR, 2.10 t ha− 1 for SVM, 2.06 t ha− 1 for RF and 2.24 t 
ha− 1 for MLR), showed a reduction in the error obtained by the GPR 
model of more than 0.6 t ha− 1, when compared to the other models. 
Moreover, the superiority of GPR was verified for every date, as it 
showed an independence of this result from the acquisition date of the 
input data.

This result agreed with those of Ghosh et al. (2022), who estimated 
wheat biophysical variables from satellite imagery using different ML 
models (GPR, SVM and RF) and found GPR was the model that provided 
the best outcomes. Also, in agreement with Segarra et al. (2022), it was 
observed that the usage of ML-based approaches resulted in better es
timates than a linear regression model, thus suggesting a more complex 
correlation between crop yield and reflectance, which a GPR can exploit. 
However, Segarra et al. (2022) observed that RF outperformed SVM, 
while these two models in this study showed equivalent accuracies. In 
the work of Marshall et al. (2022), the RF model also provided better 
results than a PLS method, in which PRISMA and Sentinel-2 images were 
used to estimate the yield of four different types of crops (maize, rice, 
soy and wheat). Other authors have reported unclear differences be
tween simple linear regression and other ML models, such as Artificial 
Neural Networks or Random Forests (Uno et al., 2005; Zhou et al., 
2020). However, the presented results here showed that the selection of 
the ML model was a crucial phase, since the performance of the model 
on the same type of data can differ notably for different ML algorithms. 
Thus, to achieve a high accuracy in the estimation of the maize yield 
with Sentinel-2 imagery, the GPR model was selected and used as the 
reference model in the subsequent investigation phases.

Table 3 
Definition of the 12 considered dataset types used as input of the ML model in 
the feautre engineering phase.

Feature 
Type

Feature 
selection 
method

Nomenclature Description

SAT none SAT_All All the 10 SAT raw spectral 
bands

RReliefF SAT_RReliefF Top 4 SAT raw spectral bands 
select with RReliefF algorithm

MRMR SAT_MRMR Top 4 SAT raw spectral bands 
select with MRMR algorithm

F-test SAT_Ftest Top 4 SAT raw spectral bands 
select with F-test algorithm

VIs none VIs_All All the 8 VIs defined in Table 2
RReliefF VIs_RReliefF Top 4 VIs select with RReliefF 

algorithm
MRMR VIs_MRMR Top 4 VIs select with MRMR 

algorithm
F-test VIs_Ftest Top 4 VIs select with F-test 

algorithm
TBIs none TBIs_All All the 45 TBIs

RReliefF TBIs_RReliefF Top 10 TBIs select with RReliefF 
algorithm

MRMR TBIs_MRMR Top 10 TBIs select with MRMR 
algorithm

F-test TBIs_Ftest Top 10 TBIs select with F-test 
algorithm
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3.2. Feature engineering results

The Feature Engineering investigation focused on determining the 
most effective set of inputs for the ML model. It should be recalled that 
the considered three input-types of data were Sentinel 2 raw spectral 
bands (SAT), a set of vegetation indices (VIs), and a set of Two-Band 
Indices (TBIs). The first assessment centred on studying differences 
within subsets of the same input-type data. This was aimed at checking 
the efficiency of the subset selection on the basis of feature engineering 
strategies. The selected features of each SATi tile are displayed in Fig. 6, 
for the three dataset types and the three feature selection algorithms 
(RReliefF, MRMR and Ftest).

The best MY estimates of the SAT approach corresponded to the 
entire combination of all 10 spectral bands, instead of a combination of 
subsets from feature selection strategies (RReliefF, MRMR, Ftest). The 
MY estimation results, when the ML model was fed with SAT_All, 
showed R2 values higher than when it was fed with SAT_RReliefF, 
SAT_MRMR and SAT_Ftest, respectively, as depicted graphically in Fig. 7
in yellow lines. Results from the RReliefF and MRMR algorithms showed 
similar performances, with Ftest being the feature selection algorithm 
that provided the poorest outcomes. As far as the feature selection 
strategies were concerned, it was noted that the RReliefF algorithm 
showed a high robustness in the choice of its SAT bands. The RReliefF 
algorithm always selected both the B8A and the B11 bands over the 12 
analysed dates. B8A corresponds to an NIR band, with wavelengths 
ranging from 855 to 875 nm, while the B11 band belongs to the Short- 
wave Infrared (SWIR) range of the spectra, that is, from 1565 to 1655 
nm. The B05 band (698–712 nm), which corresponds to the red edge, 
was selected 10 times, while B06, which is also in the red edge (733–747 
nm), was also selected 10 times, mostly on phenological maturity dates. 
None of the bands corresponding to the visible part of the spectra were 
selected (B02, B03 or B04), thus indicating that the SAT bands that 
contained the most information that could be correlated with yield were 
in the red edge, NIR and SWIR zones. Kang et al. (2020) was in agree
ment with the RReliefF algorithm selection criteria and stated that from 
among all the considered bands from the MODIS satellite, the NIR band 
showed the closest correlation with maize yield. Chauhan et al. (2020)
observed a similar trend in a study centred on identifying wheat lodging, 
where the Sentinel-2 red edge and NIR bands were the best at dis
tinguishing healthy wheat from lodged wheat. In general, the results 

Fig. 5. (a) MY estimation R2 score of each model-dataset pair assessment, with the k-fold cross validation results represented as the average (square) and standard 
deviation (error bar). (b) Boxplot of R2 score grouped by ML model.

Fig. 6. (a) SAT, (b)VI and (c) TBI selected features corresponding to each SATi 

tile. As indicated in the legend, the different colors are referred to the three 
different feature selection algorithms (RReliefF, MRMR and Ftest). (For inter
pretation of the references to colour in this figure legend, the reader is referred 
to the Web version of this article.)
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obtained from the MRMR algorithm agreed with the observations from 
RReliefF, particularly concerning the B8A, B11 and B05 bands. The se
lections made by the Ftest algorithm, which resulted in the lowest MY 
estimations, showed unclear patterns, and only preferences for the B03, 
B05 and B11 bands in the second half of the maize life cycle. Thus, the 
results from the SAT datasets suggested that all 10 bands contain valu
able information for MY estimation, and that the GPR model was able to 
return better estimates when fed with the entire combination of all 10 
bands instead of with a smaller subset. Nevertheless, bands corre
sponding to the red edge, NIR and SWIR were systematically preferred 
by the feature selection algorithms, indicating a higher content of po
tential information that could be used for yield estimates than bands in 
the visible part of the spectrum.

The VIs_All dataset, considering all the VIs defined in Table 2, per
formed slightly better than the subsets that arose from the feature se
lection strategies, with R2 values that were on average higher than the 
VIs_RReliefF, VIs_MRMR and VIs_Ftest, respectively, as displayed in 
Fig. 7 with blue lines. The results obtained from the MRMR procedure 
worked better than those of the other two feature selection strategies, 
especially for the datasets acquired in April, July, and August, when the 
performances were almost equivalent to those from VIs_All. The best 
results of the RReliefF subsets were obtained during the sowing and 
vegetative stages (April and May), with Ftest being the method that 
worked the least efficiently. This result might suggest that some vege
tation indices described in Table 2 may not contain exploitable infor
mation for the GPR model to predict MY. This was observed in particular 
for the RReliefF algorithm, which, as also observed in the SAT case, was 
very robust in the choice of VIs. The EVI, GNDVI, NDVI and SR were not 
selected at all for any of the 12 analysed dates, while the preferred 
indices were GCVI, NGRDI, TGI and WDRVI. Goh et al. (2022), in 
accordance with the RReliefF algorithm selection criteria, observed that 
commonly used vegetation indices, such as NDVI and EVI, were found to 
be unsatisfactory in predicting the biophysical properties of crops linked 
to winter wheat growth. However, their results were in disagreement 
with those of Segarra et al. (2022), who reported a good wheat yield 
prediction capability when using NDVI or GNDVI indices in an RF. 
However, the difference between the two supervised ML models could 
influence such an observation. When considering the definitions of the 
VIs in Table 2, these results indicated that indices computed using the 
B8A band (WDRVI and GCVI) were preferred to indices computed with 
the B08 band (SR, EVI and NDVI), thus suggesting that the part of the 
NIR spectra that contained the most exploitable information lay between 
855 and 875 nm. This observation also agreed with observations in this 
study from the SAT bands, in which the B8A band was selected a higher 

number of times that its neighbour B08. It should also be mentioned that 
some vegetation indices that only contained information from the visible 
part of the spectrum, such as NGRDI and TGI, were also highly exploited 
by the feature selection algorithms, unlike the results observed for the 
SAT scenario. Nevertheless, the results from the VI subsets indicated 
that, in some cases, the GPR model did not need all 8 VIs as input 
datasets to achieve its best performance, and that a selection of just four 
VIs, based on MRMR/RReliefF methods, returned equivalent outcomes.

As in the previous two cases, for the datasets made up of TBIs, the 
TBIs_All dataset performed markedly better than any subset resulting 
from feature engineering strategies. This can be observed graphically 
with the orange lines of Fig. 7. The R2 values obtained with TBIs_All 
were on average higher than the scores from TBIs_RReliefF, TBIs_MRMR 
and TBIs_Ftest, respectively. Such a difference might be linked to the 
reduction in the number of features (from 36 to 4), which was more 
marked than in the previous two cases (from 10 to 4 and from 8 to 4 for 
SAT and VIS, respectively). Again, the RReliefF algorithm showed a 
remarkable robustness in the choice of its features, and mostly selected 
TBIs composed of the B07-B06, B11-B05, B12-B06 and B12-B07 bands. 
These TBIs mostly consisted of combinations of bands in the NIR and in 
the SWIR ranges, which were the major bands selected by the same al
gorithm in the SAT dataset. The results agreed with the work presented 
by Marshall et al. (2022), who observed that the top performing TBIs for 
MY prediction corresponded to the Red Edge and NIR spectral regions. 
More specifically, the best performing TBIs for maize included B06 and 
B11, two of the bands that the RReliefF algorithm also selected several 
times. The selected TBIs were mostly combinations of bands in different 
zones of the spectrum, especially SWIR-NIR and SWIR-Red Edge. In 
addition, TBI B06-B07, which corresponded to a ratio between two 
bands in the red edge, was selected numerous times. Overall, the per
formances of the subsets were very similar, and only differed slightly for 
the April and May dates, where MRMR outperformed the others. The 
results indicated that the GPR model was able to exploit a TBI feature 
dataset, thus indicating the validity of this type of approach. In addition, 
a link between the selection of the best bands from SAT and the bands 
that composed the most used TBIs was observed. The results also proved 
that the model performs at its best when all the possible TBI combina
tions were considered, indicating that any TBI combination was 
exploitable by the model.

In summary, the use of a complete dataset (SAT_All, TBIs_All, VIs_All) 
instead of just a subset obtained from feature engineering led to better 
MY prediction results. However, the RReliefF algorithm showed a 
remarkable robustness in the selection of its features, and the features it 
selected had also been identified as important predictors in similar 

Fig. 7. For the 12 imagery dates, MY prediction results (R2 score) of GPR model fed with the different 12 input-type datasets described in Table 3.
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studies regarding yield estimation with satellite data (Kang et al., 2020; 
Marshall et al., 2022).

In order to determine the type of spectral data that provided the 
informative content with the highest predictive potential, a comparison 
among the complete features datasets (SAT_All, VIs_All and TBIs_All) 
followed. A clear trend in MY estimation accuracy was observed for all 
available dates whenever the GPR model was fed with SAT_All, VIs_All 
and TBIs_All. The results are displayed graphically in Fig. 7, where the 
R2 value of each subset defined in Table 3 is plotted over all 12 SATi tiles. 
The best model accuracy for all the analysed dates was observed when 
the SAT_All dataset was used. In this case, the MY estimation showed R2 

values that ranged between 0.6 and 0.75, with an average of 0.63. The 
RMSE of the same set of tests was always under 1.7 t ha− 1, with a 
minimum of approximately 1.3 t ha− 1 and a mean of 1.57 t ha− 1. The 
accuracy obtained when the TBIs_All dataset was used was below that 
obtained from SAT_All and presented a mean R2 of 0.54 (20 % lower) 
and an RMSE ranging from 1.6 to 1.9 t ha− 1. The least accurate MY 
estimations were observed when the GPR model was trained with the 
VIs_All dataset (mean R2 of 0.32 and an RMSE ranging from 2.0 to 3.0 t 
ha− 1). These results agreed with the work presented by Hunt et al. 
(2019), in which Sentinel-2 raw bands were the best type of predictor for 
wheat yield estimation purposes. Segarra et al. (2022) also observed a 
better performance when Sentinel-2 bands were used instead of VIs for 
wheat yield prediction. Segarra et al. (2022) suggested that VIs can 
suffer from saturation and this might lead to a loss of information, but 
this does not happen when raw spectral bands are used.

Considering that both the VI and TBI datasets were obtained by 
performing algebraic operations over the different bands that compose 
the SAT_All dataset, the above results suggested that the GPR model was 
better at exploiting raw spectral data when predicting MY. Thus, in 
order to achieve highly accurate MY estimates from SAT data with a GPR 
model, it appears appropriate to directly use the normalised raw bands 
instead of a further feature engineering step. From these observations, it 
can also be seen that only some VIs might include relevant spectral in
formation that can be correlated with the yield, whereas an extensive 
analysis, considering all the possible TBIs, resulted in better outcomes.

The MY estimates with the SAT_All dataset returned R2 values as 
high as 0.75. These results surpassed the accuracies reported in other MY 
works. For instance, Marshall et al. (2022) used PLS regression models to 
estimate MY, considering TBIs and Sentinel-2 bands as predictors, and 
reported R2 values as high as 0.6, but generally under 0.5. Desloires et al. 
(2023) performed an extensive analysis of more than 1000 maize fields 
in Iowa and Nebraska from 2017 to 2021 to evaluate which spectral 
information derived from raw Sentinel-2 bands was more able to explain 
the observed yield variability. They considered several predictor types 
for this purpose (Sentinel-2 Bands, VIs, biophysical parameters …), 
which they fed into different ML models, such as SVM, RF and Neural 
Networks. However, they reported a maximum R2 value of 0.55. Ji et al. 
(2022) considered different variables derived from Sentinel-2 (EVI 
index, Leaf Area index, Land Surface Temperature), and used LASSO, 
SVM and RF models to estimate MY. They reported R2 values as high as 
0.67, with a mean of 0.63, which was equivalent to the mean obtained in 
the presented study.

Another interesting trend observed for both the SAT_All and TBIs_All 
cases was that the accuracy scores showed a certain dependence on the 
maize life cycle. A constant improvement of MY estimate accuracy was 
observed during the first months after emergence (May and June), while 
a peak in performance was seen around mid-June. A decrease in pre
diction capabilities followed, with the scores reaching lower levels of 
accuracy than those observed for May. Over July and August, the pre
diction performance again showed a smooth increase and reached its 
highest value at the end of August, just before harvesting. However, 
performances in mid- to late-season (July–August) always returned 
lower prediction scores than the ones observed in May–June. This trend 
had already been observed by Hunt et al. (2019) who suggested, as a 

result of a visual interpretation of the Sentinel-2 images, that the lack of 
improvement from June to July may be due to the ripening of the crops. 
This will likely affect the accuracy of yield prediction when Sentinel-2 
data are used alone. This coincides with observations from this study. 
During the vegetative period (May and June), the maize canopy pre
sented a spectral response that was consistent with a vigorous plant 
status and the GPR model was better able to link it to yield. However, 
during the reproductive phase (July and August), the canopy size 
remained constant as the plant gradually senesced while the kernel 
developed, thereby resulting in a poorer spectral response than that of a 
healthy plant in the vegetative period. Therefore, during the reproduc
tive phase, it was harder for the GPR model to correlate spectral data 
with the yield. The work of Kang et al. (2020) supports this hypothesis. 
They proposed a similar explanation, that is, that surface reflectance has 
a close correlation with yield during the whole growing season, in 
particular in the vegetative period. Kang et al. (2020) sustained that 
such a correlation was especially high for NIR, and they attributed this to 
the high sensitivity of NIR to the green leaf volume of the canopy, which 
directly contributes to grain growth. Marshall et al. (2022) also reported 
better model performances during the vegetative phases of the maize. 
Cavalaris et al. (2021) observed closer correlations between yield and 
spectral data when considering flowering at the end of the growing 
period instead of the whole maize life cycle, again supporting the idea 
that the vegetative period provides a better spectral response that can be 
used to link with the yield. This trend implies an in-season estimation of 
MY around June, i.e. prior to harvesting, could help farmers to guide 
management decisions and ensure a better harvest.

3.3. Multi-temporal approach/analysis results

The conducted analysis has allowed the most advantageous ML 
model and input data type to be identified for MY estimation (GPR and 
SAT_All, respectively). When both were considered, a joint exploitation 
of spectral data from different maize phenological phases resulted in a 
clear improvement in the prediction accuracy of MY. As shown in 
Fig. 8a, results from multi-temporal datasets analysed with the selected 
data (SAT1, SAT2, SAT3, SAT10, and SAT11) returned R2 values that 
ranged from 0.81 to 0.91, which are levels of accuracy that have not 
previously been reported with mono-temporal approaches. For instance, 
the multi-temporal dataset that presented the best prediction perfor
mance (consisting of combined data from SAT1, SAT2, SAT3, SAT10, and 
SAT11 tiles) returned an R2 value of 0.91, an increase of 21.3 % 
compared to the best mono-temporal prediction (R2 = 0.75). Fig. 8b 
displays the distribution of the observed vs predicted MY values for this 
specific case. These results are in agreement with similar works on the 
topic. Segarra et al. (2022) reported a slight improvement in the esti
mation of the within-field grain yield when using a whole time-series as 
input data for their models. Hunt et al. (2019) underlined that the 
accumulation of Sentinel-2 data over the crop season improved the 
estimation accuracy of wheat yields, since clear decreases in RMSE were 
observed when successive Sentinel-2 images were added to their esti
mation model.

In addition, it can be noted that multi-temporal datasets, consisting 
of combinations of data from both the vegetative period (SAT1, SAT2, 
SAT3) and the reproductive period (SAT10; SAT12), in general showed an 
improved prediction capability, compared to multi-temporal datasets 
consisting only of time-series of a single phenological phase. Feeding the 
model with different time series during the vegetative period seems to be 
a key factor to boost the precision of MY prediction, and, in addition, it 
allows an in-advanced yield assessment to be made, several months 
prior to the harvesting phase.

Lastly, it is noted that the sole use of metrics associated with a linear 
best fit, rather than linear 1:1 fit, is not optimal as it does not account for 
bias and shift in the model. However, predictions did not tend to show 
any strong observed shift or bias (Fig. 8b). Future work will consider this 

G. Stefanescu Miralles et al.                                                                                                                                                                                                                  Biosystems Engineering 264 (2026) 104401 

9 



more closely.

4. Conclusions

This work presents an innovative method to estimate maize yields 
from Sentinel-2 multitemporal-multispectral data by means of feature 
engineering and supervised machine learning techniques. The study has 
proved that Sentinel-2 spectral data are able to provide accurate spatial 
estimates of MY when validated against CANbus in-field data from 
combine harvesters as ground truth data. An assessment of the ML model 
showed that GPR was a more suitable ML model, for the prediction task, 
than SVM, RF or MLR, and the feature engineering study demonstrated 
that the raw spectral bands from Sentinel-2 were the optimal features to 
be fed into the models, instead of any derived VI or TBI combination. 
GPR trained with mono-temporal SAT tiles presented high accuracies 
(R2 of up to 0.75), especially during the vegetative period of the crop. 
However, multi-temporal datasets constructed from single SAT tiles 
resulted in higher MY estimation accuracies, reaching R2 values of up to 
0.91. These results could have practical applications in precision agri
culture, as they allow an in-season MY estimation to be made, prior to 
harvesting, that could help guide management decisions at the farm 
scale.
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Rátonyi, T., Hijazi, O., Széles, A., & Mohammed, S. (2023). Data mining and machine 
learning algorithms for optimizing maize yield forecasting in central Europe. 
Agronomy, 13, 1297. https://doi.org/10.3390/agronomy13051297

Hunt, M. L., Blackburn, G. A., Carrasco, L., Redhead, J. W., & Rowland, C. S. (2019). 
High resolution wheat yield mapping using Sentinel-2. Remote Sensing of 
Environment, 233, Article 111410. https://doi.org/10.1016/j.rse.2019.111410

Hunt Jr, E. R., Cavigelli, M., Daughtry, C. S. T., Mcmurtrey III, J. E., & Walthall, C. L. 
(2005). Evaluation of digital photography from model aircraft for remote sensing of 
crop biomass and nitrogen status. Precision Agriculture, 6, 359–378. https://doi.org/ 
10.1007/s11119-005-2324-5

Hunt Jr, E. R., Doraiswamy, P. C., McMurtrey, J. E., Daughtry, C. S. T., Perry, E. M., & 
Akhmedov, B. (2013). A visible band index for remote sensing leaf chlorophyll 
content at the canopy scale. International Journal of Applied Earth Observation and 
Geoinformation, 21, 103–112. https://doi.org/10.1016/j.jag.2012.07.020

Ji, Z., Pan, Y., Zhu, X., Zhang, D., & Dai, J. (2022). Prediction of corn yield in the USA 
corn belt using satellite data and machine learning: From an evapotranspiration 
perspective. Agriculture, 12, 1263. https://doi.org/10.3390/agriculture12081263

Jordan, C. F. (1969). Derivation of leaf-area index from quality of light on the forest 
floor. Ecology, 50, 663–666. https://doi.org/10.2307/1936256

Kang, Y., Ozdogan, M., Zhu, X., Ye, Z., Hain, C., & Anderson, M. (2020). Comparative 
assessment of environmental variables and machine learning algorithms for maize 
yield prediction in the US Midwest. Environmental Research Letters, 15, Article 
064005. https://doi.org/10.1088/1748-9326/ab7df9

Kanke, Y., Tubaña, B., Dalen, M., & Harrell, D. (2016). Evaluation of red and red-edge 
reflectance-based vegetation indices for rice biomass and grain yield prediction 
models in paddy fields. Precision Agriculture, 17, 507–530. https://doi.org/10.1007/ 
s11119-016-9433-1

Kaya, Y., & Polat, N. (2023). A linear approach for wheat yield prediction by using 
different spectral vegetation indices. International Journal of Electronic Governance, 8, 
52–62. https://doi.org/10.26833/ijeg.1035037

Kohrs, R. A., Lazzara, M. A., Robaidek, J. O., Santek, D. A., & Knuth, S. L. (2014). Global 
satellite composites — 20 years of evolution. Atmospheric Research, 135–136, 8–34. 
https://doi.org/10.1016/j.atmosres.2013.07.023

Kosmowski, F., Chamberlin, J., Ayalew, H., Sida, T., Abay, K., & Craufurd, P. (2021). 
How accurate are yield estimates from crop cuts? Evidence from smallholder maize 
farms in Ethiopia. Food Policy, 102, Article 102122. https://doi.org/10.1016/j. 
foodpol.2021.102122

Kottek, M., Grieser, J., Beck, C., Rudolf, B., & Rubel, F. (2006). World map of the Köppen- 
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