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1. Introduction

1.1. Background

1.1.1 The Crucial Role of Accurate Crop Yield Predictions in Global Food Security
Despite the major changes that have been caused by developments in technology

and changes in global economic systems, agriculture continues to play an essential role
in human society today. As soon as people realized how to supply their basic
requirements, crop cultivation and domestication became significantly important. The
goal of precision agriculture (PA) is to secure global food supplies and increase
agricultural production. PA is defined by the National Research Council (1997) as an
advanced operational method and a decision-making process that manages agricultural
production using modern information technologies. This includes advanced processing
and analysis of multi-source data that are temporally and spatially defined and of high
quality. A vital component of human civilization, agriculture plays a critical role in
providing food security for the world's increasing population (Thrupp, 2000). According
to UN estimates, the world population will continue to increase, reaching 9.7 billion
people by the year 2050 (Laurance and Engert, 2022). The growth of the global
population and an increase in food demand are directly proportional. Crop yields around
the world have increased significantly between 1961 and 2020 (FAO, 2020). The
increasing population is expected to put strain on food systems and supply chains, thus
increasing the difficulty of providing food security for everyone.

Accurate forecasts of crop yields are essential for government planning, farmer
decision making, and the food sector. This improves the efficiency of government
resource allocation, especially in developing countries, while also helping farmers plan
activities related to agricultural harvesting, storage, and distribution (Cunha and Silva,
2020). Yield predictions enable farmers to take measures that minimize the effects of
possible problems, such as pest infestations or disease outbreaks, before they become
serious issues (Pinter et al., 2003). Yield predictions can also be essential in promoting
economic growth and help farmers in identifying the specific factors influencing
agriculture and allow the formulation of targeted, site-specific sustainable development
strategies for policymakers (Hamid et al., 2021; Samara National Research University et
al., 2020; Yakupolu et al., 2022). By providing accurate yield forecasts, farmers can
improve their harvest scheduling while engaging in more advantageous pricing
negotiations for their agricultural products. This in turn makes it easier for them to support

sustainable agricultural practices, as it increases their income and increases their standard
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of living (Dasgupta et al., 2020; De Sousa et al., 2021). Farmers can diversify their crops
and reduce their reliance on a single crop, which can be susceptible to changes in weather
patterns or market demand, by using yield estimates to help them select which crops are
most suited for their region or environment (Dasgupta et al., 2020). Organizations and
governments monitor crop development and forecast yields to effectively manage food
supply and deal with unforeseen weather issues during the growing season. Therefore,
there is a growing demand for methods that provide accurate, timely, efficient, and
economical data on the assessment of cultivated areas and crop production in nearly real-
time at the regional, national, and field levels. Acquiring information about the current
situation of both local and worldwide agriculture production makes it possible to predict
food prices in the future, which improves market efficiency. Furthermore, getting
frequent reports on observed and possible harvest shortages allows for the early
identification of problematic areas, which helps with regional food supply management
and optimization (Duveiller et al., 2011).

1.1.2. Remote Sensing and Geoinformation Integration for Informed Crop Management

Crop yield indicators could contribute to higher yields and hence higher profits if
issues are identified early on and managed (Panda et al., 2010a). The visible red, green,
and blue bands of the electromagnetic spectrum, as well as the near-infrared (NIR)
regions, have been effectively utilized for monitoring crop growth, soil moisture, crop
health, and crop cover (Baez-Gonzalez et al., 2005a; Doraiswamy et al., 2003a; Lobell et
al., 2005a; Magri et al., 2005a; Sun, 2000; Tan and Shibasaki, 2003a). For the
management and observation of natural resources, including crop vigor analysis,,
vegetation analysis and the identification of changes in vegetation patterns are essential
(Thiam and Eastmen, 1999).

The agricultural sector faces the challenge of increasing yields and improving
crop quality while reducing environmental effects. The advancement of technology has
introduced remote sensing (RS) and geographic information systems (GIS) as potent
instruments in agricultural practices. These instruments provide farmers with crucial
spatial and temporal data on crop development, soil moisture, plant health, and other vital
factors, empowering them to make informed decisions (Nitin Liladhar Rane et al., 2023).
Rapid advances in RS technologies have led to economical and comprehensive solutions
for agro-environmental monitoring and decision making. Consequently, RS data have

become an indispensable tool over the past decade for observing crop development and



implementing management strategies on various scales (Prasad et al., 2006; Tuvdendorj
etal., 2019). The varying spatial resolution of the RS data plays a crucial role in achieving
accurate crop estimations or monitoring at different scales, at the regional or field level.
The high resolution of RS data is particularly significant for precision in field-level crop
management (Ferencz et al., 2004). The monitoring, although having a lower spatial
resolution, is representative of a larger scale, like the county or regional levels
(Doraiswamy et al., 2003a). However, GIS is a computer-based system that makes it
possible to collect, store, manipulate, and analyze spatial data. The integration of RS and
GIS offers an excellent basis for managing and evaluating agricultural information
(Singha and Swain, 2016; Thilagam and Sivasamy, 2013). The ability of satellite RS to
monitor crop growth and development is one important advantage of using it in precision
farming. This information is essential to identify areas that could require more water,
fertilizer, or other nutrients for optimal growth. Additionally, it allows the early detection
of indications of diseases, pests, or plant stress, allowing preventive treatment of the
problem before it spreads to other areas of the field (Nitin Liladhar Rane et al., 2023). A
variety of equipment is used for remote sensing in the field of agriculture. These include
field sensors (Svotwa et al., 2013), drones (Zhou et al., 2017), unmanned aerial vehicles
(Tack et al.,, 2019), and Light Detection and Ranging (LIDAR) (Tsitsi, 2016).
Furthermore, sensors and cameras mounted on satellites in orbit are utilized for this
objective (Jin et al., 2019). RS imagery can be employed to analyze and observe Earth's
surface characteristics, offering comprehensive, timely, recurrent, and cost-effective
information (Justice et al., 2002). A wide range of sensors, including aerial
photogrammetry, airborne multispectral scanners, satellite imagery with varying spectral
and spatial resolutions, and on-field spectrometer analysis, were employed (Zhou et al.,
2017). The first civilian satellite designed for Earth observation (EO), named Landsat-1,
was launched in 1972. By 1974, the North American Large Area Crop Inventory
Experiment showcased advancements in wheat yield predictions by the United States
Department of Agriculture (USDA) through the utilization of satellite imagery in the
United States, Canada and the former Soviet Union. This approach was expanded to
include additional crops and regions under the agriculture and resources inventory
surveys through the Aerospace Remote Sensing (AgRISTARS) program. This program
leveraged satellite imagery to assess crop conditions throughout the growing season and
make yield estimations (Dutta et al., 1998). The Monitoring Agriculture by RS (MARS)

initiative was started by the European Union (EU) in 1988 to provide agricultural statistics
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on crop areas and yield for EU member states. The program's operational architecture
incorporates both agrometeorological modeling and observations from RS (Duveiller et
al., 2011). Furthermore, the recent Synthetic Aperture Radar (SAR) Sentinel-1 (S1) and
optical Sentinel-2 (S2) sensors capture image time series with a high temporal frequency,
ranging from every 5-12 days at the global scale. These sensors also offer high pixel size,
with S1 bands featuring 2.3 and 13.9 m in range and azimuth directions, and S2 bands
presenting spatial resolutions of 10, 20, and 60 m. This combination allows for regular
monitoring of crops on a field scale. Additionally, data from S1 & 2 are available freely
under an open license (Mercier et al., 2020). Significant correlations have been found
between S2 and several vegetation indices, including leaf and canopy chlorophyll
concentration, and leaf area index (LAI). Studies focusing on potato crops in the
Netherlands (Clevers et al., 2017) and for a variety of crops in Spain and Italy (Frampton
et al., 2013), including maize, garlic, oats, onion, potato, sunflower and grape, have
demonstrated this relationship. The S1 backscatter intensity from the polarization ratios
of VV (vertical-vertical) and VH (vertical-horizontal) are evaluated to identify variations
in the structure of vegetation structure for winter cereals, maize, and rapeseed. Previous
research has shown that S1 VV and VH polarizations can be used to identify phenological
stages in rice (Mandal et al., 2018) and wheat (Song and Wang, 2019) by analyzing the
temporal behaviour of backscattering coefficients. Therefore, it should be noted that the
phenological stages were not categorized in these investigations.

Satellite images with their higher spatial resolution provide more detailed
information for monitoring crop conditions, allowing high-precision yield estimation at
the field and within-field variability. More detailed crop monitoring in visible channels
especially near-infrared wavelength range can be seen in the most recent PlanetScope
images (PS), which have a 3-meter spatial resolution (Mudereri et al., 2019; Sadeh et al.,
2021). Skakun et al. have demonstrated a 3 m image from the PS to be able to explain all
the variability in maize and soybean yields within a field which was 14% more than S2's

10 m resolution explanatory power.

1.1.3. Artificial intelligence (Al) for crop yield estimation

Globally, more than half the population is engaged in agriculture, where Al plays
a crucial role in optimizing farming operations, marketing, weather prediction, and crop
yield estimation (Sinwar et al., 2020). Machine Learning (ML), a common approach for

predicting crop yields, involves developing models that consider historical crop yield



data, weather conditions, soil composition, and other influencing factors. These models
forecast crop yields for upcoming seasons by scrutinizing various data sources, including
satellite imagery and ground-truth data. Various ML algorithms, including linear
regression, decision trees (DT), and the prominent Random Forest (RF), have been
applied with RS data for applications such as flood mapping (Basso and Liu, 2019; Haque
etal., 2020). RF, a nonparametric method, is extensively studied for its classification and
regression tree (CART) analysis. Although mostly recognized for classification, a limited
number of studies have explored its regression capabilities to forecast crop yields (Fukuda
et al., 2013; Mutanga et al., 2012; Vincenzi et al., 2011). RF employs a bootstrap
procedure to assess sampling distribution appropriateness and integrates bagging
techniques, consolidating decision tree outcomes generated through bootstrapping in
ensemble modeling (Breiman, 2001). Furthermore, convolutional neural networks
(CNNs) provide an efficient solution to economically predicting crop yields using images,
such as RGB channels (eg red, green, blue) and the normalized difference vegetation
index (NDVI) (Nevavuori et al., 2019; Pantazi et al., 2016). Comparative studies
demonstrate the superiority of CNNs over traditional ML and Al-based techniques (You
etal., 2017).

The integration of ML and RS in crop yield prediction offers a powerful tool for farmers,

enabling precise decision making and contributing to sustainable agricultural practices.

1.1.4. Study area

The study area (Figure 1.1) represents agricultural land situated in MezOhegyes,
Békés County, adjacent to the Romanian border (46°19’ N, 20°49" E). Mezdhegyes is a
town that covers a total administrative area of 15,544 hectares, with a population of 4,950.
The soil prevalent in its meadows and lowlands is predominantly chernozem, acommonly
occurring soil type characterized by high lime content, making it exceptionally suitable
for agriculture, particularly for cultivating cereal and oil seed crops. In particular, there
exists an experimental farm, Mez6hegyes Ménesbirtok Zrt., which holds significance not
only for Mezéhegyes but also for the surrounding settlements; it stands as one of
Hungary's leading agricultural enterprises, boasting an extensive land area of 9,862
hectares. According to the climate records obtained from the Mez6hegyes station, the
total annual precipitation between May 21 and June 28, 2020, a very high rainfall for this
agricultural area was recorded at 190.6 mm, for the 2021 season, it was 575 mm (with

458 mm occurring during the crop-growing period).
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Figure 1.1. The study area

1.2. Problem statement

In the agricultural landscape of Mez6hegyes, Hungary, the accurate prediction of
crop yields emerges as a critical challenge. Traditional methods for estimating yields
often fail to provide the precision required for effective decision-making by farmers and
agricultural stakeholders. Integration of ML techniques and RS data offers a promising
approach to enhance the predictive capabilities of crop yield models. To produce reliable
and accurate predictions, advanced modeling techniques are needed due to the
complicated relationship between crop health indicators, environmental conditions, and
historical performance. An improved strategy is necessary to achieve the best findings
due to the unique limitations presented by the Mez6hegyes, the location of the study area.
Predicting crop yield is a substantial challenge in agriculture, with weather elements such
as rainfall and temperature, along with the influence of pesticides, significantly affecting
agricultural productivity. Having precise information about the historical performance of
crop vyields is crucial for informed decision-making related to agricultural risk
management and accurate forecasting of future yields (Kavita and Mathur, 2020). All
levels of decision-makers, local and global, face difficulties in predicting crop yields. A

reliable yield prediction model can help farmers plan what to grow and when to sow it.
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1.3. Research Objectives and Questions

The main objective of the dissertation is to predict crop yield by advanced
statistical modeling using satellite-derived vegetation indices and crop phenology.
Furthermore, research seeks to contribute valuable information to improve agricultural
decision-making. The findings of this study are intended to provide a foundational
understanding with broader applications, particularly in predicting crop yields across
various crops and regions, emphasizing the unique context of European agricultural
systems. To achieve these objectives in a comprehensive way, the study plans to assess
and compare the effectiveness of high- and medium-spatial-temporal resolution satellite
imagery, including PS, S2, and Landsat 8 (L8). Leveraging the time-series analysis of the
phenological stages and employing ML techniques, the research aims to evaluate the
estimation of soybean and sunflower yields on the field scale. A specific focus is on
developing a robust and accurate model for sunflower and soybean crop species. The
ultimate objective is to establish a relationship between satellite-derived predictive
features and crop yield from a GPS combine harvester. The expected result is to provide
timely, field-specific information to farmers, stakeholders, and decision makers, allowing
effective crop management and yield optimization. Taking into account the theoretical
framework and objectives, the following general research questions are developed:

1) Can the integration of time series analysis of Sentinel-2 imagery with ML algorithms
identify the optimal date for accurately estimating sunflower crop yield before the
harvesting stage?

2) At what phenological stage of sunflowers is the monitoring and mapping of yield most
effective, using satellite-derived features and ground truth data from combine harvesters?
3) How does the accuracy of the soybean prediction model change when using different
spatial-temporal resolution satellite images? Assessment of most common satellite
sensors (e.g., PS, S2, and L8) in soybean yield monitoring.

4) How does the integration of environmental data, such as climate and topographic
variables, enhance the precision of soybean yield estimation models when combined with
multispectral satellite imagery?

5) How effective is the integration of radar and optical satellite imagery with LiDAR-
derived features in predicting soybean yield within field variability?



1.4. Data and Methods

The Materials and Methods sections of Chapters 2, 3, 4, 5 and 6 contain particular

information about the data and procedures used. The summaries that follow are brief and

designed to provide a broad overview.

a)

b)

d)

RS data comprised six cloud-free Sentinel-2 images acquired between April and
September 2020. These images were pre-processed and resampled to a 10-meter
resolution for analysis. Spectral reflectance values from 10 bands of Sentinel-2
were used as predictor variables to build regression models.

Sentinel-2 Level 2 A (L2A) BOA reflectance products were acquired from the
Copernicus Open Access Hub (https://scihub.copernicus.eu/dhus/#/home,
accessed 1 September 2021). Sixteen cloud-free images were downloaded,
covering various stages of sunflower growth from April to September 2021, were
downloaded.

Eighty-one cloud-free PS Level-3 Surface Reflectance products during soybean
growth  (April-October)  were  obtained  from  Planet  Explorer
(https://www.planet.com/explorer/; accessed August 25, 2022). PS Super Dove
provided eight spectral bands with a 3 m pixel size. Harmonized with S2, the
images were a subset of the AOI.

Landsat 8 OLI images were crucial. Sixteen cloud-free L8 OLI Level-2 Collection
2, Tier 1 scenes were downloaded from the USGS data center
(https://earthexplorer.usgs.gov/; accessed April 10, 2022). These images, with 30-
m spatial and 16-day temporal resolutions, were chosen during the growing
season.

Sentinel-1 (S1) C-band radar images with a spatial resolution of up to 5 meters
and a revisit time of up to 12 days were used, allowing images to be taken day and
night in all weather conditions. S1 penetrates clouds, rain, and vegetation.
Additionally, a highly accurate LIDAR Digital Terrain Model (DTM) with a

spatial resolution of 5 cm was acquired for the study area. The DTM data were generated

from airborne radar data collected on April 19, 2019. Rescaled datasets were used to

compute secondary variables such as slopes and aspects, serving as input parameters for

estimation models.

Crop vyield data were collected from the MezOhegyes farm during the crop

growing season, harvested using a John Deere W650i combine harvester equipped with



a yield mapping system and Green Star software. This software recorded crop yield data
in a point shape format, generating approximately one yield record every 2 seconds,
viewable and manipulable in a GIS. To improve data quality, the crop yield data was
filtered to eliminate outlier values based on established criteria (Kharel et al., 2019).
Given that commercial yield monitors may record inaccurate data when harvested rows
overlap, potentially indicating a falsely low crop yield in specific field areas, sequences
of points showing near-zero yield were removed. The calibrated and filtered crop yield
data were sourced from the company overseeing farming operations in the study area,
retaining only data with dimensions corresponding to the header of the combine harvester
(i.e., 2 m x 6 m). Subsequently, the crop yield data were converted into raster format
using the inverse distance weighted (IDW) interpolation method in QGIS v.3.16, aligning
with the resolution of each satellite image.

Additionally, I utilized software tools such as SNAP 8.0, ERDAS IMAGINE
2020, R 3.6, and Python 3.11.3, depending on the specific requirements of the tasks.

1.5. Dissertation outline
The chapters draw on scientific articles published in peer-reviewed journals. Each

chapter outlined in the following articulates its research objectives, with the overall
conclusions and future outlook provided in the comprehensive conclusion and
perspectives section. Furthermore, each chapter can be regarded as an exploration of an
independent research query.

Chapter 1 provides an overview of the dissertation, including a brief review of the
literature that explores the main study subjects. It also includes a description of the
research field, a formulation of the problem statement, an explanation of the research
goal, the formulation of hypotheses, and an outline of the dissertation's structural
framework.

Chapter 2 outlines the methodology used in the study conducted at the experimental farm
of Mezdhegyes in Hungary. Data collection involved various agricultural practices such
as seeding, weed control, and harvesting, utilizing advanced technology such as yield
mapping systems. Remote sensing data from Sentinel-2 satellites were used to extract
spectral reflectance values for the development of the model. Training and validation
datasets were selected from 20 sunflower fields according to size. The RFR technique
was used to build yield estimation models, with optimized parameters and model

performance assessed using metrics like R? and RMSE. The models exhibited promising



accuracy, especially in capturing the peak vegetative period of sunflowers, and were
validated on independent datasets for robustness.

Chapter 3 focused on the use of S2 satellite data to monitor and predict sunflower crop
yields in Mez6hegyes, Hungary. We employed nine VIs and three machine learning
methods (MLR, RFR, SVM) to predict crop yields and assess their performance. The key
findings revealed the highest correlation between VIs and observed crop yields during the
inflorescence emergence stage (86-116 DAS). RFR demonstrated superior performance
compared to MLR and SVM. The results highlight the efficacy of remote sensing and
machine learning in accurately predicting sunflower crop yields, offering valuable
insights for precision agriculture applications and decision support in the farming sector.
Chapter 4 investigated the estimation of soybean yield using PS, S2, and L8 satellite
data, focusing on temporal and spatial patterns. The phenological stages demonstrated
consistent patterns across the VIs and spectral reflectance values. The peak vegetative
period, crucial for yield estimation, occurred between 187 and 223 DOY. RF regression
was applied, revealing that the combination of fourth node, fifth node, and beginning
bloom dates with the multispectral bands PS, S2 and L8 multispectral bands achieved the
best performance, with R2 values ranging from 0.7 to 0.9 and RMSE from 0.183 to 0.321
t/ha. Integrating environmental data further improved accuracy. PS exhibited the highest
accuracy, followed by S2 and L8. Spatial prediction validated the effectiveness of the
model, with PS and S2 outperforming L8. RF effectively captured the variability of
soybean yields, highlighting the importance of temporal, spatial, and environmental data
in precision agriculture.

Chapter 5 uses satellite imagery S1 and S2 to predict soybean yield analyzed using
machine learning techniques, including RF, Multiple Linear Regression (MLR), Decision
Trees (DT) and k-Nearest Neighbors (KNN). By integrating the S1 and S2 data with
topographic information, particularly during the crucial soybean phenological period in
August, the Random Forest model consistently outperformed other methods. The
combination of satellite and topographic data significantly improved yield predictions,
showecasing the potential of this integrated approach for precise and early soybean crops,
with validation results demonstrating high accuracy and reliability in yield estimation.

Chapter 6 describes the main conclusions, implications, limitations, and suggestions.
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Abstract: Accurate estimates and predictions of sunflower crop yields at the pixel and
field level are critically important for farmers, service dealers, and policymakers. Several
models based on remote sensing data have been developed in yield assessment, but their
robustness—especially in small field scale areas—needs to be examined. Here we aim to
develop a robust methodology for estimation/prediction of sunflower yield at pilot field
scale using Sentinel-2 remote sensing satellite imagery. We conducted the study in
MezO6hegyes, south-eastern Hungary. The Random Forest Regression (RFR), a machine
learning technique was used in this research to translate the Sentinel-2 spectral bands to
sunflower yield based on crop yield data provided by a combine harvester equipped with
a yield-monitoring system. Sentinel-2 images obtained from April to September were
used to find the best image for prediction. The satellite image acquired on June 28 was
found best and considered further for prediction sunflower yield. A developed training
model was tested and validated in 10 different parcels to evaluate the performance of the
prediction. We examined the results of the prediction model (predicted) against the actual
yield data (observed) collected by a combine harvester. The results demonstrated that
using 10 spectral bands from Sentinel-2 imagery the best time to predict sunflower yields
was between 85-105 d into the growing season during the flowering stage. This model
achieved high accuracy with low normalized root means square error (RMSE) ranging
from 121.9 to 284.5 kg/ha for different test fields. Our results are promising because they
prove the possibility of predicting sunflower grain yield at the pixel or field level, 3-4

months before the harvest, which is crucial for planning food policy.

Keywords: Remote sensing; Random Forest Regression; Sentinel-2; sunflower; yield

prediction.

2.1. Introduction

Sustainable agricultural crop production is essential to the provision of food grain
products, but various obstacles prevent farmers from achieving the potential high crop
yield from cultivated arable lands (Mishra et al., 2021). Early-stage crop growth and crop
yield information is necessary for synchronizing agricultural production to meet national
and global food demands and maintain food security (Bastiaanssen and Ali, 2003).
Sunflower is an essential oilseed plant that originates from South America and is currently
cultivated in many countries in the world (Adeleke and Babalola, 2020). Total annual

production is over 50 million tonnes and has been increasing over the past decade
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(Konyali 2017, FAO 2019). Sunflower ranks second most consumed oil crop after
soybean due to its very high oil content (36%-55%). Besides, oil extracted from sunflower
oilseeds has been considered healthy and nutritional food that is beneficial for human
consumption. Moreover, the pharmacological survey on sunflower showed that it has
many medicinal values to protect from different kinds of illnesses. The advantages of
sunflower such as blood pressure and diabetic control, skin protection, and lowering
cholesterol and other functions. Hungary is one of the larger sunflower producer in the
European Union member states. Hungary accounted for nearly 20% of the EU’s total
production (8.8 million tonnes) which makes it the second larger sunflower producer
country after Romania in 2020, according to the EUROSTAT. There is high demand to
expand the cultivated lands and increase sunflower seed production in the country.
Considering the limited availability of arable lands, a significant part of this
increased demand will be met through intensive precision agriculture, with a concomitant
increased use of fertilizers, pesticides, water, and other inputs (Sishodia et al., 2020).
Fertilizers and chemicals for agricultural production cause yield reduction and increased
water and nutrient losses from agriculture that lead to environmental degradation and
eutrophication (Kleinman et al., 2011; Konikow, 2015, 2015; Wen, 2006). There are
several ways of predicting crop yields, from a field to regional scale using remote sensing
techniques (Leroux et al., 2019). Advanced technologies such as remote sensing, global
positioning systems (GPS), geographic information systems (GIS), the internet of things
(IoT), big data analysis, and artificial intelligence (Al) and machine learning (ML) are
important tools for optimizing agricultural practices, enhancing production, and reducing
inputs and crop yield losses (Elijah et al., 2018; Delgado et al., 2019; Jha et al., 2019). Al
methods, such as ML algorithms (for instance, artificial neural networks) have been used
to estimate ET, soil moisture, and crop behaviour predictions for automated and precise
application of water, fertilizer, herbicides, and insecticides (Boursianis et al., 2020).
These breakthrough technologies and tools provide timely information to farmers to
characterize spatial variability (for instance, of soils) within farms and large crop fields
that negatively affect crop growth and yields (Koch et al., 2004). Remote sensing can be
used to evaluate spatial variability in crop yield (Taylor et al., 1997), and can be an
efficient technology in precision agriculture for estimating crop status during the growing
season, particularly in assessing the correlation between spectral vegetation indices
during crop growth and crop yield (Gitelson et al., 2012). Estimating crop yields at the
field level before harvesting is of great interest to farmers, government agencies, traders,
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decision makers, and policymakers. Meanwhile, early prediction of yields informs
decisions on the collection, processing, storage, transportation, and export and import of
agricultural products (Ji et al., 2021).

The many earth observation systems that have been developed include the
moderate resolution imaging spectroradiometer (MODIS) and Landsat satellite imagery,
which is commonly used for Agricultural applications (Funk and Budde, 2009). The
Sentinel-2 satellite developed by the European Space Agency (ESA) as part of the
Copernicus program in 2015 carries a multispectral high-resolution instrument (MSI),
which has great potential to monitor crop plants at farm scale over agricultural lands
(Goffart et al., 2021).

Several approaches have been developed to forecast different crop yields at
regional and field scale, based on remotely sensed vegetation indices and crop yield data
(Wang et al., 2014; Andrianasolo et al., 2014; Schwalbert et al., 2020; Trépos et al., 2020;
Cavalaris etal., 2021; Nagy et al., 2021;). (Narin and Abdikan, 2022) estimated sunflower
yield using crop phenological stages obtained from Sentinel-2 satellite images based on
linear regression. The study was carried out in Zile district of Tokat province, Turkey
which has dense sunflower production. In their research, ten Vegetation Indices (VIs)
were used from Sentinel-2 data acquired during the growing phases of sunflowers. As a
result of the study, R?= 0.67 the highest coefficient of determination and The Root Mean
Square Error (RMSE) lower than 13 kg/da was found on 30 June, at the stage of
inflorescence emergence. The best forecast was obtained by NDVI (R?=0.74 and
RMSE=10.80 kg/da) about three months before the harvesting stage. (Fieuzal et al., 2017)
predicted sunflower seed by assimilating ground and optical or microwave satellite data
into an agrometeorological model at the field scale using the leaf area index (LAI) and/or
the dry mass (DM) of the crop. They used an agrometeorological model called SAFY-
WB which combines crop growth and a water balance e (FAO-56) model. The LAI was
extracted from multitemporal satellite images obtained by five sensors both Synthetic
Aperture Radar (SAR) and optical (TerraSAR-X, Radarsat-2, Formosat-2, Spot-4/5), over
the study area located in southwestern France whereas DM was measured during the field
campaign. Firstly, they simulated temporal dynamics of biophysical parameters (i.e., LAI,
DM, and yield) and calibrated with measured biophysical parameters. The result
demonstrated that temporal changes of LAI and DM can be accurately calibrated over the
five studied working farms with R?pm > 0.85 and R?_.a1> 0.94 with a relative root-mean-

square error (RMSE) < 30%. Then, sunflower yield was estimated (R?> 0.85) over 140
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ha, with RMSE ranging from 0.20 to 0.54 t\ha by using both the LAI derived from radar
and optical data. Trépos et al. (2020) predicted sunflower crop yield using model
SUNFLO (combine of the simulation of the crop model and the time series of the leaf
area index (LAI) derived from Sentinel-2A and Landsat-8 and extracted over 281 fields
near Toulouse, France). They proved that data assimilation leads to statistically
significant improvement in predictions than the simulation alone achieves (from an
RMSE of 9.88 g/ha to an RMSE of 7.49 g/ha). Their model obtained better results by
relying on smoothed LAI rather than raw LALI.

The main purpose of this study is to develop a robust method to estimate and
predict sunflower crop yield by maximizing the high spatial resolution of Sentinel-2
satellite imagery, at the field level scale of agricultural fields by using RFR. We
hypothesized that the yield data would have a significant correlation with Sentinel-2
spectral reflectance values. We addressed the following relationships in this research:

e the connection Sentinel-2 derived spectral information and sunflower crop yield
data;
o the optimal correlation model between 10 spectral bands and crop yield data using

RFR to estimate sunflower crop yield before the harvesting stage.

In addition, we assessed the significant differences between observed and predicted
yield values in different yield months. We were thus able to determine both the accuracy

of the overall prediction and the prediction model that gave the best result.

2.2. Material and methods
2.2.1. Study area

The experimental farm of MezOhegyes is located in MezOhegyes town, Békés and
Csongrad-Csanad counties, Hungary, next to the Romanian border (latitude 46° 19' N,
longitude 20° 49' E) (Figure 1). The total administrative area of the town is 15 544
hectares, and its population is 4950 people. Chernozem is a very common type of soil that
supports both plant growth and high yields (Amankulova et al, 2021). The meadow and
lowland chernozem, with their high lime content, provides an excellent basis for field
plant cultivation. Chernozem is a very fertile soil that produces high agricultural yields
and offers excellent agronomic conditions to produce crops, especially cereals and
oilseeds. Mezdhegyesi Ménesbirtok Zrt. (the experimental farm of Mezb6hegyes) plays an

important role in the lives of both Mezdhegyes and the neighbouring settlements.

15


https://hu.wikipedia.org/wiki/Csongr%C3%A1d-Csan%C3%A1d_megye

According to the operational water scarcity assessment and forecasting system in
Hungary and the experimental farm of Mez6hegyes, between May 21 and June 28, 2020,
a very high rainfall for this agricultural area was recorded at 190.6 mm. Climate records
at Mez6hegyes station (next to the selected fields) show that annual rainfall there was 575

mm (458 mm in-crop) for 2020 season (Flgure 2).
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Figure 2.1. Study area. The areas highlighted with red colour indicate test fields. (Natural
colour composite from Sentinel-2 imagery; bands: RGB (4, 3, 2): acquisition date: 28th
June 2020)
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Figure 2.2. Monthly precipitation and temperature at: Mezéhegyes Meteorological
Station in 2020. (Data derived from http://aszalymonitoring.vizugy.hu)

2.2.2 Field data collection and preparation
2.2.2.1 Crop Information

The sunflower is one of the common crop species in the Mezohegyes. The total
area of arable land is 8126 hectares, and includes 102 field plots of different sizes. Field
preparation was carried out for the seeding process on March 26 and sunflowers were
sown on March 31, 2020. There were 20 parcels occupied by sunflowers totalling 1174,4
hectares, which in 2020 contributed almost 15% of the total area. Farmers implemented
weed control on May 7 using chemicals against weeds followed by those against insects
and bacteria, conducted on June 29. We administered no additional nutrients or irrigation
to increase the fertility of the sunflowers during the growing season, and on October 28,
at the end of the growing season, crop harvested with a John Deere W650i combine
harvester equipped with a yield-mapping system providing, through the associated Green
Star software, a yield data in a point shape format approximately one yield record every
2 seconds that were viewed and manipulated in a geographic information system (GIS).
Because, as chemicals to speed up the ripening of the sunflower seeds were not used,
crops were harvested late, the seeds dried naturally. The average sunflower yield data was
4000 kg/ha from 20 parcels. First, crop yield data is filtered, removing incorrect values
recorded by the yield monitor (Kharel et al., 2019). Commercial yield monitors are prone
to erroneous data when harvested rows overlap, suggesting that there is a low yielding
crop in specific areas of the field. Therefore, straight-line sequences of points that showed
near-zero yield were removed from the dataset. Calibrated and filtered crop yield data for
this research were collected from the company that owns and manage the study site’s
farming operation. Only yield data with the same width and distance were left
corresponding to the combine header dimension (i.e., 2x6 m). We then converted the crop
yield data to raster format using the IDW interpolation method in QGIS v.3.16 with 10 x
10 m same pixel size than satellite image. We used this data further as a response variable

for the crop yield estimation model using Sentinel-2 spectral reflectance.

2.2.2.3 Remote Sensing Data

We downloaded six cloud-free satellite images of the Sentinel-2 from the

Copernicus Open Access Hub website (https://scihub.copernicus.eu/dhus/#/home) during

the sunflower growing period from April to September, 2020. We downloaded all images
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in L2A format, bottom of atmosphere reflectance—meaning they had already been
atmospherically and geometrically corrected. Sentinel-2 twin satellites (A and B) carry
multispectral instruments (MSI) on board, offering 13 spectral bands at different spatial
resolutions (10, 20, 60 m), which provides new opportunities for both regional and global
agricultural monitoring (Vijayasekaran, 2019a). The yield forecasting stage contains
several steps. In Figure 3 we summarize the overall research workflow. First, we
resampled all images from different pixel sizes into 10 m resolution using the Sentinel

applications platform (SNAP) version 8.0 (https://step.esa.int) developed by ESA. We

further extracted the study fields by mask layer using the official crop plan map shaped
as a mask layer. Thereafter we created a grid rectangle (polygon) at 10 x 10 m to
extract pixel values for model development corresponding to the Sentinel-2 image spatial
resolution. We extracted pixel values from 10 spectral bands (bands 2, 3, 4, 5, 6, 7, 8, 8A,
11 and 12) of Sentinel-2 using the point sampling tool—a free and open-source plugin in
QGIS. Obtained spectral reflectance values were used as predictor variables in the

regression analysis.

SATELLITE IMAGE YIELD DATA
- High resolution (e.g., Sentinel-2). - Harvested using different combine.
- Cloud free interface. - Cleaning yield data. -
- Select images from growing stage. - Interpolation (same grid size than
- Resample bands into 10m. Sentinel-2 satellite image)
- Subset study fields by mask layer.
- Extract reflectance values.

\ 4

Training and validation data selection.
Calibration of reflectance value and crop yield data.

Vv

Building yield forecasting models

- Random Forest Regression (RFR).
- Test images from different date.
- The coefficient of determination (R?)
- RMSE

\ 4

Model validation

Figure 2.3. The overall methodology adopted in this research.
2.2.2.4 Selection of training and validation data set.
The total of 20 sunflower fields were used in this study (Figure 1). We used 10 sunflower
fields for training model development and 10 fields for validation of the model. There
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were fields of different sizes thus selection of the training and validation data sets were
made according to the size of the fields (Figure 4). Every first parcel was selected as a
training site and every second left out for the validation step to ensure similarity for both

datasets.

Fields
160

140
120

100

Area (ha)
&8 3 8

N
Q

1 84 19 87 32 33 30 31 2 40 39 63 46 23 66 8 6 30 34 6a

o

Figure 2.4. Selection of training (yellow) and validation (red) sites according to field

size.

2.2.3 Building yield estimation models and validation

RFR is based on the decision tree algorithm that was used to accomplish crop
yield estimation (Smith et al., 2013a). RFR is a supervised machine learning technique
that uses the ensemble learning method for regression. The main advantage of this method
compared to the decision tree is the performance of RFR combines predictions from
multiple machine learning algorithms to make a more accurate prediction than a single
model (Fawagreh et al., 2014a). The results acquired from each tree are based on a
majority vote of all associated trees. Another advantage of RF over any other technique
is it performs well on large datasets. A random forest regression model was implemented
using the ‘randomForest’ package in R software (Liaw and Wiener, 2012). Two
parameters were adjusted to optimize the RF regression model: ntree, the number of trees
grown in the regression forest, was set at 500; mtry, the number of different predictors
sampled at each node (default = the number of predictors divided by 3). We created 6
models from six different months (April to September) using spectral bands as predictive
variables to find the best correlation coefficient to predict crop yield. We based our yield
estimation model on time series of Sentinel-2 (April to September) against crop reported
statistics using RFR First, we calculated average crop yield data for each pixel
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corresponding to the spatial resolution of Sentinel-2. Furthermore, we extracted the
spectral reflectance of the 10 spectral bands. The best RFR model was obtained, and we
tested and validated it in 10 different sunflower parcels. The result of the prediction from
test sites was compared with observed yield data and residuals are calculated. To assess
the performance of the prediction model accuracy, we calculated metrics including
coefficient of determination (R?), and root means square error (RMSE) based on the

following formulas:

2 _q _RBsSS
R* =1 oo 1)

RMSE = i -y)? (2)

n

2.3. Results
2.3.1 Accuracy of RF Regression Model

We created six models using Sentinel-2 satellite images (April to September) that
were captured during the growing period of sunflower (Figure 5). We obtained a high
coefficient of determination (R2 = 0.84) between the training data sets for an image
acquired on June 28 from the RFR model. In this study, Sentinel-2 10 spectral bands were
used to build an RFR model based on crop yield data. The phenological stage showed
that the sunflower was at its peak vegetative period at the end of June (Figure 6). We
observed the strongest coefficient of determination (R2) between 10 spectral bands and
crop yield in June because it represented the highest vegetative period and the lowest
relationship from April to May. The calibrated model was then validated on a completely
independent data set that had a total of 10 fields for the 2020 seasons. A random forest
regression model derived from RFR best model was used for further prediction of
sunflower crop yield in test fields. The results showed that the high accuracy in the
training data set did always represent high accuracy in the test data set.
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Figure 2.5. Relationship between observed and estimated sunflower yield using RFR
model of training data set.
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2.3.2 Spatial Prediction and Validation

We created the crop yield spatial distribution map of the validation field for each
pixel based on the best performing RFR model. For the validation, the satellite image

captured on June 28 was used as it was found the best during training model development.
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Figure 7 shows predicted sunflower yields for each pixel. Crop yield was very high where
vegetation values were high, whereas the lowest crop yield came from the areas with low
vegetation pixel values. We used the observed average sunflower crop yield from 10
parcels to validate the prediction model and to calculate the accuracy of the forecast. We
compared the result of the predicted map with the observed crop yield provided by the
combine harvester. Visually, the distribution map based on the regression models
reflected the general pattern of the observed yield with a relatively small variation in the
within-field patterns. From the predicted yield map, we were also able to highlight some
areas underestimated and overestimated by the model.

For further analysis of the comparison between actual and estimated spatial
distribution maps, we created residual maps (Figure 8). In general, the residual map
resembles the spatial distribution of the actual crop yield derived from the combine
harvester, with some features on the underestimated and overestimated pattern from the
estimated crop yield values highlighted. As we show in the residual map (Figure 8), in
Fields 23, 40, 63 and 84, the regression models showed slightly underestimated patterns
across the fields. On the other hand, in Fields 30, 31 and 33, almost one-thirds of the area
of the field had a tendency of overestimation, while small areas in the fields had a
tendency to underestimate. These errors might be due to various reasons including
elevation, different cultivars, inland excess water, and different agricultural management
practices. The regression model was estimated slightly well across the fields such as 6,
85, and 87 with fewer errors. The field specific RMSE values showed that the accuracy
of the models was different from field to field, as the RMSE values ranged between 121.9
and 284.5 kg/ha (Figure 9).
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Figure 2.9. RMSE values for individual fields using RFR model of the test data set.

2.4. Discussion

2.4.1 Factors Affecting the Accuracy of the Regression Models

Our results indicate that sunflower crop yield can be estimated using Sentinel-2

imagery with acceptable accuracy. Data distribution differences between each
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observation field used in the training and test data set might have caused the different
output accuracy of the models. Different agronomic practices were performed within each
observation field this might lead decrease in the accuracy of the model. Another factor
that can affect the accuracy of the regression models is crop yield data which was taken
from company. We do not know the calibration of the crop yield provided by the combine
tractor thus we only used points with the same width and distance according to the

combine header.

2.4.2 Crop yield distribution map and future development

The accuracy of the RFR model (RMSE 121.9 kg/ha) was more robust compared
to a previous study by (Trépos et al., 2020), who also predicted sunflower crop yield by
assimilating leaf area index into a crop model (RMSE 7.49 q-ha?). Our study
demonstrated robust methods to predict the sunflower crop yield at the field scale based
on Sentinel-2 satellite imagery and the observed yield data obtained from the combine
harvester. To find the best period for estimating potential yield, we examined the daily
spectral reflectance data produced by a time-series interpolation process for each
Sentinel-2 pixel against yield maps recorded by the harvester machine. We used the
determination of satellite-derived parameters in the crop modelling process. The
sunflower is planted in the mid Spring, usually during April in Europe; seedlings emerge
shortly thereafter, and tillering is completed during March. The validation of the RFR
derived models produced good results in predicting sunflower yield. In addition, we
obtained a better prognosis estimating the average sunflower yield for the most sensitive
period (June and July) than that obtained using estimation models obtained individually
from Sentinel-2 imagery on a particular day of the month. In summary, high spatial
resolution remote sensing images such as Sentinel-2 images have significant potential in
sunflower yield prediction. The crop yield distribution map can provide a better
understanding of identifying areas with low or high yield for better management
practices. The distribution map derived from the RFR model (Figure 7) clearly shows the
within-field and between-field patterns of crop yield spatial variability. Further research
will focus on the optimization of the proposed methodology through the incorporation of
additional fields with different soil nutrient content, climate data with different crop
species such as autumn wheat and hybrid corn, under different management and practices
or in different areas and cultivation years. Our approach can therefore be enhanced by

modifying it using deep learning or multivariable regression methods and hyperspectral
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data because it performs better than optical spectral reflectance methods in crop yield
prediction and can enhance the result of the model (Ferrio et al., 2005; Ye et al., 2007;
Csendes and Mucsi, 2016; Liaqgat et al., 2017).

2.5. Conclusions

This study demonstrates that the satellite based RFR model successfully can
predict sunflower crop yield at a pixel or field level. The main purpose of our study was
to develop a robust model for the estimation/prediction of sunflower yield at the field
level using the spectral reflectance generated from Sentinel-2 satellite imagery. We
derived our sunflower yield forecasting model based on 10 multi-spectral bands of
Sentinel-2 remote sensing data. From techniques we developed based on six different
months selected from the growing phase of the sunflower (April to September 2020), we
determined that crop yield can be predicted 3-4 months before the harvesting stage. We
found the highest relationship between Sentinel-2 spectral reflectance and crop yield data
provided by the combine harvester on June 28 when the sunflower was 85-105 d into the
flowering stage. The regression analysis using RFR was capable of predicting the crop
yield of test fields with RMSE values ranging from 121.9 and 284.5 kg/ha. The satellite-
based prediction model might be able to provide farmers with useful information about
field-specific variability in crop yield. With this proposed prediction model, it will be
possible to forecast sunflower crop yield at the pixel or field level—which is of great
interest to farmers, stakeholders, and decision-makers to prevent potential crop yield loss.
The main advantage of our model lies in its simplicity and enhanced precision. Spectral
reflectance derived from Sentinel-2 can accurately predict crop yields and could be
implemented on a large or small scale. Prior knowledge of crop type, together with many
known yields with images, will render predictions even more accurate. To the best of our
knowledge, this is the crucial case study establishing a satellite-based estimation model
for sunflower crop yield. This model is good for further application of crop yield
prediction at the pixel and field level. The proposed method in this study is expected to

be adapted for other locations and different crops by arranging a suitable training process.
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Abstract: Timely crop yield information is needed for agricultural land management and
food security. We investigated using remote sensing data from the Earth observation
mission Sentinel-2 to monitor the crop phenology and predict the crop yield of sunflowers
at the field scale. Ten sunflower fields in Mezbéhegyes, southeastern Hungary, were
monitored in 2021, and the crop yield was measured by a combine harvester. Images from
Sentinel-2 were collected throughout the monitoring period, and vegetation indices (VIs)
were extracted to monitor the crop growth. Multiple linear regression and two different
machine learning approaches were applied to predicting the crop yield, and the best-
performing one was selected for further analysis. The results were as follows. TheVIs
showed the highest correlation with the crop yield (R>0.6) during the inflorescence
emergence stage. The most suitable time for predicting the crop yield was 86-116days
after sowing. Random forest regression (RFR) was the best machine learning approach
for predicting field-scale variability of the crop yield (R20.6 and RMSE 0.284-0.473
t/ha). Our results can be used to develop a timely and robust prediction method for
sunflower crop yields at the field scale to support decision-making by policymakers
regarding food security.

Keywords: Support vector machine regression; days after sowing; precision agriculture;
spectral reflectance; random forest regression

3.1. Introduction

The sunflower is an important oilseed crop native to South America that is
currently cultivated in many countries around the world because of its nutritional and
medicinal value (Adeleke and Babalola 2020). It plays a significant role in the cooking
oil market because of its high level of unsaturated fatty acids and high smoke point, which
are beneficial for human diets (OECD and Food and Agriculture Organization of the
United Nations, 2016). Today, sunflowers are used for culinary purposes more than
soybeans and rapeseed because of its high oil content (Pal et al. 2015). In the European
Union (EU), Hungary is the second-largest producer of sunflowers after Romania with a
harvest of 1.8 million tons in 2020. However, despite Hungary expanding the cultivation
of sunflowers, its crop yield has decreased significantly since 2018. Timely and regular
information about crop development and crop yield is necessary to prevent potential
losses before harvesting (Szabo et al. 2019).

Remote sensing (RS) provides farmers and owners with important and necessary

information for early crop yield prediction (Huang et al. 2013). RS and modern machine
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learning (ML) approaches can be used to predict crop yields at a low cost and with high
precision (Wang et al. 2018). In agricultural research, satellite imagery facilitates the
quick and inexpensive assessment of crop yields (Singh et al. 2002). Plants undergo
physiological and morphological changes as they grow, which determine their
phenological stages. By describing these phenological stages, known as growth stages,
we can correlate them with the time that different environmental factors and management
issues take place, making it easier to understand the responses of crops. Traditionally,
ground-based monitoring is used to determine crop growth stages. These activities also
require time and resources, suggesting that large-scale implementation is not common,
despite their ability to provide accurate phenology analysis of crops. Satellite-based crop
phenology monitoring through VIs enables tracking of timely positive and negative
dynamics of crop development on crop health status. Phenology plays an important role
in agricultural production, yield estimation, modeling surface energy-water-carbon
fluxes, and managing farming practices (e.qg. irrigation scheduling, fertilizer management,
harvesting) (Lokupitiya et al. 2009; Bolton and Friedl 2013; Sakamoto et al. 2013). Due
to seasonal differences in the biochemical and physiological characteristics of crops (e.g.
light use efficiency), crops are managed by seasonal phenological development stages.
Early crop yield prediction is important for ensuring food security, generating early
warnings about field-scale variability in seed production, and ensuring reliable import
and export flows (Khaki and Wang 2019).

RS-derived vegetation indices (VIs) are widely used for monitoring vegetation
and crops (Jaafar and Ahmad 2015). Representative examples include the normalized
difference vegetation index (NDVI), soil adjusted vegetation index (SAVI), enhanced
vegetation index 2 (EVI 2), green normalized difference vegetation index (GNDVI), and
normalized difference red edge (NDRE) (Tucker 1979; Huete 1988; Gitelson et al. 1996;
Kayad et al. 2016; Xue and Su 2017). Since the late 1980s, NDVI has been the most
widely used in agricultural research for crop growth monitoring and analysis (Panda et
al. 2010). EVI1 2 is also widely used in research on crop growth and yields, and it is based
on the near-infrared and red regions of the electromagnetic spectrum. However, EVI is
less sensitive than NDV1 to different soil backgrounds (Shammi and Meng 2021). (Jin et
al. 2016) showed that the normalized difference moisture index (NDMI) is strongly
correlated to biomass with a reduced signal compared to that for dry matter. However,

NDMI contains data at 1649 and 1722 nm, which are sensitive to changes in dry matter.
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Various ML-based prediction models have been developed that use RS-derived
VIs to predict crop yields at the regional and field scales (Andrianasolo et al. 2014; Wang
et al. 2014; Fieuzal et al. 2017; Schwalbert et al. 2020; Trépos et al. 2020; Narin and
Abdikan 2022). Trépos et al. (2020) combined a simulation model with the time series of
the leaf area index (LAI) extracted from Sentinel-2A and Landsat 8 satellite images of
281 fields near Toulouse, France, to predict the sunflower crop yield. Their results
showed that data assimilation significantly improved the prediction accuracy from a root
mean square error (RMSE) of 988 kg/ha to 749 kg/ha. They also concluded that using a
smoothed LAI rather than raw LAI improved the prediction performance. (Narin et al.
2021) investigated combining NDVI and NDVI red-edge (NDVIred) generated from
Sentinel-2 satellite images with linear regression, a convolutional neural network (CNN),
and artificial neural network (ANN) for predicting the sunflower crop yield of 48 fields
in the Zile district of Tokat Province, Turkey. Their results showed that NDVI and
NDVIred could be used to predict the crop yield at the field scale. The best prediction
performance was obtained by combining NDVI and CNN, which resulted in an RMSE of
2,0874 kg/ha. Micheneau et al. (2017) used RS data and statistical models based on crop
yield data provided by a commercial yield monitoring system to predict the crop yield of
187 sunflower fields in 2014 and 2015. Their approach combined the green area index
(GAI) derived from Landsat 8 and Spot 5 products with linear, quadratic, linear-plateau,
and quadratic with plateau models. They calculated two variables for crop yield
prediction: maximum GAIl (GAImax) and green area duration (GAD). Their results
indicated that the crop yield could be accurately predicted 3 weeks before the harvesting
stage. The best prediction performances were obtained by GAD or GAD + GAlmax with
RMSE <400 kg/ha and R2 = 0.44 for both years.

In the present study, we considered a small region with different field sizes, soil,
and vegetation. Predicting the crop yield for such a study area would be very difficult
owing to the wide variability in data. Thus, we developed a new approach based on pixel-
by-pixel calculation statistics for the assessment and monitoring of crop yield and field-
scale variability. Our main objective was to evaluate the potential of different RS-derived
VIs for monitoring the field-scale variability in the sunflower crop yield when combined
with different regression analysis techniques. The following research questions were set
in this study:

Which time and crop age are suitable for predicting crop yield variability at the field

scale?

30



Which ML technique is best for high-resolution wheat yield mapping using VIs from
Sentinel-2 images?

3.2. Materials and methods
3.2.1. Study area.

Mezohegyes, Békés County, in southeastern Hungary near the Romanian border
(46°19' N, 20°49' E) is the study area, which included 10 sunflower fields (Figure 1). Five
fields were used for training, and five fields were used for testing, also there is information
about used parcels (Table 1). Mez6hegyes is a town with a total administrative area of
15,544 ha and a population of 4950 people. The soil in the meadows and lowlands is
mostly chernozem, which is a very common soil type with high lime content that is
excellent for agriculture, especially cereal and oilseed crops (Amankulova et al. 2021).
The experimental farm at Mezbhegyes (MezOhegyesi Ménesbirtok Zrt.) plays an

important role in  both  Mezdhegyes and neighbouring  settlements.
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Figure 3.1. Study area. (a) The areas highlighted with red colour indicate training fields
and the blue colour represented test fields. (Natural colour composite from Sentinel-2
imagery; bands: RGB (4, 3, 2): acquisition date: 13th July 2021). Pictures showing the
growing stage of the sunflower plant according to the dates on (b) 14 June and (c) July
30, 2021, in the field.

Table 3.1. Information about 10 sunflower fields.

Training areas Test areas

N | Field number | Field size (ha) | N | Field number | Field size (ha)
1 |Fieldl 89.9 1 | Field1 79.5

2 | Field2 55.1 2 | Field 2 4.1

3 | Field3 75.4 3 | Field3 8.2

4 | Field 4 46.6 4 | Field 4 46.6

5 |Field5 86.6 5 | Field5 18.1

3.2.2. Climate data

Meteorological datasets were downloaded for the 2021 year over the study site
(Figure 2). The daily total rainfall (mm) and mean air temperature (°C) were obtained
from the operational drought and water scarcity management system (OVF)
(https://aszalymonitoring.vizugy.hu/, accessed February 15, 2022). According to OVF
and the experimental farm at MezOhegyes, the rainfall was 428.9 mm for the 2021
growing season (i.e. from planting to harvest). Climate records were obtained from

Mez6hegyes station next to the selected fields.
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Figure 3.2. Monthly precipitation and temperature at: MezOhegyes Meteorological
Station in 2021. (Data derived from http://aszalymonitoring.vizugy.hu).

3.2.3. Crop yield measurements.

The sunflower is a common crop in Mezéhegyes. In 2021, fields were prepared
for the seeding process on March 26, and sunflowers were sown on March 31 in 20 fields
covering 1174.4 ha, which comprised almost 15% of the total area of the experimental
farm. Chemicals were sprayed for weed control on May 7, followed by chemicals against
insects and bacteria on June 29. No additional nutrients or irrigation was implemented to
increase the crop yield during the growing season. At the end of the growing season, the
sunflower crop was harvested with a John Deere W650i combine harvester on September
26. The combine harvester was equipped with a yield-mapping system with Green Star
software that recorded crop yield data in a point shape format. Approximately one yield
record was obtained every 2 s that could be viewed and manipulated in a geographic
information system (GIS). Because no chemicals were used to speed up the growing
season, the crop was harvested late, and the sunflower seeds were dried naturally. The
average crop yield of the 10 fields was 4000 kg/ha. The crop yield data were filtered to
remove outlier values (Kharel et al. 2019). Commercial yield monitors are prone to
recording erroneous data when harvested rows overlap, which would suggest a low crop
yield in specific areas of the field. Therefore, straight-line sequences of points that showed
a near-zero yield were removed. Calibrated and filtered crop yield data were collected
from the company that owns and manages farming operations in the study area. Only crop
yield data with the same width and distance were left corresponding to the header
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dimensions of the combine harvester (i.e. 2 m X 6 m). We then converted the crop yield
data to raster format by using the inverse distance weighted (IDW) interpolation method
in QGIS v.3.16 with 10 m x 10 m pixels to match the resolution of the satellite images.
We used this data as a response variable for the prediction models of the crop yield using

RS-derived VIs.
3.2.4. Satellite imagery

Sentinel-2 Level 2 A (L2A) bottom-of-atmosphere (BOA) reflectance products
were  obtained from the Copernicus Open  Access Hub  website
(https://scihub.copernicus.eu/dhus/#/home, accessed 1 September 2021). The overall
workflow is illustrated in Figure 3. Sentinel-2 satellites carry a Multispectral Imager
(MS]) that can measure 13 spectral bands at high spatial resolution: four bands at 10 m,
six bands at 20 m, and three bands at 60 m (Appendix 1). Sixteen cloud-free satellite
images were downloaded showing the various stages of the sunflower growing season
from April to September 2021. The crop age was defined by the number of days after
sowing (DAS) (Table 2). All images were resampled from different pixel sizes into a
10 m resolution using the Sentinel Application Platform (SNAP) version 8.0
(https://step.esa.int, accessed 15 February 2021) developed by the European Space
Agency (ESA). We extracted the fields in the study area by using the official crop plan
map as a mask layer in QGIS 3.16. We then created a grid rectangle (polygon) at
10 x 10 m to extract pixel values for model development to match the spatial resolution

of the Sentinel-2 images.
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Figure 3.3. Overall workflow adopted in this study.
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Table 3.2 Sentinel-2 images used in this study.

2021 Season

Planting Date: March 31, 2021

Harvesting Date: September 26, 2021

Date DAS Growing stage
April 9 9
May 11 41 Leaf
May 21 51 Development
June 20 81
June 23 84

Stem Elongation
June 25 86
July 8 99
July 13 106 Inflorescence
JUly 25 116 Emergence
July 30 121
August 9 131 Flowering

August 12 134

August 14 136
Ripening

September 6 | 162

September 11 | 164

September 26 | 179 Harvesting
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3.2.5. Sentinel-2 Vegetation Indices for Crop Growth Stage Characterization and Yield

Prediction

Nine Vs were selected to describe the stages of the growing season and predict

the crop yield based on their potential for characterizing the dynamics of crop growth

(Satir and Berberoglu 2016). All were derived from Sentinel-2 images after resampling
all spectral bands to a 10 m pixel size using SNAP version 8.0 and QGIS 3.16. These VIs
are the most commonly used for crop yield monitoring and prediction in the literature,

and their derivations are shown in Table 3.

Table 3.3 VIs and biophysical parameter derived from Sentinel-2

Vegetation ) Corresponding
Calculation formula References
Index wavelength (nm)
(Haerani et al., 2018;
NIR — Red
NDVI - B8g35.1, B4esa. Panek and
NIR+ Red 835.1 664.5
Gozdowski, 2020)
NDVIrel NIR — RedEdge B8ass1, B5 Mitchell et al., 2012
re NIR + RedEdge 835.1, B5 703.0 (Mitchell et al., )
NDVIre2 NIR — RedEdge B8ags1, B6 Mitchell et al., 2012
e NIR + RedEdge 835.1, B6740.2 (Mitchell et al., )
NDVIre3 NIR — RedEdge B8ss1, B7 Mitchell et al., 2012
e NIR + RedEdge ess1, Brezs | (Mitchell etal,, 2012)
NDI45 RedEdge — Red B51030, B4 Ghosh et al. 2018
RedEdge — Red 703.9, 26645 (Ghosh et al. )
NIRnarrow — SWIR
NDMI B8Ags4.3, B1l1s13. Das et al., 2021
NIRnarrow + SWIR aoas, Bllisia7 | ( )
NIR — Green
GNDVI N — B8s35.1, B3s560. Zhou et al., 2016
NIR + Green 8354 2000 ( )
(Lietal., 2015)
FAPAR 0.95 (1 — e~0-5*L41Y)
2.5
B8s3s.1,  Bdeeas, | (Huete et al., 2002)
EVI NIR — Red
* B2496.6
NIR+ 6 x*Red — 7.5 Blue + 1

NDVI is the normalized difference vegetation index. NDVIrel, NDVIre2 and

NDVIre3 are the NDVI red edge calculated according to bands 5, 6 and 7, respectively.
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NDI45 is the normalized difference index 45. NDMI is the normalized difference
moisture index. GNDVI is the green normalized difference vegetation index. FAPAR is
the fraction of absorbed photosynthetically active radiation. EVI is the enhanced
vegetation index.

NDVI can be used to measure the chlorophyll content, overall greenness,
vegetation health, stress, and biomass, which are highly effective predictors of the crop
yield (Haerani et al. 2018; Panek and Gozdowski 2020). Healthy vegetation reflects little
of the incident sunlight in red and blue wavelengths, which are important for
photosynthesis, reflects relatively more of the sunlight in green wavelengths, and reflects
a lot of the incident near-infrared radiation (Mitchell et al. 2012). NDMI quantifies water
content, which can be used to monitor soil moisture in the spongy mesophyll tissues of
plant canopies in high-biomass ecosystems (Das et al. 2021). GNDVI is widely used to
represent crop health (Zhou et al. 2016). We calculated LAl and FAPAR in the S2 SNAP
Toolbox biophysical variable retrieval algorithm based on specific radiative transfer
models associated with strong assumptions, particularly regarding canopy architecture
(turbid medium model). FAPAR directly measures the percentage of incoming
photosynthetically active radiation (400—700 nm) absorbed by the canopy, which can be
used to evaluate the actual importance of the leaf area and angle at trapping solar energy
for photosynthesis (Bell 1994). This assumption is valid for the growing season because
of the strong absorption capacity of photosynthetic pigments (Li et al. 2015). EVI
involves less spectral saturation, is effective at higher humidity levels, and reduces soil
and atmospheric effects (Huete et al. 2002).

3.2.6. Monitoring of sunflower phenology development

Crop phenology is dynamic during the growing season (Ruml and Vulic 2005).
BBCH scales are used in agronomy to describe the phenological development of cereal
plants including sunflowers (Lancashire et al. 1991). Phenological observations and
transition dates were recorded by farmers and authors for the 10 sunflower fields twice a
month during the growing season and adapted to the BBCH scale. Phenological stages
are considered to be reached when more than 50% of the plants in a field are at that stage.
The phenological stage of crops is estimated by surveyors based on visual observations
of the crop. Satellite-based spectral reflectance patterns were compared against field
observations. We applied NDVI, NDVIrel, NDVIre2, NDVIre3, NDI45, GNDVI,
FAPAR, and EVI to describe phenological patterns and NDMI to determine the
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vegetation water content. The time series of the VIs were extracted from the 16 Sentinel-
2 images.

3.2.7. Crop yield prediction with machine learning.

Three ML-based regression analysis techniques were considered in this study:
multiple linear regression (MLR), random forest regression (RFR) and support vector
machines (SVM). These algorithms were chosen because previous studies in the literature
showed that they performed better than other models at crop yield prediction and
monitoring (Jeong et al. 2016; Kim and Lee, 2016; Pirotti et al. 2016; Piragnolo et al.
2017; Hunt et al. 2019). The reflectance values extracted from the VIs were used as
explanatory variables while the predicted crop yield was the response variable.

MLR is used to model the linear relationship between a dependent variable (i.e.
predictant) and one or more independent variables (i.e. predictors). MLR-based least-
squares estimation is the most common approach to crop yield prediction. In this study,
we used the crop yield as the predictant and the nine VIs as predictors. Furthermore, we
assume that VIs might have some correlation with each other especially since the MLR
is prone to multicollinearity. Thus, 3 ways were used to test for multicollinearity
including correlation matrix, variance inflation factor (VIF) and Tolerance values in an
MLR model. In R, correlation matrix were created based on cor() and corrplot() functions.
VIF and Tolerance were calculated by the ols_vif_tol() function from the olsrr package
inR.

RFR is an ML technique that uses a classification and regression tree to estimate
the response variable (Breiman 2001). The algorithm is a bagging-based method that uses
a regression tree method, and it is widely used for prediction in the R software
environment with the "RandomForest™ package (Chen et al. 2021). There are two user-
friendly parameters in the random forest: ntree and mtry. The number of trees grown in
the regression forest, ntree was set at 500 and the number of variables tried at each split,
mtry was set to a default of the number of predictors divided by 3. We trained and applied
an RFR model for crop yield prediction. RFR can be used for both classification and
regression, so we used it as a regression tool. In brief, multiple classification and
regression trees were grown with a set of random predictors without pruning, and the
forest of trees was averaged. Source data for model training were bootstrapped to make

various subsets to generate a large number of trees randomly. Predictors were evaluated
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by how much they decreased node impurity when selected for splits or how often they
made successful predictions.

SVM is a classifier that attempts to find the optimal hyperplane between classes
based on statistical learning theory. It is widely used to solve problems, and it can be
incorporate different kernel functions such as linear, polynomial, spline, and radial basis
functions (RBF) (Guo et al. 2021). In this research, the most common RBF kernel type
was considered. The regression model was created using the ‘€1071° package with R
software (Liaw et al. 2018). It requires two parameters to be selected, epsilon (€) default
value of 0.1 and the cost parameter (C) was set at 1, respectively. SVM is configured by
a hyperplane, which implies selection thresholds called support vectors. Predictions are
constrained by these selection thresholds.

To validate the training models, the predicted crop yield was compared against
the measured crop yield data provided by the harvester machine. Each training model was
run 14 times with the acquired satellite images. Each time, the data were randomly
divided into two parts: 70% for training and 30% for validation. Tenfold cross-validation
was performed, and RMSE were used to assess the model performance. The model
performance improved with increasing and decreasing RMSE with the test set. The model
that performed the best was used for further testing. To assess the prediction accuracy of
the models, we calculated the coefficient of determination (R2) and root mean square

error (RMSE). All procedures were carried out in R software.

3.3. Results

3.3.1. Sentinel-2 Vegetation Indices Correlation with Sunflower Yield: Growth Stage
Analysis

The nine VIs (NDVI, NDVIrel, NDVIre2, NDVIire3, NDI45, NDMI, GNDVI,
FAPAR, and EVI) generated from Sentinel-2 data were tested for their correlation with
the actual sunflower crop yield and predictive ability. The crop ages in the satellite images
were calculated according to days after sowing (DAS). The correlation between the crop
yield and VIs was calculated throughout the growing period, as shown in Figure 4. Then,
the DAS at which each VI had the highest correlation to the crop yield was determined.
The correlation between the Vs and crop yield was very low in the vegetative emergence
and early reproductive stages (9-81 DAS). The correlation increased during the flowering
stage (81-95 DAS) and peaked when the crops reached physiological maturity (98-116
DAS). This trend was reflected by the correlation coefficient (R-value), which was less
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than 0.2 at 10 DAS and reached a maximum of 0.68 at 99 DAS for EVI and FAPAR.
Based on these results and considering the availability of satellite imagery, three dates
were selected for model training: June 25, July 8, and July 13 corresponding to 86, 99,
and 106 DAS.

Correlations Vs with Yield

1.2

=——GNDVI
———NDVI

NDVirel

0.8
NDVire2

———NDVIre3

0.6
———=NDMI

— E\|
0.4
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——NDI45

Correlation values

0.2

41 51 81 84 86 99 106 116 121 131 134 136 162 164 179

-0.2

0.4 Days after sowing (DAS)

Figure 3.4. Pearson correlation coefficient (r-value) between vegetation indices and
observed crop yield during the sunflower growing season.

3.3.2. Remote sensing-based monitoring

The RS-based monitoring of the sunflower growing period obtained a distinct
temporal pattern, as shown in Figure 5. The crop phenology and transition dates were
collected by measuring the Vls at random points in the 10 fields using the polygon tool
in QGIS 3.16. Then, the randomly selected points were averaged and distributed
throughout the sunflower development stages. The Vs based on plant spectral reflectance
(NDVI, NDVIrel, NDVIre2, NDVIre3, NDI45, GNDVI, FAPAR, and EVI) had almost
identical and consistent temporal patterns during the growing season. In contrast, NDMI
showed a negative correlation with the water stress. The VIs was lowest during the initial
stages of the growing season. After 40 DAS (around mid-May), NDMI increased in
response to an increase in precipitation. After several weeks (9-86 DAS), the VIs rose
steadily, which represented the start of the vegetative stages (i.e. seedling emergence and
true leaf development) and rapid growth of the sunflowers. The growth of the sunflowers
peaked at 86-116 DAS, which corresponded to the highest values for the VIs. The Vs
decreased at 131-162 DAS, which indicated that the sunflowers had reached maturity and
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senescence. The VIs dropped to their lowest values at 162—179 DAS, which corresponded

to the harvest time and was when the leaves dried and died.
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Figure 3.5. Sunflower phenological stages based on Sentinel-2 VIs during the growing
season.

3.3.3. Crop yield prediction.

The effectiveness of the ML approaches at crop yield prediction was evaluated.
We investigated the potential of the nine VIs at predicting the crop yield at the pixel level
before harvesting. The Vs obtained on June 25, July 8, and July 13 at 86, 99, and 106
DAS were used because they showed the highest correlation with the actual crop yield
(Figure 4).

The results showed that the VIs could successfully predict the crop yield in the
inflorescence emergence stage (86-116 DAS), which is when the vegetative growth of
the sunflowers peaked. All three ML approaches showed the highest prediction accuracy
at 99 DAS (July 8). RFR outperformed SVM and MLR. RFR realized the highest R2 =
0.75, lowest RMSE of 0.361 kg\ha and NRMSE% of 11 on July 8 (Figures 6-8). Thus,

the RFR model was applied to five independent sunflower fields for further validation.

42



RZ

0.8

0.75
0.71
0.7 0.68
0.6
054 45 ' :
0.5
0.4 0.34 0.33
0.3
0.2
RFR SVM MLR

0.1
0
86 M99 m106

Days after sowing

Figure 3.6. Coefficient of determination (R?) for training fields with RFR, SVM, and

MLR.
RMSE
0.700
0.600 0.583 059
. 0.496 491 0.494
0.500 0.489 0.49
0.392
«© 0.400 0.361 0-387
-]
S~
* 0.300
0.200
0.100
0.000
RFR SVM MLR
86 W99 m106

Days after sowing
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Figure 3.8 NRMSE% values for training fields with RFR, SVM, and MLR

Further, the correlation matrix revealed a high correlation between NDI45 and
NDVI (0.90), NDVIrel and EVI (0.93), NDMI and FAPAR (0.92), GNDVI and FAPAR
(0.90), and EVI and NDVIrel (0.93) might indicate multicollinearity (Figure 9). The
result of VIF and Tolerance shows the variables NDVI, NDVIrel, NDI45, and FAPAR
have a Tolerance < 0.1 and a VIF above 40 (Table 4). Therefore, multicollinearity is
highly likely. We excluded highly correlated Vis and run the MLR model again.
However, prediction accuracy was noticeably decreased. Thus, we used all existing

variables for further analysis.
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Figure 3.9. The image above shows the correlation matrix of the variables that are
included in our regression model.
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Table 3.4 Tolerance and VIFs values to detect multicollinearity.

Variables Tolerance VIF
NDVI 0.009495596 | 105.31198
NDVlrel 0.015239420 | 65.61930
NDVlre2 0.077675173 | 12.87413
NDVIre3 0.049541067 | 20.18527
NDI145 0.020329168 | 49.19040
NDMI 0.046560545 | 21.47741
GNDVI 0.078636104 | 12.71681
FAPAR 0.015980318 | 62.57698
EVI 0.030782124 | 32.48639

In order to evaluate the robustness of the RFR approach, different fields were
combined to develop a suitable RFR model. To ensure the equal spatial distribution of
the yield in the training dataset, Field 2 alone (89.9 ha), Fields 2 and 3 (112.5 ha), and
Fields 4 and 5 according to the area of the fields were merged. The RFR models were run
for each dataset. A combination of the different fields yielded significantly higher
prediction accuracy (i.e. RMSE = 0.155 t/ha and R2 = 0.89) in contrast with the earlier
obtained best training RFR model (i.e. RMSE = 0.361 t/ha and R2 = 0.75), respectively.
Developed a new RFR model prediction that was evaluated in both pixel and field scales.
For the pixel-level prediction, we created fishnet grid polygons with 60x30m dimensions
that contain 18 Sentinel-2 pixels (Figure 10). Average VIs and crop yield values were
calculated for corresponding grids. The pixel-based model showed an accurate prediction

relative to the field scale prediction (Table 5).
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Figure 3.10. Example of field boundary for pixel-level prediction.

Table 3.5 Result of the pixel-level wheat yield estimation with RFR

Parcel ID | R? RMSE | Parcel ID | R? RMSE
1 0.60 |0.210 10 0.58 0.360
2 0.52 |0.151 11 0.93 0.094
3 0.98 | 0.082 12 0.98 0.087
4 0.99 |0.097 13 0.80 0.294
5 0.70 |0.118 14 0.98 0.127
6 0.84 | 0.366 15 0.98 0.047
7 0.93 |0.105 16 0.90 0.340
8 0.86 | 0.115 17 0.99 0.161
9 0.59 |0.215 18 0.99 0.027

3.3.4. Spatial variability and validation

Actual spatial distribution of the crop yield within the field variability was created
based on combine harvester data (Figure 11). Owing to RFR performing the best, this

model was used to generate distribution maps of the predicted crop yield of the different
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fields. The predicted crop yield was correlated with the vegetation values. The predicted
crop yields reflected the general pattern of the observed crop yields with relatively small
variations within a specific field. For further comparison, residual maps were created by
subtracting the predicted from the observed yield map, as shown in Figure 12. The map
of residual yields also highlighted some areas underestimated and overestimated by the
model. For Fields 1 and 5 the model slightly underestimated the crop yield for almost
one-third of the area. For Fields 2, 3 and 4 the models accurately estimated the field-scale

variability with few errors.
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Figure 3.11. Observed crop yields of the test fields at the pixel level.
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Figure 3.12 Residual maps. Differences between observed and predicted sunflower crop
yield.

Regression analysis was performed between the observed and predicted crop
yields for model validation (Figure 13). The scatter plots show a significant relationship
between observed and predicted crop yields. The highest prediction accuracy was
obtained for Field 4 with an RMSE of 0.284 t/ha. The model accuracy differed among
fields, which had RMSE values ranging from 0.284 and 0.473 t/ha.
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Figure 3.13 Scatter plots comparing the observed and predicted yields of the test fields.

3.4. Discussion

In this study, all VIs showed the highest correlation with the predicted crop yield
at the inflorescence emergence stage. This is in line with the results of (Narin and Abdikan
2022), who also obtained the highest correlation in this stage. The highest correlation and
lowest RMSE between the observed yield and VIs were obtained on June 25, July 8, and
July 13 with all of the considered ML techniques. The most appropriate period for
predicting and monitoring the crop yield was 86-116 DAS. RFR was shown to be the
best ML approach for predicting the field-scale variability of the crop yield, with an R2
value of almost 0.6 and RMSE of 0.284-0.473 t/ha. Several other studies have shown that
RFR is an optimal ML technique for monitoring and predicting crop yields at the field or
regional scale because of its high accuracy and precision (Jeong et al. 2016; Kayad et al.
2019; Amankulova et al. 2023).

The results showed that VIs could be used to accurately predict the crop yield in
the middle and late growth stages according to the land surface phenology (LSP). It was
not a possible direct geographical link between ground-observed phenology and S2-
derived LSP. Because ground phenology was recorded by visual observation. However,
we found that this temporal window has a strong correlation with temperature. The RS-

derived VIs showed the highest correlation with the sunflower growth stage on the BBCH
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scale. Sentinel-2 satellites provide a 5-day temporal resolution under the cloud-free
condition with a combined constellation, which allowed us to collect spectral reflectance
data for each growth stage. Sentinel-2 images could serve as an important source of data
for monitoring and predicting crop yields at the field scale to prevent economic losses.

Applying ML increased the prediction accuracy than using VIs alone, as
demonstrated by the higher R2 and lower RMSE. RFR performed well when trained at
99 DAS on a few ground truth samples and then applied to other test fields. This indicates
that the training and test fields had similar characteristics. Mapping the spatial distribution
of the crop yield over a field of interest could support farmers for site-specific
applications.

The accuracy of the measured data affected the accuracy of the prediction model.
The observed crop yield data provided by the combine harvester were used as the ground
truth, but such equipment is prone to a degree of error. Incorrect data may be recorded
for various reasons, such as signal delay, incorrect or inaccurate combine header status
on some points, multiple combines in the same field calibrated differently, border effects,
and GPS and sensor inaccuracies (Thylén and Murphy 1996; Blackmore and Marshall
2015). The relationship between the crop yield and VIs is affected by many factors
including the soil type, nutrient content, topography, and farming practices; it can be used
to identify management zones, assess field-scale variability, and highlight the need for
precision agriculture (PA) practices.

Our results showed that the reflectance of the sunflower plants increased from
June to early August and decreased from late August until harvest time. According to the
BBCH scale, early July is the flowering stage of sunflowers, which corresponded to the
highest correlation for the VIs (Figure 4). Among the ML methods used to predict the
crop yield, SVM and MLR performed similarly with RMSE values of 489 and 491.7,
respectively, and R2 values of 0.54 for both. RFR was very effective at crop yield
prediction and outperformed MLR and SVM.

3.5. Conclusion

In this study, we evaluated the possibility of using RS-based imaging data to
monitor and predict sunflower crop yields of 10 fields. We developed prediction models
using VIls derived from Sentinel-2 MSI data to predict the crop yield before the harvest
stage. Based on the correlation coefficient between the observed crop yield and Vs, we
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determined the best crop age for predicting the yield and the best ML approach for
regression analysis:

Among the VIs, EVI and FAPAR showed the highest correlation with the crop
yield.

The most appropriate time for using the VIs to predict the crop yield was during the peak
vegetation period corresponding to the inflorescence emergence stage at 86-116 DAS.
This period not only showed the highest correlation with the observed yield but also had
relatively high satellite image availability because of the low number of cloud events
during this time.

Among the ML approaches, RFR performed the best at monitoring the field-scale
variability of the crop yield with R2 values of almost 0.6.

The results suggest that Sentinel-2 MSI products can be used to support
monitoring, mapping, and predicting crop yields of small-scale and fragmented farmland,
which will be helpful for agricultural decision-making and early warnings. Besides, we
believe that the developed model can be applied to other crops and regions in Europe,
especially Central European countries. Because Hungary has similar climatic conditions
and crop types with relevance to European agricultural systems. Future research will
focus on combining environmental variables (i.e. Topographic and soil moisture) derived
from multisource satellite imagery with deep learning approaches for crop yield
prediction. In addition, crop biophysical and biochemical parameters retrievable with
radiative transfer models such as canopy nitrogen content, canopy chlorophyll content
and canopy water content from spaceborne Hyperspectral imagery will be incorporated

into the prediction model.
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Abstract: Accurate timely and early-season crop yield estimation within the field
variability is important for precision farming and sustainable management applications.
Therefore, the ability to estimate the within-field variability of grain yield is crucial for
ensuring food security worldwide, especially under climate change. Several Earth
observation systems have thus been developed to monitor crops and predict yields.
Despite this, new research is required to combine multiplatform data integration,
advancements in satellite technologies, data processing, and the application of this
discipline to agricultural practices. This study provides further developments in soybean
yield estimation by comparing multisource satellite data from Planet Scope (PS),
Sentinel-2 (S2), and Landsat 8 (L8) and introducing topographic and meteorological
variables. Herein, a new method of combining soybean yield, global positioning systems,
harvester data, climate, topographic variables, and remote sensing images has been
demonstrated. Soybean yield shape points were obtained from a combine-harvester-
installed GPS and yield monitoring system from seven fields over the 2021 season. The
yield estimation models were trained and validated using random forest, and four
vegetation indices were tested. The result showed that soybean yield can be accurately
predicted at 3-, 10-, and 30-m resolutions with mean absolute error (MAE) value of 0.091
t/ha for PS, 0.118 t/ha for S2, and 0.120 t/ha for L8 data (root mean square error (RMSE)
of 0.111, 0.076). The combination of the environmental data with the original bands
provided further improvements and an accurate yield estimation model within the
soybean yield variability with MAE of 0.082 t/ha for PS, 0.097 t/ha for S2, and 0.109 t/ha
for L8 (RMSE of 0.094, 0.069, and 0.108 t/ha). The results showed that the optimal date
to predict the soybean yield within the field scale was approximately 60 or 70 days before
harvesting periods during the beginning bloom stage. The developed model can be
applied for other crops and locations when suitable training yield data, which are critical
for precision farming, are available.

Keywords

Soybean yield, Remote sensing, PlanetScope, Sentinel-2, Landsat 8, Random Forest

4.1. Introduction

Today, among the most important agricultural indicators is crop productivity (Sun
et al., 2019). In the context of climate change and population growth, accurately
predicting crop yields in near real-time at the plot or farm scale is important

(Maimaitijiang et al., 2020) for generating early warning information, identifying low-
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yield zones, and performing site-specific management to prevent potential yield losses.
Yield forecasting has direct implications for farmers’ incomes, food security policies,
import—export policies, and food storage (Ju et al., 2021).

Soybean is among the most important source of protein for people all over the
world and is a high-quality feed for animals (Radocaj et al., 2020). It is estimated that
one-third of annual and oilseed crops are covered by soybeans, according to the forecasts
of the European Commission. Because of the strong demand for food by 2030, the
production of soybean products is expected to continue to grow (EU Agricultural
Outlook, accessed on 17 April 2020). When one can determine the growth stage where
potential yield is impacted, management activities toward increasing soybean yield output
are most effective. For instance, the growth stage at which fertilization, frost or hail,
moisture stress, plant diseases, and pesticide application occur will affect the yield. The
vegetative (V) and reproductive (R) phases of crop development are distinguished by the
system of soybean growth periods. Crop phenology can be estimated using satellite VI
time-series signature (e.g., NDVI). This can be done simply by the extraction of crop-
specific temporal metrics related to crop phenology (e.g., maximum NDVI).

Remote sensing (RS) has been a key focus in monitoring the growth of crops and
predicting yields during the growing season using spectral bands and vegetation indices
(VIs) (Cao et al., 2020). The introduction of GPS, the Internet of Things, Earth
observation (EO), and machine learning (ML) techniques in agriculture assist farmers in
obtaining real-time information about their fields. In this regard, several EO-free and
commercial satellites have been launched over the past decades. For instance, the Landsat
8 (L8) OLI long-term historical datasets provide excellent opportunities for the
assessment, forecasting, and development of agricultural productivity models and maps
at the field and country levels (Aghighi et al., 2018). L8 complements the more than four
million scenes captured by previous Landsat missions that are freely available on the
Internet (Woodcock et al., 2008). Meanwhile, newly developed EO systems that offer
increased spatiotemporal resolutions (e.g., Sentinel-2 [S2] and PlanetScope [PS]) enable
advanced agricultural studies. PS is a constellation of nanosatellites (Doves) provided by
Planet that collects very high spatial resolution imagery (Baloloy et al., 2018), whereas
CubeSats provide daily imagery covering 200 million km?/day. The PS constellation of
130 satellites is the most likely to obtain cloud-free images for crop forecasting and
imaging of the entire Earth's surface with about 3-m spatial resolution (Breunig et al.,

2020). This constellation of PS has been used for real-time forest monitoring, plant
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growth phenology, and crop yield prediction (Rafif et al., 2021). Meanwhile, S2 carries
the twin MultiSpectral Instrument (MSI) satellites A+B onboard as part of the Copernicus
program of the European Space Agency’s enhanced precision agriculture applications
(Segarra et al., 2020). S2 images the Earth's surface in 13 spectral bands ranging from
visible to shortwave infrared. In this respect, Lambert et al. (2018) and Gomez et al.
(2019) achieved successful results using the S2 imagery to yield estimation in their
research.

The electromagnetic spectrum’s visible red, green, and blue bands and near-
infrared (NIR) bands have been widely used for monitoring crop cover, crop health, soil
moisture, nitrogen stress, and crop yields (Baez-Gonzalez et al., 2005b, 2005b;
Doraiswamy et al., 2003b; Lobell et al., 2005b; Magri et al., 2005b; Tan and Shibasaki,
2003b). When evaluating larger and spatiotemporal datasets, more advanced data analysis
algorithms have also gained popularity along with the rise in computational processing
capabilities (Schwalbert et al., 2020). With the help of remotely sensed VIs, ML
techniques, including random forest (RF) and neural networks, have consistently been
used to forecast crop productivity (Alvarez, 2009; Cai et al., 2019; Johnson, 2014; Li et
al., 2007; Shao et al., 2015). For instance, Schwalbert et al. (2020) performed a satellite-
based soybean yield estimation by combining ML and weather data in southern Brazil.
They used satellite-derived normalized difference vegetation index (NDVI), enhanced
vegetation index, land surface temperature, and precipitation as input parameters for the
yield prediction model. In their research, long short-term memory gave better results with
a mean absolute error (MAE) of 0.42 Mg ha* ~70 days before the harvesting phase.
Meanwhile, Pejak et al. (Pejak et al., 2022) conducted soya yield prediction at the field
level based on S2 imagery and soil variables with ML algorithms in Upper Austria. They
used crop yield data provided by a yield monitoring system onboard a combine harvester
as ground-truth data. In this previous study, a new approach (polygon—pixel interpolation)
was developed to fit the yield data with satellite images. As a result, stochastic gradient
descent (SGD) regression performed accurate yield estimation with an MAE of 0.436 t/ha
and an R-value of 0.83%. In another study, Andrade et al. (Andrade et al., 2022)
investigated soybean yield prediction using RS and crop yield at the field scale. Multiple
linear regression models were developed at the soybean growth stages based on L8 and
S2 NDVI. They found that soybean grain yield can be predicted 29 and 46 days after
planting, with a mean error of predictions of 153.9 kg/ha. Previous studies support the

individual capability of S2 and L8 for soybean yield estimation. However, the potential
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of these sensors has not been fully explored yet. The feasibility of estimating within-field
soybean yield variability hasn't been fully explored, though, and calls for the integration
of multiplatform data and data automation. Satellite imagery collection has improved to
a finer spatial resolution (down to one meter) and a more frequent observation rate (nearly
daily), enabling the collection of more information at the field and within-field scales to
support agricultural operations. Most of these studies relied on only RS data, which limits
the applicability of methods in other areas. EO-based studies trying to map yield at high
resolution often lack high-resolution yield data for training and validation. Grain yield
models can be made more accurate by combining RS data with GPS combine harvesters.
Thus, further studies and developments are necessary to achieve a robust model for
soybean yield prediction.

This study primarily aims to evaluate the capability of PS, S2, and L8 and their
spatiotemporal coverage in soybean yield estimation within-field variability with an ML
algorithm. To the best of our knowledge, this is the first case study to have used 8-band
PS (PSB.SD) imagery and a combination of RS data with environmental data (e.g.,
climate and LiDAR digital terrain model [DTM]) in soybean yield estimation. RF models
were trained and validated using yield data from a harvester machine.

This research contains four key questions developed to study how different combinations
of data, in terms of both type and spatiotemporal resolution, influence the accuracy of
soybean yield at the field level.

1. How do the spatial and temporal resolutions of PS, S2, and L8 affect the precision of
yield prediction?

2. Does the calculation of additional VIs contribute extra information to the estimation
model?

3. How does the estimation accuracy differ when S2, L8, and PS data are combined with
environmental data?

4. Which stage of soybean growth and individual satellite data image offers the most

accurate estimation?

4.2. Material and methods
4.2.1. Field sites

The study parcels are in MezOhegyes town, Békés county, in southeast Hungary
close to the Romanian border (latitude 46°19'N, longitude 20°49'E), where the
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Mezohegyes experimental farm is situated (Figure 1). The town has a population of 4,950
and a total administrative area of 15,544 ha. A total of seven parcels were selected for
analysis. Three fields were used for model development, and the remaining fields were
used for validation processes. Soybean is the most cultivated crop type, which covers a
1,090 ha area in total. The average field size is 36 ha, whereas the maximum area reaches
75 ha. Chernozem is a very popular kind of soil that fosters plant development and
produces abundant crops. Because of their high levels of lime, meadow and lowland
chernozem make a fantastic foundation for field plant production. High agricultural yields
and great agronomic conditions are provided by the fertile soil of chernozem, which is
best suited for growing crops, particularly cereals and oilseeds. The experimental farm of
Mezobhegyes, Mezbhegyesi Ménesbirtok Zrt., has a significant impact on both
Mezbhegyes and the nearby communities. The average annual rainfall was 645 mm
(428.9 mm in crop) for 2021. The average annual temperatures in the study site range
between 7.8°C and 11.1°C.
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Figure 4.1. Study area (Natural colour composite from PlanetScope imagery; bands:
RGB (4, 3, 2): acquisition date: 28th June 2021).
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4.2.2. Soybean yield data

High-resolution soybean yield data were collected between the 7th of September
and the 18th of October during the 2021 harvesting time using a combine machine
equipped with a yield monitoring system and GPS. In Hungary, soybean yield crops are
typically sowed in April and harvested in September. The raw yield data were cleaned to
remove inaccurate grain yield measurements caused, for instance, by the combine
harvester’s harvesting dynamics and the precision of the positioning data (Lyle et al.,
2014). When harvested rows overlap, commercial yield monitors are prone to producing
inaccurate data, which would indicate a poor crop yield in particular sections of the field.
Thus, straight-line sequences of locations with yields close to zero were eliminated.
Cleaning inaccurate grain yield includes the determination of combine delay times, and
the removal of “overlapped” data, especially near-end rows. Firstly, all GPS crop yield
points obtained from the combine harvester were uploaded as shapefile in QGIS. It was
easier to process and filter as data is organized in attribute tables. Firstly, yield points
which have zero and near-zero values were deleted from the attribute table. Secondly, we
have selected homogenous yield points with the same distance and swath width according
to the combine harvester’s header and other remaining were excluded which resulted in
tractor lagging time during the harvesting. Finally, the edge of the parcel was cut to avoid
mixed pixels. Data on crop yields were calibrated and filtered by the company that owns
and runs the farming operations in the study area. Only data on crop yields that had the
same width and length as the combine harvester’s header dimensions (i.e., 2 m by 6 m)
remained. We next transformed the crop yield data to raster format using QGIS v.3.16’s
inverse distance weighted interpolation method to 3-, 10-, and 30-m resolutions to match
the resolution of the satellite images. In order to make a fair comparison, calibration and
pixel matching between crop yield data and satellite images we performed interpolation

corresponding to the spatial resolution of the PS, S2 and L8.

4.2.3. RS data
4.2.3.1. PS imagery and preprocessing

A total of 81 available cloud-free PS Level-3 Surface Reflectance products
collected during the soybean growing phase between April and October were downloaded
from the Planet Explorer website (https://www.planet.com/explorer/; accessed on August
25, 2022). In this study, a new generation of DOVE CubeSat, PS Super Dove (PSB.SD),

was used. The PSB.SD instrument provides eight spectral bands (red edge, red, green,
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green I, yellow, blue, coastal blue, and NIR) with a pixel size of 3 m and near-daily global
time revisit (Planet Team (2017)). The PS orthorectified product was geometrically and
radiometrically corrected for surface reflection and projected to a UTM/WGS84
cartographic map projection (Planet Team, 2017). These images were harmonized with
S2 for consistent radiometry. The first coastal blue band was discarded from this study,
and images were subset to the area of interest (AOI). Finally, all PS bands were layer-

stacked together to derive VIs and crop phenological stages.

4.2.3.2. S2 image processing

During the study period, we downloaded 18 cloud-free S2 Level-2A (L2A)
satellite  images from the Copernicus Open  Access Hub  website

(https://scihub.copernicus.eu/dhus/#/home; accessed on September 5, 2022). A Level-2A

product provides images of the bottom of atmosphere reflectance covering the visible and
NIR spectral range derived from associated Level-1C datasets. MSls are equipped on S2
A and B, allowing agricultural monitoring on regional and global scales at various spatial
resolutions (10, 20, and 60 m) (Vijayasekaran, 2019b). A single S2 satellite can map the
entire globe once every 10 days and the combined constellation revisit is 5 days. Band 1
(coastal aerosol), Band 9 (water vapor), and Band 10 (cirrus) were excluded and not
considered in this research. The bands with resolutions of 20 and 60 m were downscaled
to 10 m to ensure that all channels were concatenated with aligned pixels. Further, stacked

datasets were clipped to AOI to calculate the VIs.

4.2.3.3. Landsat 8

Because of their applications in agricultural studies, remotely sensed L8 OLI
images are vital for this paper. The L8 OLI design is an advancement in Landsat sensor
technology, allowing for the collection of a significantly greater number of images per
day with improvements in signal-to-noise ratio, as well as spectral and radiometric
resolutions (Aghighi et al., 2018). Furthermore, the Landsat archive and the data collected
by L8 OLI which has 30 m spatial, and 16 days temporal resolutions are free to download
from the United States Geological Survey data center (https://earthexplorer.usgs.gov/;
accessed on April 10, 2022) within 24 h of acquisition. Sixteen relatively cloud-free L8
OLI Level-2 Collection 2, Tier 1 scenes were ordered and downloaded from
EarthExplorer Bulk Download Application. In this study, six spectral bands, four visible

and NIR bands, and two shortwave infrared (SWIR) bands present in these images except
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Band 1 (ultra blue, coastal aerosol) were chosen during the growing season. These images
were already atmospherically and geometrically corrected and orthorectified at this level.

4.2.3.4. Vegetation indices

Based on prior yield estimation research, four widely used VIs (Skakun et al.,
2021; Pejak et al., 2022; Schwalbert et al., 2020) were calculated on ERDAS IMAGINE
2020 from PS, S2, and L8 images (Table 1). NDVI (Rouse et al., 1973) and the green
NDVI (GNDVI) (Gitelson et al., 1996) are well-established and can simply retrieve
spectral reflectance indicators of crop heat stimuli (Tucker, 1979, Tucker and Sellers,
1986, Shanahan et al., 2001, Jackson et al., 2004, Vina et al., 2004). Gitelson et al. (1996)
developed the GNDVI to address saturation issues observed with NDVI for some
vegetation types at later growth stages. Because GNDVI uses the green band as an
alternative to the red band in the NDVI estimator, it is presumed to be more useful for
assessing leaf chlorophyll variability when the leaf area index (LAI) is relatively higher
(Gitelson et al., 1996). Gianelle et al. (2009) acknowledged that GNDVI was less
influenced by saturation and thus yielded consistent results of various vegetation
effectiveness leading indicators. Meanwhile, the soil adjusted vegetation index (SAVI)
includes a soil adjustment factor to make up for the difference in the influence of the soil's
brightness. According to the amount of visible soil, this factor can range from 0 to 1.
Maximum levels should be used in areas where there is more visible bare soil (Muller et
al., 2020). Although MTVI2 and MTVI are almost identical, MTVI2 is regarded to be a
superior indicator of green LALI. It accounts for soil background signatures while retaining
sensitivity to LAl and resistance to chlorophyll influence (Haboudane, 2004).

Table 4.1. Multispectral VIs investigated in this study.

Index Equation Reference
Normalized difference NIR — Red (Rouse et al.,
vegetation index (NDVI) NIR + Red 1973)

Green normalized NIR — Green (Gitelson et al.,
difference vegetation index NIR + Green 1996)
(GNDVI)
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1+L
index (SAVI) ( ) (NIR + Red + L)

Soil-adjusted vegetation (NIR — Red) (Huete, 1988)

Modified triangular | 1.5[1.2(NIR — Green) — 2.5(Red — Green)] | (Haboudane,

In SAVI, the “L " value was set to 0.5, and the soil line and slope were defined according
to the soil reflectance relationship between B3 and B4.

4.2.3.5. Monitoring of soybean phenology development

The growing season is a dynamic time for crop phenology (Ruml and Vulic,
2005). Throughout the growing season, phenological observations and transition dates
were noted for the seven soybean fields twice a month. Field measurements and spectral
reflectance patterns derived from satellites were compared. NDVI, GNDVI, and SAVI
were used to define phenological patterns, whereas MTVI2 was used to measure and
assess leaf chlorophyll content at the canopy scale while being largely insensitive to the
LALI. All satellite images were used to extract the time series of the VIs.

The four VIs (NDVI, GNDVI, SAVI, and MTVI2) calculated using multitemporal
PS, L8, and S2 were used to reflect the soybean growing stages covering the period from
soybean planting to harvesting. Figure 2 illustrates the different temporal patterns
acquired from the RS-based monitoring of the soybean growing season. Points were
obtained using random points inside the polygon tool in QGIS 3.16. The VI values were
extracted on a point sampling tool in the seven fields using a free and open-source plugin
in QGIS to determine the crop phenology and transition dates. The 65 points that were
created randomly from each VI were then averaged and distributed over the stages of
soybean development. The crop ages in the satellite images were calculated according to
the day of year (DOY).

4.2.4. Environmental data
4.2.4.1. Precipitation and temperature

Monthly (1/24°, ~4 km) gridded TerraClimate datasets for total precipitation
(mm), maximum temperature (°C), and soil moisture (mm) were downloaded from the
Google Earth Engine cloud platform (Abatzoglou et al., 2018). TerraClimate incorporates
a monthly climate and climatic water balance covering global terrestrial surfaces from the

University of California Merced and various high and coarser-spatial-resolution
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climatological datasets (e.g., WorldClim and Japanese 55-year Reanalysis). Monthly
accumulated datasets were obtained from April to October 2021. When compared with
other climate datasets, these have a relatively high spatial resolution. As a result of the
spatial distribution, we were able to detect spatial variations in rainfall and temperature
across the study area. Finally, these datasets were fed into the yield prediction model as

an input feature.

4.2.4.2. Topographic variables

A 5-cm spatial resolution of a very accurate LIDAR DTM was obtained over the
study area. The DTM data were acquired on the basis of airborne radar data collected on
April 19, 2019. These data were resampled to 3-, 10-, and 30-m resolutions to match the
spatial resolution of PS, S2, and L8 using the cubic convolution method in ERDAS
IMAGINE 2020 software. This method was used because the mean and standard
deviation of the output pixels usually matched the mean and standard deviation of the
input pixels more closely than any other resampling method despite the high
computational costs. Rescaled datasets are used to calculate secondary variables, slopes,

and aspects as input parameters for estimation models.

4.2.5. RF regression

RF regression (RF) is based on the decision tree algorithm and has been used to
predict crop yield (Smith et al., 2013b). The RF model builds up tree predictors associated
with different random vector values sampled independently. An RF model constructs
decor-related decision trees during the training phase, and the overall model output is
obtained by averaging the output values of all the individual trees. In the RF model, the
learner bagging algorithm is used to train any single tree (Breiman, 2001). The
performance of RF combines predictions from multiple ML algorithms to make a more
accurate assessment than that of a single model, which is the main benefit of this approach
over decision trees (Fawagreh et al., 2014b). The RF ML technique was chosen in this
research because previous studies have proven the effectiveness and superiority of this
method over other algorithms (e.g., support vector, boosting regression, and multilinear
regression) (Hunt et al., 2019; Segarra et al., 2022).

The “randomForest” package in R software was used to implement an RF model
(Liaw et al., 2002). The number of trees produced in the regression forest (i.e., ntree) was
set at 500, and the number of distinct predictors sampled at each node (i.e., mtry) was set

to a default of the number of predictors (203) divided by 3. These two parameters were
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changed to optimize the RF model. Every time an RF model was developed, 70% of the
dataset was utilized to train the models, and 30% of the dataset, which contained four
fields not used in training, was used for validation. Using the layer combinations shown
in Table 2, we examined how different combinations of data and different temporal
coverages affect the estimation accuracy. First, the peak vegetative period as crop
maximum growth was selected following phenological stages (V4-V5-R1) to train the
model in the RF analysis. VI pixel values hit a peak period for all three satellites in July
(187 and 223 DOY). Hence, this month was chosen as the baseline to build the training
model and test the yield prediction using spectral bands and VIs of each sensor from all
available images acquired in July.

The predicted yield data from test sites were compared with the observed yield
from the harvester machine, and residuals were calculated. We calculated metrics such as
the coefficient of determination (R?), root mean square error (RMSE), normalized root
mean squared error (NRMSE) and mean absolute error (MAE) to evaluate the accuracy

of the prediction model using the following equations:

)
R* =1——— (1)

n 5.2
RMSE = /w )
/Z?=1(xi—yi)
NRMSE (%) = *—2— 3)

Ymax-Ymin
MAE = E=id 4)

Table 4.2. Data integrations were examined in this study using RF.

Integration Data layers

Question 1: Sensor comparison

PS PlanetScope bands
S2 Sentinel-2 bands
L8 Landsat-8 bands
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Question 2: Testing Vls individually and in combination with spectral bands of

PS, S2 and L8
VI VIs extracted from PS, S2 and L8
PS-VI PlanetScope+VIs
S2-VI Sentinel-2+VIs
L8-VI Landsat-8+VIs

Question 3 Combination of the Topographic and climate data to the best-

performed integrated Spectral bands and Vs

PS-VI -
Topographic
PS-VI -

Topographic-
Climate

PlanetScope+VIs+DTM, Aspect, Slope

PlanetScope+VIs+DTM+Aspect+Slope+Precipitation+Temperature

S2-VI -
Topographic
S2-VI -

Topographic-
Climate

Sentinel-2+VIs+DTM, Aspect, Slope

Sentinel-2+VIs+DTM+Aspect+Slope+Precipitation+Temperature

L8-VI -
Topographic

L8-VI -
Topographic -

Climate

Landsat 8+VIs+DTM, Aspect, Slope

Landsat 8+VIs+DTM+Aspect+Slope+Precipitation+Temperature

Question 4: Identification of best performed single date image and growing stage

PS PlanetScope image (July)
S2 Sentinel-2 image (July)
L8 Landsat 8 image (July)
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4.3. Results
4.3.1. Phenology and date

Vs derived from the three sensors PS, S2, and L8 during the growing season
demonstrated nearly identical and consistent temporal patterns as the Vs values based on
plant spectral reflectance (NDVI, GNDVI, SAVI, and MTVI2) did. All VI values showed
the lowest record at the beginning of the vegetative period. The VIs began to steadily
increase after a few weeks (125-156 DOY'), which denoted the initiation of the vegetative
stages (e.g., the emergence of cotyledons) and significant soybean growth. The soybeans’
growth reached its peak between 187 and 223 DOY, which is linked to the Vis’ highest
values (Figure 2). The soybeans entered the beginning pod and seed when the VIs started
to decline at 224-260 DOY. At 261-301 DOY, the period of harvest and when the
soybeans started to fully mature, the VIs recorded their lowest values.
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Figure 4.2. Soybean phenological stages based on (a) PlanetScope, (b) Sentinel-2 and (c)
Landsat 8 Vs during growing season.
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4.3.2. Crop yield estimation with RF

The outcome of the regression analysis is displayed in Tables 3-5. The results
indicate that the use of the Fourth node, Fifth node, and Beginning bloom dates coupled
with RF regression and the 3-, 10-, and 30-m resolutions of PS, S2, and L8 multispectral
bands had the best performance with R2 and RMSE values ranging from 0.7 to 0.9 and
0.183 to 0.321 t/ha, respectively. The NRMSE coefficient ranges from 29.08% to
52.39%, and the MAE values range from 0.042 to 0.127 t/ha, accordingly. Similarly, the
Vs obtained from the three sensors for the same precise circumstance (R2 ranging from
0.63 to 0.82, RMSE from 0.248 to 0.356 t/ha, the MAE values from 0.098 to 0.214 t/ha
while the NRMSE ranged from 40.93 to 55.05 %.) also worked reasonably well. The
accuracy of the model trend also observed an increase as the vegetation period reached
its peak at the end of July. Therefore, with all the data feeding methodologies here
evaluated (VIs and 3-, 10-, and 30-m PS, S2, and L8 bands alone) with bands arguably
the most accurate, within-field soybean yield variability may be calculated relatively
correctly. The best-fitted dates were further selected (July 30 and 31) to combine
environmental data (e.g., climate and topographic variables) to increase the model
accuracy. All additional models developed in this study demonstrated enhanced yield
estimation accuracy when compared with these spectral bands and VIs (Figures 3-5).

The end of July was the peak vegetative period and thus gave accurate yield
estimation results for each sensor’s spectral bands and VIs. Developed models for all
images in July and July 31 for PS and July 30 for S2 and L8 were chosen to combine with

environmental data. First, integrated bands and VIs were used for the regression analysis.
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Then, environmental data were combined with the bands and VI models. Clearly, the root
means square error decreased and the R? tended to increase. The highest and most
accurate estimation models were observed when all of the datasets were combined in the
case of the three sensors. Figures 3-5 represent the combination of the data layers used
in the RF analysis.

When the three constellations combined with environmental data were compared
using RF, PS had the most accurate result with an RMSE of 0.165 kg/ha, followed by S2
and L8 with RMSE values of 0.177 and 0.271 kg/ha, respectively. Figures 3-5 show how
accuracy metrics changed when all datasets were integrated. The most accurate estimated
training model that came from the combined Bands—VIs—Topographic—Climate—RF was
used to test and validate the efficiency of the model on independent datasets.

Table 4.3. RMSE and R? values were computed from the training dataset for RFRs using
PS’s July-derived VIs and spectral bands.

PlanetScope | Bands Indices
Days RMSE | R? NRMSE MAE | RMSE | R? NRMSE MAE
% %

1-July 0.285 0.76 51.28 0.110 |0.349 0.64 54.66 0.214
5-July 0.262 |0.80 39.45 0.091 |0329 |0.68 |53.24 0.179
6-July 0.268 0.79 41.56 0.121 |0.324 0.69 54.21 0.187
7-July 0.261 |0.80 38.90 0.102 |0.324 |0.69 |54.98 0.194
11-July 0.259 |0.80 38.87 0.103 |0.344 |0.65 |55.34 0.201
12-July 0.253 0.81 38.57 0.093 |0.340 0.66 55.05 0.147
13-July 0.248 0.82 38.21 0.082 |0.321 0.70 53.12 0.139
14-July 0.254 081 38.86 0.089 |0.322 |0.70 |52.67 0.134
22-July 0.231 0.84 34.36 0.078 | 0.353 0.64 54.38 0.206
23-July 0.217 ]0.86 32.45 0.069 |0.325 |0.69 |53.89 0.187
24-July 0.230 |0.84 33.67 0.087 |0.329 |0.68 |54.83 0.185
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25-July 0.235 |0.83 33.98 0.090 |0.335 |0.67 |54.90 0.198
27-July 0.205 |0.87 30.89 0.067 |0.35% |0.63 |55.87 0.213
29-July 0.227 |0.85 34.83 0.074 |0.313 |0.71 |52.86 0.145
31-July 0.222 |0.85 33.58 0.083 |0.268 |0.80 |48.62 0.098

The high result is given in bold according to the best fit to R? and the corresponding

RMSE.

Table 4.4. RMSE and R? values were computed from the training dataset for RFRs using
S2’s July-derived VIs and spectral bands.

Sentinel 2 Bands Indices
NRMSE NRMSE
Days RMSE R?2 MAE | RMSE R?2 MAE
% %
8-July 0.184 0.90 29.38 0.054 | 0.282 0.77 46.87 0.147
13-July 0.186 0.89 29.96 0.061 | 0.286 0.76 46.91 0.135
25-July 0.183 0.90 29.13 0.047 | 0.258 0.80 42.51 0.126
30-July 0.184 0.90 29.08 0.042 | 0.248 0.82 40.93 0.119

The high result is given in bold according to the best fit to R? and the corresponding

RMSE.

Table 4.5. RMSE and R? values were computed from the training dataset for RFRs using
L8’s July-derived VIs and spectral bands.

Landsat 8 Bands Indices
NRMSE
Days RMSE R? NRMSE % | MAE RMSE R? % MAE
0
14-July 0.314 0.70 52.39 0.138 0.338 0.66 52.93 0.144
30-July 0.321 0.72 50.24 0.127 0.340 0.67 52.04 0.135

The high result is given in bold according to the best fit to R? and the corresponding

RMSE.
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Figure 4.3. Scatter plots between the observed and predicted yields for the training data
set using PS.
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Figure 4.5. Scatter plots between the observed and predicted yields for the training data
set using L8.

S2 VIs-based model produced slightly higher accuracy than PS VIs with RMSE
values of 0.248 kg/ha and 0.268 kg/ha for the training data, respectively (Figures 3-5).
This is due to the higher spectral and radiometric resolution of S2 imagery and more
spectral bands (i.e., 3 red edge and swir bands). Notwithstanding, VIs derived from L8
recorded the lowest accuracy RMSE = 0.340 kg/ha in contrast to PS and S2 VIs. L8 A
decrease in the ability to capture within-field yields with moderate spatial resolution led
L8 to explain the yield with reduced accuracy. As part of the RF analysis, we also
examined the variable importance of the RF model using all VIs, as shown in Figure 6.
We have found that GNDVI and NDVI are the most promising variables with an
IncNodePurity score just below 500, followed by SAVI for all PS, S2 and L8. Lastly,
MTVI2 reported the least important variable in the model.

70



GNDVI o
NDVI o
SAVI o
MTVIZ2 o
T | | | T
0 100 200 300 400
IncNodePurity

Figure 4.6. Example of variable importance (IncNodePurity values) list of the Vis
random forest model.

4.3.3. Spatial prediction and validation

By applying the best-performing RF-based
Bands + VIs + Topographic + Climate model that combined all datasets, we generated a
crop yield spatial distribution map of the validation field for each pixel. The three satellite
images captured during the peak season of the phenological stage were used for validation
because they were found to be the best during the training model development. Figures
8-10 show the observed and predicted soybean yields for individual validation parcels
corresponding to each satellite sensor. In this study, actual crop yield data were recorded
by the harvester machine equipped with GPS and a yield monitoring system. Observed
soybean yields as cloud points were first filtered to remove incorrect values. Furthermore,
point yield data were interpolated to 3-, 10-, and 30-m resolutions corresponding to the
PS, S2, and L8 pixel sizes. We studied a total of four soybean fields used to validate the
prediction model and evaluate model efficiency. We compared the predicted yield map
result with the observed crop yield provided by the combine tractor equipped with a yield
monitoring system. The soybean distribution map derived from RF visually reflected the
general pattern of the observed yield, with relatively little variation in the within-field
patterns. We also identified areas where the model underestimated and overestimated
yields using the predicted yield map. Regardless of these trends, the model seems to
produce reasonably accurate predictions of the within-field yield variability for specific
fields, with RMSE values ranging from 0.069 to 0.202 t/ha. When comparing the
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satellites according to the results shown in Figure 7 (Tables 6-8), PS and S2 outperformed
L8.

This research was initially structured based on four key questions to explore the
feasibility of PS, S2, and L8 in terms of both type and spatiotemporal resolution and how
different combinations of data influence the accuracy of soybean within-field yield
variability. Separate validation of the RF models was performed using a small data set
and individual fields that were not used for training to make the sensitivity of the analysis
of the results. To make a clear analysis of obtained results we created box plots for the
validation datasets (Figure 7). In the following sections, we summarize the results of the

RF analysis.
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Figure 4.7. Box plots showing the effect of the different combinations and sensors on RF
models from the validation dataset.

1. Which stage of soybean growth and individual satellite data image offers the most
accurate estimation?

The beginning bloom growing stage (R1) had high accuracy for the estimation of soybean
yield between 187 and 223 DOY as crops reached the peak vegetative periods. The
availability of satellite images differed per year and location during the growing season.
Considering that the frequency and available cloud-free remotely sensed imagery
accuracy of crop yield prediction varies throughout the growing phase, determining a
single-date satellite image is critical. The accuracy of the yield estimation models

increased constantly at the beginning of July. However, July 30 and 31 gave the most
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accurate yield estimation results for the three satellite images. The RF model using a
single image shows that soybean crop yield can be accurately estimated within the field
variability at the end of July approximately 2 or 2.5 months before the harvesting period.
2. How do the spatial and temporal resolutions of PS, S2, and L8 affect the precision of
yield prediction?

Coming back to question one, we observed that PS and S2 had the most promising
satellite data in soybean grain yield prediction as their spatial and temporal resolutions
were much finer than those of L8 (Figure 7).

3. Does the calculation of additional VIs contribute extra information to the estimation
model?

The RMSE value was almost the same for the spectral bands and VI models with slightly
higher errors for the VI models alone for the training datasets. When VIs were added to
the bands, the accuracy of yield estimation rose marginally but not always for the case of
PS, S2, and L8 based on both training and validation models (Tables 6-8; Figure 7). The
result demonstrates that the addition of VIs to the spectral bands could add some extra
insight to improve the accuracy of the yield prediction.

4. How does the accuracy of estimation differ when PS, S2, and L8 spectral bands and VI
datasets are combined with environmental data?

Topographic variables, including DTM, slope, and aspect, were combined first, and the
model accuracy increased noticeably (Figure 7). Further improvements were achieved by

applying climate data to the prediction model (e.g., monthly rainfall and temperature).
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Figure 4.8. For a validation field, the observed yield was interpolated from the harvester
machine data (upper), whereas the predicted yield was derived from the PS-VIs—
Environmental RF model (bottom).
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Figure 4.9. For the validation fields, the observed yield was interpolated from the
harvester machine data (upper), whereas the predicted yield was derived from the S2—
VIs—Environmental RF model (bottom).

Observed

Field 1 Field 2 Field 3 Field 4
Predicted

e
- -

1’

Yield

(tonnes/ha)

1 4

Figure 4.10. For a validation field, the observed yield was interpolated from the harvester
machine data (upper), whereas the predicted yield was derived from the L8-VIs—
Environmental RF model (bottom).
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Table 4.6. RMSE and R? values for the validation datasets using PS and environmental

data.
wn
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s S S S g |2 €
. 8 g 7 5 8 | 8 ¢E
2 2 = 2 S 2 2 g 2 g =
(D)
§ | & = &8 |£ |8 g% 8K 9
R2 0.51 0.52 0.55 0.70 0.70
RMSE 0.153 0.152 0.145 0.119 0.112
Field 1
NRMSE % | 49.98 50.65 50.25 51.15 49.90
MAE 0.093 0.205 0.112 0.091 0.082
R2 0.74 0.63 0.74 0.82 0.82
[¢D)
2 RMSE 0.114 0.136 0.111 0.095 0.094
5,3 Field 2
Q NRMSE % | 54.21 57.11 52.01 44.02 48.20
(98]
o- MAE 0.101 0.151 0.091 0.068 0.064
R? 0.63 0.53 0.64 0.72 0.74
RMSE 0.172 0.195 0.174 0.154 0.143
Field 3
NRMSE % | 62.80 68.02 58.80 49.60 48.40
MAE 0.123 0.142 0.121 0.092 0.091
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Table 4.7. RMSE and R? values for the validation datasets using S2 and environmental
data.
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R? 0.73 0.53 0.71 0.72 0.73
RMSE 0.114 0.147 0.111 0.110 0.109
Field 1
NRMSE % | 94.78 55.67 54.34 54.10 52.28
MAE 0.127 0.141 0.131 0.129 0.125
R? 0.89 0.75 0.88 0.89 0.90
N RMSE 0.171 0.109 0.077 0.072 0.069
GE) Field 2
*GEJ NRMSE % | 28.66 30.64 27.12 28.70 28.30
(9p]
MAE 0.107 0.129 0.121 0.112 0.097
R? 0.72 0.54 0.70 0.75 0.76
RMSE 0.153 0.185 0.155 0.146 0.136
Field 3
NRMSE % | 53.18 55.60 52.20 51.86 51.50
MAE 0.120 0.134 0.128 0.124 0.101
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Table 4.8. RMSE and R? values for the validation datasets using L8 and environmental
data.
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R2 0.40 0.36 0.47 0.52 0.57
RMSE 0.173 0.178 0.159 0.152 0.145
Field 1
NRMSE % | 27.41 58.34 57.23 57.02 56.82
MAE 0.137 0.145 0.134 0.133 0.128
R2 0.67 0.60 0.70 0.71 0.75
© RMSE 0.117 0.140 0.126 0.113 0.108
< Field 2
% NRMSE % | 51.88 52.74 51.93 51.38 50.77
-
MAE 0.135 0.145 0.132 0.128 0.113
R2 0.61 0.47 0.66 0.75 0.76
RMSE 0.160 0.181 0.190 0.136 0.136
Field 3
NRMSE % | 51.02 51.77 50.80 50.67 49.84
MAE 0.126 0.128 0.120 0.114 0.109

4.4. Discussion
4.4.1. Effectiveness of RF

This research focused on how well the within-field yield variability of soybean
crops could be explained using multispectral satellite images at various spatial and
temporal resolutions using RF. In this study, the RF model was chosen because we
discovered that the correlation between crop yield and reflectance is sophisticated enough
for ML methods, which enhance within-field yield estimates. Because RF is less likely to
contain outliers, it is expected to have improved yield estimation performance (Segarra
et al., 2022). Additionally, the RF algorithm is effective at managing relationships that

77



are both linear and nonlinear. The result of this study proves the effectiveness of RF
regression to predict the soybean yield at the field scale with RMSE values of 0.094,
0.069, and 0.108 t/ha using PS, S2, and L8, respectively, for the validation parcels (Tables
6-8). These obtained results and models were much more robust and stronger rather than
those of Pejak et al. (2022), who also estimated soya yield within the field level based on
S2 VIs and soil data with an RMSE error of 0.553 t/ha using SGD.

4.4.2. Time series analysis of phenology

With a focus on RS for precision farming, this work was designed around four
questions that cover four pertinent parameters for within-field mapping of soybean
variability. First, we determined how important the temporal variations of the sensed
information are, specifically the potential evaluation of phenological stages and optimal
data giving accurate yield estimation through time series analysis. RS-based time series
of phenological stages showed peak soybean growth in July, which took place in the
Fourth node, Fifth node, and Beginning bloom stages (V4—V5-R1) as this period could
explain the yield variability within the field with RMSE value from 0.183 to 0.321 t/ha
for the training datasets (Tables 3-5; Figures 3-5). Previous studies have shown that
seasonal peak VI values provided better accuracy for yield estimations (Amankulova et
al., 2023a; Li et al., 2022). The satellite images acquired on July 30 and 31 produced
accurate yield estimations for all PS, S2, and L8 bands using RF. This result corresponds
with the study of Skakun et al. (2021), who conducted soybean yield estimation using
WorldView-3, PS, S2, and L8 satellite imagery in lowa, USA.

4.4.3. Impact of spatial resolution on yield estimation

Second, we explored the potential capability of multispectral datasets from PS,
S2, and L8 to estimate the soybean grain yield within the field variability while
considering sensor variations and the trade-offs between accuracy and expense. The
results showed that the high spatial resolution satellite data of PS could estimate the yield
with high accuracy (RMSE = 0.114 t/ha, NRMSE = 54.2% and MAE = 0.101 t/ha),
followed by S2, which had lower accuracy in terms of RMSE but higher accuracy
considering the coefficient of determination (RMSE =0.171 t/ha, NRMSE = 28.66 %
and MAE = 0.107 t/ha) for the test field using only basic spectral bands (Tables6 and 7).
Finally, L8 had an RMSE of 0.117 t/ha, NRMSE = 51.88 % and MAE = 0.135 t/ha (Table

8). Our model findings demonstrate a decreasing yield estimation accuracy while moving
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from high-resolution to coarser data of 3, 10, and 30 m, respectively. From the prediction
models, we could also highlight that PS bands were not always superior to S2 in
explaining the soybean yield variability for some validation fields. This might have been
due to the radiometric coverage being lower than that of the S2 satellite despite the high
temporal and spatial resolution of PS. The lack of the SWIR bands in PS might also be a
reason. Nevertheless, The opportunity to improve the predictive ability of these models
and promote digital agriculture in crop modeling, forecasting, and yield estimation is
provided by near-daily PS products (Ziliani et al., 2022). However, many studies have
described how fine spatial and temporal resolution satellite imageries (e.g., S2 and L8)
often fail to solve the within-field yield variabilities that are important to performing
precise agricultural applications, especially for small-scale fields (i.e., plots smaller than
2 ha) (Jain etal., 2017). For instance, L8 images can contain different spectral information
because of the coarse 30-m spatial resolution.

Third, VIs derived from each satellite image added to the model as extra
information were analyzed. Previous studies developed empirical connections between
crop yield and VIs or biophysical factors (such as the LAI) to estimate the yield in large
homogenous crop plots (Gaso et al., 2021; Pejak et al., 2022). In this research, the use of
VIs and basic spectral bands together demonstrated improved accuracies for all PS, S2,
and L8 data, but not all the time. However, some studies found that calculating separate
VIs could not improve yield accuracy estimations (Hunt et al., 2019). This would mean
that RF can derive from individual satellite bands themselves pertinent data for yield
estimation that are often supplied by VIs.

Fourth, we evaluated the effect of environmental datasets combined with the basic
spectral bands with VIs in regression analysis. A combination of environmental data with
PS, S2, and L8 data provided the highest and most accurate soybean yield estimation and
outperformed previously established models. Numerous research has combined
environmental data with satellite data to support crop yield estimation, frequently using
crop simulation models (Burt, 2012; Schwalbert et al.,, 2020). The integration of
environmental data with PS showed the most accurate yield estimation for the training
datasets (RMSE = 0.165 t/ha, NRMSE = 28.95 % and MAE = 0.098 t/ha) (Figure 3). In
this study, we used two kinds of static and changeable environmental data for the analysis.
The first one is topographic, which is constant throughout the growing season, whereas

the second one comprises unstable climate variables.
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However, there are some limitations of the study which might affect the model
performances that need to be considered. The used climate data had a coarse pixel size of
4 km, and higher spatial resolution data would increase the accuracy further and detect
the precipitation and temperature variation within the study site. But there was no
available finer pixel-size meteorological data for the study site. Besides, this research is
solely dependent on ground truth data at least a little from GPS combine tractor. This
might cause a problem when applying this methodology to other regions where such
modern combine harvesters do not exist, especially in developing countries. The
aforementioned factors can affect the model's accuracy and reproducibility in other
countries.

Finally, we talked about the scope of the findings related to precision farming
provided here.
4.5. Conclusions

This article compared the performance of the high and coarse spatiotemporal
resolutions of the satellite imagery of S2 and L8 in soybean yield estimation within the
field variability with R? ranging from 0.55 to 0.71 for 3-m PS, from 0.7 to 0.88 for 10-m
S2, and from 0.38 to 0.7 for L8 data (RMSE of 0.111, 0.076, and 0.126 t/ha, respectively)
with the RF ML algorithm. The introduction of environmental datasets (topographic and
climatic) to the basic PS, S2, and L8 data provided further improvements and an accurate
yield estimation model within the soybean yield variability, with R? that varied from 0.7
to 0.87 for PS, 0.73 t0 0.90 for S2, and 0.43 to 0.76 for L8. To the best of our knowledge,
no studies have yet used both topographical and climate variables together with satellite
images for high-resolution soybean yield mapping. Meanwhile, only a few studies
focused on using weather data combined with satellite-based VIs. Furthermore, this is the
first case study that uses eight bands of new PS imagery for soybean yield prediction at
the field level. Only a scarce number of studies have assessed multisource satellite data
on within-field soybean yield. In consideration of these implications for precision
agriculture, this study offers new methodological breakthroughs in within-field soybean
yield estimation when comparing the time series of phenological stages from all three
sensors. We found that crops reached their maximum growth in July (V4-V5-R1 growing
stages) and provided higher yield estimation. The optimal date to predict the soybean
yield within the field scale was approximately 60 or 70 days before harvesting periods
during the Beginning bloom stage. This developed model can be applied for other crops

and locations when suitable training yield data are available. Further studies should focus
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on deep learning algorithms for crop yield forecasting with hyperspectral and synthetic
aperture radar.
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Abstract

It is crucial to accurately and timely estimate crop vield within field variability for sustainable management and precision farming
applications. Various Earth observation systems have been developed for crop monitoring and yield prediction. However, there is a need
for further research that integrates multiplatform data, advances in satellite technology, and data processing to apply this knowledge to
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Abstract: It is crucial to accurately and timely estimate crop yield within field variability
for sustainable management and precision farming applications. Various Earth
observation systems have been developed for crop monitoring and yield prediction.
However, there is a need for further research that integrates multiplatform data, advances
in satellite technology, and data processing to apply this knowledge to agricultural
practices. The integration of satellite imagery and environmental data has been used
increasingly in recent years to predict crop yields using machine learning techniques. In
recent years, VIs derived from optical satellites, particularly Sentinel 2 (S2), have gained
popularity, but their availability is affected by weather conditions. On the other hand, the
backscatter data from Sentinel 1 (S1) is less commonly used in agriculture due to its
complex interpretation and processing, but it is not influenced by the weather. This study
aims to improve the accuracy of yield predictions by combining remote sensing data with
environmental variables. The use of satellite data S1 and S2 was used to identify the
optimal phenological period, and a training model was developed using four machine
learning techniques, including Random Forest Regression (RF), K Nearest Neighbor
(KNN), Multiple Linear Regression (MLR) and Decision Tree (DT). The results showed
that RF provided the 2 highest values among the four techniques. The validation process
using RF demonstrated high accuracy rates, with R? ranging from 0.41 to 0.89, the mean
square error of the root (RMSE) ranging from 0.122 to 0.224 t/ha, and the mean absolute
error (MAE) ranging from 0.089 to 0.163 t/ha. The integration of satellite data S1 and S2
with topographical information may be useful for monitoring, mapping, and forecasting
crop yields on small and fragmented farmlands. This approach can provide farmers,
agricultural businesses, and policymakers with accurate and timely predictions of crop
yield, which can facilitate decision making and provide early warnings for potential crop
losses.

Keywords: Machine learning, Sentinels 1 and 2, yield estimation, crop phenology.

5.1. Introduction

One of the most significant food crops in the world is soybean, which receives
significant attention in the global food industry and is generally planted all over the world
(Amherdt et al., 2022). Soybean crops are highly nutritious in farming systems, a source
of raw materials from oil refineries, have a high protein content in their seeds, and have
the potential to enrich the soil through symbiotic fixation of N2, which has significant

economic benefits (Sinclair et al., 2014). Soybean crops are crucial to ensure national
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food security in many countries (She et al., 2020). In the case of Hungary, due to
government support, both the area dedicated to soybean farming and the number of
farmers has increased since 2015. Although the number of producers has increased to
5,000 hectares, the production area has grown from 42,000 to 772,000 hectares (Sods et
al., 2022). Through technological improvements, a variety of instruments can now be
installed on combine harvesters, such as a yield monitor that keeps records of the crop on
a parcel using information collected by various sensors (Arslan and Colvin, 2002). Yield
monitoring devices provide a novel and effective tool for zone management and field
comparisons in the sector of precision agriculture (Pierce et al., 2015). Farmers can
effectively plan their agricultural activities for the future growing season by using this to
acquire new information by evaluating data for a specific field (Pejak et al., 2022). The
recent implementation of the S2 (S2) satellite constellation by the European Space
Agency (ESA) has the potential to improve the application of precision agriculture (PA)
approaches, which present challenges for small and medium-sized farmers
(Uribeetxebarria et al., 2023). Twin satellites (A and B) of the S2 series in particular were
designed to satisfy the requirements of scientists and the agricultural industry (Segarra et
al., 2020). These satellites' high-resolution images, 13 multispectral bands, and rapid
revisit rates are all publicly available through the ESA's Copernicus program (accessed

on March 13, 2023) (https://scihub.copernicus.eu). Through various bands of the sensor,

several Vs can be calculated. Remote sensing has been an important source of data for
analyzing crop development and forecasting final yields in large regional circumstances
since the 1980s (Kern et al., 2018). The basic point behind the correlation between Vls
and yield is that canopy characteristics, such as biomass, chlorophyll content, and canopy
structure, determine crop growth (Zhao et al., 2020). The vast majority of the research
focused on the NDVI (Normalized Difference Vegetation Index) (Shang et al., 2015;
Zhao et al., 2015). To accurately extract phenology, the Normalized Difference
Vegetation Index (NDVI) is commonly implemented for monitoring crop growth
conditions (Becker-Reshef et al., 2010; Saeed et al., 2017; Sehgal et al., 2011). Where the
leaf area index is moderately high, the Green Normalized Difference Vegetation Index
(GNDVI) is more effective in evaluating leaf chlorophyll variability (Gitelson et al.,
1996). Given that it was less impacted by saturation, GNDVI provided a positive
indication for a number of vegetation performance variables (Gianelle et al., 2009). To
minimize the effect of spectral Vs by using red and near-infrared bands, the Soil Adjusted

Vegetation Index (SAVI) is used (Qin et al., 2021). The variation in water content in plant
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leaves is evaluated using the Normalized Differential Water Index (NDWI) (Qin et al.,
2021).

Because S2 is limited by cloud coverage, the amount of usable data available for
certain areas and applications may be restricted (Uribeetxebarria et al., 2023). Using
spaceborne microwave remote sensing, vegetation and soil conditions can be monitored
on a range of scales. Synthetic aperture radars (SAR) produce observations with a high
spatial resolution of tens of meters to monitor crops (Steele-Dunne et al., 2017). One of
the key advantages of using S1 data for crop yield prediction is its ability to penetrate
through clouds and obtain images regardless of weather conditions, allowing year-round
monitoring of crop growth. In addition, SAR data can provide information on crop
structural properties, such as canopy height, biomass, and density, which are essential
factors to determine crop yield. A vertical transmit chain (V) and two parallel receive
chains for the polarization of H and V (horizontal and vertical, respectively) are used by
S1 C-band (5.405 GHz) SAR devices in Europe to facilitate the operation in dual
polarization (VV+VH) over the land (Qstergaard et.al.,2011).

Machine learning (ML) techniques have become increasingly popular for yield
prediction due to their ability to handle complex data and model non-linear relationships
between predictor variables and crop yield. ML algorithms can learn from historical data
and use that knowledge to make accurate predictions for future crop yields. With the use
of these technologies, huge volumes of data collected from various sources, including
satellite imaging, drones, and Internet of Things (loT) sensors, can be processed and
analyzed to produce precise and thorough predictions (Mishra et al., 2016). Supervised
learning algorithms can be used to predict crop yields or identify patterns in crop growth.
Other machine learning algorithms that have been used to predict yield include k closest
neighbor (KNN), Decision Tree (DT), Random Forest (RF) and Multiple Linear
Regression (MLR) (Obsie et al., 2020; Shao et al., 2015; Sharifi, 2021; Suominen et al.,
2013).

So far, several studies have been developed to predict crop yield at different levels, for
instance, Schwalbert et al., (2020) presented in their study highlights strengths, including
the effective utilization of satellite and weather data, integration of multiple variables for
improved forecasting, exploration of time-ordered data using Long short-term memory
(LSTM), and high accuracy at the municipality level. Weaknesses include challenges in
crop field detection, increased errors with early yield forecasts, data limitations that lead

to squared bias, and potential regional applicability depending on data availability.
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Another study by Herrero-Huerta et al., (2020) developed two tree learning models, RF
and eXtreme Gradient Boosting (XGBoost), for soybean yield prediction using unmanned
aerial vehicle (UAV) based imagery. Strengths of ML models in this study include their
accurate fitting of training data, quantitative assessment using various error metrics, and
the superior performance of XGBoost compared to RF, particularly in handling
overfitting. However, there is a risk of overfitting, and the models tend to exhibit
underestimation at high yield values and overestimation at low values, which can be
influenced by the data distribution and may require further refinement. Barbosa dos
Santos et al. (2022) evaluated the response of soybeans in different irrigation
supplementations and found that higher water supply resulted in increased dry matter and
grain yield, leading to yield stability during the reproductive phases. The study effectively
utilized thermal mapping to gain insight into how climate impacts different stages of
soybean growth, enhancing the accuracy of predictive modeling. In particular, RF showed
robust performance with a high R2 of 0.81 and a low RMSE, demonstrating its precision
in forecasting vyields. Additionally, the study's comparison of machine learning
algorithms highlighted RF's superiority for similar forecasting tasks. Furthermore, the
models successfully captured regional variations in yield, which is crucial for practical
agricultural applications. On the other hand, the weaknesses observed include the
tendency of models like SVM_RBF and SVM_POLY to underestimate yields in specific
regions. The limited number of data points in certain areas may have affected the accuracy
of predictions, particularly in years with extreme weather conditions. Furthermore, the
study missed an opportunity to provide a broader perspective on model performance by
not comparing its results with traditional forecasting methods.

Combining S1 and S2 datasets provides a more comprehensive view of the agricultural
landscape, allowing better prediction of soybean yield at the pixel level. Additionally, the
inclusion of light detection and classification (LiDAR) data can provide information on
soil characteristics and topography, which can further improve the accuracy of yield
prediction models. Machine learning techniques can be applied to these data sets to
develop models that can accurately predict soybean yield, which can be used to inform
agricultural management decisions and improve crop yields. Due to the importance of
yield predictions in facilitating various decisions at different levels of the agroindustrial
soybean value chain, and the necessity to revise yield predictions during the crop
development phase. The main objective of this research was to examine the potential of

SAR and multispectral satellite imagery, as well as elevation data, to predict soybean
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yield at the pixel level in Mezohegyes using ML techniques. To do this, the following
objectives were set: (1) to develop predictive models that can determine the stage at which
reliable predictions of harvest yield can be made based on soybean yield in two years (eg
2020-2021) at the pixel level; (2) to conduct a comprehensive and detailed investigation
of multiple ML techniques, using data from two years to forecast soybean yield and
determine the most appropriate algorithm to predict year 2022. To achieve this objective,
the study will evaluate the effectiveness of various machine learning algorithms,
including KNN, RF, MLR, and DT, in estimating soybean yield; (3) investigate the
advantages of combining satellite imagery with elevation data in predicting soybean
yield, and analyze how individual predictors impact model performance. Since yield
predictions at the pixel level are most useful to farmers, this study also aimed to (4) assess
how spatially averaged field-level results predict soybean yield. To achieve these
objectives, remote sensing data from Copernicus S1 SAR and S2 multispectral satellites,

which provide free of charge, high-resolution, and frequent imagery, were analyzed.

5.2. Materials and Methods
5.2.1. Study Area

The study area for this research is Mez6hegyes, located in southeastern Hungary near the
border with Romania (46°19' N, 20 ° 49’ E). All soybean parcels from 2020 to 2023 were
included in the study area (Fig. 1). Specifically, parcels from 2020 and 2021 were used
for training, while those from 2022 were used for testing, and their corresponding details
are presented in Figure 2. Mez6hegyes is a town that spans 15,544 ha with a population
of 4950 individuals. The soil in the meadows and lowlands is predominantly chernozem,
a common soil type with high lime content that is particularly suitable for agriculture,
particularly cereal and oil crops (Amankulova et al., 2021). The MezOhegyes
experimental farm, operated by Mezéhegyesi Ménesbirtok Zrt., is a significant

contributor to agricultural activity in Mezéhegyes and neighbouring communities.
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Fig. 5.1. The red, blue, and green colours indicate the year 2020, 2021, and 2022,
respectively. The natural colour composite is based on S2 imagery, and the RGB bands
used were 4, 3, and 2. The acquisition date for the image was 8 August 2021.
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Fig. 5.2. Information about soybean fields for three years.

5.2.2. Satellite Imagery

S1is equipped with a C-band radar instrument that allows it to capture images of
the Earth's surface day and night, regardless of weather conditions. It uses the (SAR) to
capture images, which allows it to penetrate through clouds, rain, and even vegetation.
S1 provides images with a spatial resolution of up to 5 meters and a revisit time of up to
12 days.
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S2 is an MSI that provides high-resolution imagery of the Earth's surface. It has

13 spectral bands that allow observation of a wide range of features of land cover,

including vegetation, water bodies, and urban areas. S2 provides images with a spatial

resolution of up to 10 meters and a revisit time of up to 5 days. Both S1 and S2 provide

free and open access data, which can be accessed through various data portals such as the

Copernicus Open Access Hub (https://scihub.copernicus.eu/) or the Sentinel Hub

(https://www.sentinel-hub.com/). The data from Sentinel 1 and 2 data were acquired

during the soybean cultivation period between 1 April and 31 October in the years 2020,

2021, and 2022 (Table 1).

Table 5.1. S1 and S2 imagery numbers for each growing season for three years.

Year

Month

Sentinel-1

Sentinel-2

2020

2021

2022

April

2020

2021

2022

May

2020

2021

2022

June

2020

2021

2022

July

2020

2021

2022

August

2020

2021

2022

September

2020

2021

2022

October
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In this research, we used (SAR) data obtained from the S1 satellite in the
Interferometric Wide (IW) mode of acquisition. The SAR images have a resolution of 5
x 20 m and a swath width of 250 km, with two polarization types (VV and VH) providing
backscatter intensity information. These images were pre-processed at Level 1, resulting
in complex data in the slant range that is geolocated, radiometrically calibrated, and
terrain-corrected. The images obtained were processed using Sentinel Application
Platform (SNAP) version 8.0 software, developed by the European Space Agency (ESA),
to make them suitable for further analysis. This involved adjusting the size of the image
tiles to match the study area and obtaining precise orbit information by applying orbit
files, since the metadata provided with the radar products are often insufficiently accurate.
In addition, steps were taken to enhance image quality by eliminating thermal noise and
radiometric artefacts from the edge edges of the image, calibrating the images for
radiometrically calibrated backscatter, and removing the granular noise caused by
backscatter from certain elements. The images were then assigned geographical
coordinates and the backscatter values were converted to decibels in the final step. For
S1, VV/VH was calculated (Veloso et al., 2017).

VV/VH =VV —VH 1)

The S2 images used in this study were resampled at a 10 m resolution using the
SNAP software after initially being obtained at varying pixel sizes. Fields in the study
area were identified using an official crop plan map as a mask layer in QGIS 3.16. To
identify the green peak soybean phenological stage, we generated averaged mosaics of
S1 and S2 images for each month by computing their average values and a box plot was
generated by computing minimum, maximum, mean, median, and standard deviation
statistics. A box plot was then created to present the findings (Fig. 3). To obtain
information about S2, the NDVI values were calculated (Tucker, 1979) and the statistical

range from minimum to maximum was determined for each month (Fig. 4).
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Fig. 5.3. Boxplots were generated for each month in 2020 (A), 2021 (B), and 2022 (C).
The data is sourced from S1 mosaics, and VH values are represented in the upper layer,
while VV values are in the lower layer.
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Fig. 5.4. Boxplot displaying NDV1 values from April to October for the years 2020, 2021,

and 2022 was created using S2 mosaic imagery.

The analysis of the data revealed that August had a high indicator value in each
table. This indicates that the best indicator to reflect the value of mosaic bands and

indices, from minimum to maximum, is in August. The high indicator value in August
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suggests that it is the peak phenological period for soybeans and therefore the most
suitable time for crop yield monitoring. (Bolton and Friedl, 2013) demonstrates that
considering crop phenology, especially the timing of peak vegetation index, enhances
crop yield predictions. Identify specific days after greenup, varying for different crops
like maize and soybeans, as optimal for yield prediction. This highlights the importance
of timing the highest vegetation index values for accurate crop yield predictions. To
demonstrate this, we conducted an experiment in which we used data from two satellites

to make monthly predictions, and the results substantiated our approach.
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Fig. 5.5. Seven-Month Yield Prediction Time-Series Analysis Using Sentinel-1 VV+VH
and Sentinel-2 NDVI.

Therefore, these results highlight the importance of using satellite imagery and
machine learning techniques to monitor crop growth during the peak phenological period,
especially in August, to ensure better crop yield and management. Specifically, we
mosaicked the S1 and 2 images from each month to determine the phenological stage of
soybeans. The process of selecting the greenest pixel composite is a technique used to
create temporal mosaicking of satellite imagery. To incorporate temporal data and
accommodate various stages of growth of soybean crops, we generated composite images
by combining Sentinel-1 and Sentinel-2 data throughout the growing seasons from April
to October. For Sentinel-1 data, we created monthly mosaics by averaging the images
within each month(Shendryk et al., 2021). This method aims to choose the image captured
under the least cloudy conditions and to reduce any discrepancies in vegetation phenology
(Bey et al., 2020). To ensure that the spatial resolution of the S2 images matched that of
the model development, a grid rectangle (eg polygon) was created at 10 x 10 m to extract
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pixel values. This involved combining multiple images to create a larger and more
complete image of the soybean field at each stage of growth. In addition, we calculated
environmental data to include in our model, such as aspect, slope, and TWI using QGIS
3.16 software. Overview of the methodology adopted for the soybean yield prediction

procedures given in workflow form (Fig.6).
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Fig. 5.6. Schematic diagram of workflow in this study.
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5.2.3. Environmental data

The study area was mapped using LiDAR technology to create a high-resolution digital
terrain model (DTM) with a spatial resolution of 5 cm. The DTM was derived from radar
data collected during the airborne campaign in 2019. To ensure compatibility with S2's
spatial resolution, the data were rescaled to 10 m using the cubic convolution method in
ERDAS IMAGINE 2020 software. The rescaled data was used to calculate slope and
aspect, secondary variables used as input parameters in the estimation model (Farmonov
et al., 2023). The Topographic Wetness Index (TWI) is a measure of topographic control
of the water flow and the water storage potential in a terrain. It is a function of the
accumulation of slope and flow, and it characterizes the degree of topographic
convergence or divergence in a given area. TWI is a useful tool for predicting
hydrological processes, such as soil moisture, groundwater recharge, and runoff
generation. TWI is a topographic index that characterizes the pattern of water
accumulation pattern across the landscape (Qin et al., 2011; Silva and Alexandre, 2005)
and is known to be correlated with crop yield (Maestrini and Basso, 2018; Silva and
Alexandre, 2005). In the case of LIDAR data, the TWI can be calculated by first
generating a Digital Elevation Model (DEM) from the LIDAR data, then computing the
flow direction and flow accumulation grids from the DEM using a hydrological model,
and finally applying the TWI equation, which involves dividing the natural logarithm of

flow accumulation by the slope of the terrain.

5.2.4. Field data

High-resolution soybean yield data for three years (2020, 2021 and 2022) were
collected using a GPS-equipped combine harvester. In Hungary, soybeans are typically
planted in April and harvested between September and October. To eliminate biases
caused by combine harvester dynamics and positioning data inaccuracy, raw yield data
were cleaned according to the method proposed by Lyle et al. (2014). Crop yield data
were adjusted and filtered to remove incorrect data caused by overlapping crop rows,
resulting in a linear sequence of near-zero productivity areas. The company involved in
agriculture in the study area provided the yield data, which were adjusted to match the
head dimensions of the harvester (2 m x 6 m) and converted to raster format using the
inverse distance-weighted (IDW) interpolation method of QGIS v.3.16 with 10 m x 10 m
pixels to match the resolution of the satellite images. Response variables for yield
prediction models were obtained using RS-derived VIs, VV/VH bands, LIDAR data and
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their combinations. Fishnet grid polygons with dimensions of 60 x 30 m were created to
accurately predict yield (Fig.7), which contains S1 and 2 pixels. The average S1 bands,

Vs, LIDAR data, and crop yield values were calculated for the corresponding grids.

[ ] 2020 year
[ ] 2021 year

2022 year

Fig. 5.7. Fishnet polygons were created to define the field boundaries at the pixel level
for predicting crop yield for three years.

5.25.VIs

VIs are commonly used to assess vegetation health and productivity (Table 2). In
this study, we used four different VIs. The indices were chosen on the basis of their ability
and potential to capture crop growth dynamics. Although there are various Vs available,
the Normalized Difference Vegetation Index (NDVI) has been the focus of many studies
(Zhao et al., 2015; Shang et al., 2015). The Green Normalized Difference Vegetation
Index (GNDVI) is a modified version of NDVI that replaces the red band with the green
band (Gitelson et al., 1996). This change may be more advantageous in evaluating
changes in green biomass at the canopy level. To account for soil background effects that
can affect the reflectance of crop canopies, the Soil Adjusted Vegetation Index (SAVI)
was developed (Huete, 1988). SAVI has been applied for the prediction of total biomass
and crop yield (Elwadie et al., 2005; Panda et al., 2010Db). It involves an adjustment factor
(L) in the NDVI equation that removes soil noise, the value of L being dependent on the
density of the vegetation. NDWI was developed to detect water content in vegetation and
IS more sensitive to water stress in plants, making it more effective in capturing the impact
of drought on crop yields (Gu et al., 2008, 2007).
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Table 5.2. Definition of the vegetation indices used in the study.

Index ] Reference
Equation

Normalized difference vegetation NIR — Red
) : —n T ed (Rouse et al., 1973)
index (NDVI) NIR + Red
Green normalized difference NIR — G

. il (Gitelson et al., 1996)
vegetation index (GNDVI) NIR + Green
Soil-adjusted vegetation index - (NIR — Red) Huete. 1988

uete,
(SAVI) A+ D NR+Red+ 1) | )
Normalized difference water index NIR — SWIR
NIR — SWIR (McFEETERS, 1996)

(NDWI) NIR + SWIR

5.2.6. Machine Learning Algorithms

The ML algorithms used in this study are RF, MLR, DT, and KNN. The study
used the Scikit-learn library (Pedregosa et al., 2011) to search for optimal machine
learning pipelines for each response variable, using randomly generated pipelines. The
study also employed an ensemble algorithm called Random Forest (RF), which uses
multiple decision trees to make predictions. RF works by creating a large number of
decision trees and combining their predictions through methods like averaging or
majority voting (Breiman, 2001). This approach helps to reduce overfitting and variance
issues commonly associated with single decision tree models. RF is capable of handling
high-dimensional and correlated features and can be used for classification and regression
tasks (Tin Kam Ho, 1995). It also provides an estimate of feature importance, which is
beneficial for feature selection and understanding of the underlying relationships in the
data. Optimizing the number of regression trees (ntree) and the selection of different
predictors at each leaf node (mtry) is necessary for the implementation of the RF
algorithm (Dewi et al., 2019). This study performed a grid search optimization of these
parameters using Python 3.11.3 version with the Scikit-learn (sklearn) package. The ntree
values were tested from 50 to 500 at intervals of 50, while the mean values were tested
from 5 to 100. The optimal result was achieved by setting the value at 500 and selecting
the default value of mtry, which is calculated as the total number of predictors divided by
3, as the number of variables tried at each split (Amankulova et al., 2023b).

MLR has been widely used across diverse fields as a preferred linear regression
technique. Considering that a phenomenon is often associated with multiple influencing
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factors, using multiple independent variables in MLR has proven to be more effective and
realistic than the use of a single independent variable alone, as suggested by Sousa et al.
(2007). Therefore, MLR is considered more practical than single linear regression and is
commonly utilized to model linear relationships between a set of multiple independent
variables and a dependent variable, as pointed out by Aiken et al. (2012).

KNN is a machine learning method for regression and classification problems. It
uses a distance function such as Manhattan or Euclidean to calculate the target value for
new samples based on the nearest neighbours of k. K is directly proportional to the
prediction, with a smaller K indicating high variance and low bias and a larger K
indicating low variance and high bias. The advantage of KNN is that it does not require
training or optimization, but has higher complexity and time consumption, as it uses past
datasets to predict new ones (Medar et al., 2019).

The DTR method makes predictions for the target variable by building a tree with
nodes representing each feature based on the training data. This method can be used for
both classification and regression problems and has the advantage of providing easily
interpretable results in a tree structure. The algorithm uses binary splits to separate the
data into two parts and minimize the sum of squared deviations from the mean in each
part until a minimum node size specified by the user is reached (Millan-Castillo et al.,
2020, (Xu et al., 2005).

The performance of the yield prediction model was assessed by calculating the
coefficients of determination (R2), the root mean square error (RMSE) and the mean
absolute error (MAE) accuracy metrics. These metrics can be calculated using the
following equations: (2)-(4)

Qi vi=y)(fi—=f))? @)
Z?=1(yl'—37i)2 E?=1(f1—fi)2

f (yi=fi)?

XM lyi-fil
= bl (4)

R? =

MAE

In these equations, n (i = 1, 2, ..., n) represents the number of samples used to test the
ML model, y; represents the observed yield, y; represents the corresponding mean value,
f; represents the predicted yield, and f; represents the corresponding mean value. A high
value of R? indicates a better performance of the model in predicting the yield. Lower
RMSE values indicate less discrepancy between the predicted and observed yield.
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5.2.7. Model Development

The model was developed through a thorough process of analyzing and testing the
data, which spanned two years. Various techniques were used to build the machine
learning model, including merging the data from 2020 and 2021 to create a more
comprehensive data set. To ensure accurate results, each band of S1 and each vegetation
index, as well as environmental data, were individually calculated and tested in different
combinations. The aim was to determine the optimal combination of features that would
yield the most accurate predictions. The metrics were computed separately for each model
and the outcomes were compared to identify the best model. Analysis was carried out in
August, which is the peak phenological period of soybeans, to ensure that the results were
a true representation of the actual yield during this period.

5.2.8. Model training.

In this study, we combined two years (2020 and 2021) of crop data to create a
model that was used for training. To test the model, we divided the data into two parts,
70% used for training and 30% for testing. Four machine learning techniques, namely
RF, KNN, MLR, and DTR, were used to check the model, and three metric values, namely
R-squared, RMSE, and MAE, were calculated from the results. The calculations were
carried out separately for each of the S1 and V1 data and their combination, followed by
the topographic data. Finally, all data were combined and the regression was calculated
(Fig. 8). The results showed that the R? values for S1 ranged from 0.2 to 0.5, for VIs from
0.54 to 0.90, and for the combination of S1 and VIs from 0.32 to 0.90. When combined
with topographic data (ie, aspect, slope, and TWI), the R2 values increased from 0.85 to
0.91. The RMSE and MAE values had similar indicators, with separate calculations for
S1 resulting in RMSE values ranging from 0.143 to 0.192 t/ha, for VIs from 0.119 to
0.132 t/ha, and for their combination from 0.105 to 0.130 t/ha. The MAE values ranged
from 0.126 to 0.151 t/ha for S1, from 0.116 to 0.141 t/ha for VI, and from 0.089 to 0.110
t/ha for their combination. In general, these findings represent that the combination of S1,

Vs and topographic data could potentially improve the prediction of crop yields.
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5.3. Results
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5.3.1. Future Selection

We examine correlation-based feature selection (CFS), a popular technique for
selecting the most relevant features in a dataset. CFS evaluates the correlation between

each feature and the target variable and selects the features with the highest correlation.
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We used Python 3.11.3 software, several libraries provide CFS functionality. One of the
most commonly used libraries is scikit-learn. Scikit-learn provides a SelectKBest
function, which can be used to select the K-highest features based on a scoring function.
The scoring function can be set to correlation, which will select the features with the
highest correlation with the target variable. The analysis revealed that GNDVI, NDVI
and SAVI were the most significant features in predicting crop yield, with correlation
coefficients (r) of almost 1, 0.95, and 0.85, respectively (Fig. 9). These results suggest
that these VIs are highly indicative of crop productivity. Furthermore, the r values for the
polarization types HH and HV were 0.55 and 0.5, respectively, indicating that they have
moderate relevance to predict crop yield. Furthermore, topographic factors such as aspect,
slope, and TWI were found to have the lowest impact, ranging from 0.1 to 0.2 for
productivity prediction. These findings suggest that the combination of VIs, polarization
types, and topographic data in crop productivity models can improve the accuracy of
prediction.
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Fig. 5.9. Correlation-based Feature Selection results.
5.3.2. Model Validation
After creating and testing the model using four different machine learning
techniques and various metric values, we found that RF consistently performed the best

in predicting soybean yield. Therefore, we chose RF as the preferred ML technique and

used it for model validation. We validated the two-year RF training model on independent
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soybean yield from 2022. We calculated S1, VIs and topographic values for the 2022
yield and divided the plots into fishnet sections for analysis. To demonstrate the results,
we present an example of six parcels. The R? values in fields 2 and 5 were found to be
the lowest with values ranging from 0.41 to 0.77, while fields 1 and 3 showed average
values of 0.82 to 0.81, and fields 4 and 6 presented the best value of 0.89. It is important
to note that low values of RMSE and MAE are generally observed in areas where R? is
high, while high RMSE and MAE are associated with lower R? values. The MAE values
in fields 2 and 5 were calculated as 0.089 and 0.117 t/ha, respectively, while fields 1 and
3 had values of 0.163 and 0.129 t/ha, and fields 4 and 6 yielded values of 0.103 and 0.126
t/ha. Similarly, RMSE values in fields 2 and 5 were found to be 0.122 and 0.153 t/ha,
respectively, while fields 1 and 3 had values of 0.224 and 0.171 t/ha, and fields 4 and 6
produced values of 0.138 and 0.165 t/ha. We employed a boxplot to visually represent
the RMSE and MAE values in the context of accuracy metrics.
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Fig. 10. Observed and predicted soybean yield data from validation for 2022 using
combined predictor variables (i.e. satellite imagery, environmental data) extracted from
August soybean yield.

101



0220 4

0200 4

0.180 4

0160

0140 l

0120

Accuracy values

0100

MAE RMSE

Fig. 5.11. Box Plots illustrating a summary of accuracy metrics inluding RMSE and MAE
for validation datasets accross all fields.

5.4. Discussion
5.4.1. Analyzing the vegetative period at peak

The S1 and S2 data was utilized by mosaicing each month to identify the optimal
growing season. Minimum, maximum, mean, median, and standard deviation were
calculated for each month over three years. The VV and VH bands were calculated for
S1 (Fig. 3), while the NDVI index was calculated for S2 (Fig.4). The study revealed that
the peak period of soybean harvest was August in both sensors and all three years, which
corresponds to the beginning pod, the phenological period of the entire pod of soybean.
Numerous research studies have shown that peak phenological stages can yield superior
outcomes. Bai et al., (2019) employed the optimal phenological stage to determine the
best time for yield estimation, relying primarily on phenological stages and VIs derived
from Landsat 8 imagery, and utilized the month of peak phenology to forecast crop yield.
Using the peak phenological period, we based our selection on previous results
(Amankulova et al., 2023b), monitored the growth period of sunflowers through Vs
acquired from S2, and developed a yield prediction model using the highest phenological

stage.

5.4.2 The benefits of using RF compared to other machine learning techniques.

In our study, we evaluated the performance of four different machine learning
techniques to predict soybean yield. After testing each method in the training dataset, we

found that RF produced the most accurate predictions. Fig. 8 shows the comparison of R?
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values between the four ML techniques, where RF had the highest value of 0.91 than
other techniques KNN 0.88, MLR 0.86, DT 0.85. This indicates that RF outperformed
the other methods in terms of predicting soybean yield using combined satellite and
topographic data. In addition, high R? values indicate low RMSE and MAE values, which
are important metrics for evaluating prediction accuracy. The RF model demonstrated the
lowest RMSE and MAE values of 0.105 and 0.089 t/ha, respectively. After considering
the results of other relevant studies, Kumar et al., (2018) concluded that the analysis of
S1A SAR was utilized to estimate the growth parameters of winter wheat crops in
Varanasi district, India. In general, RF was the most precise algorithm for estimating
winter wheat parameters, followed by the SVR, ANNR and LR algorithms. (Pang et al.,
2022) used RF models on satellite imagery to predict wheat yields in three south-east
Australian paddocks. The RF composite region-wide RF model had an R? of 0.86 and an
RMSE of 0.18 t ha™*, while individual paddocks in Victoria and New South Wales
performed well with R? values of 0.89 and 0.87 and low RMSE values of 0.15 and 0.07 t
ha. However, the South Australia model had moderate performance with an R? of 0.45
and an RMSE of 0.25 t ha™. The study highlights the potential of using RF models on
satellite imagery for regional- and local-scale yield prediction. In our previous article
(Amankulova et al., 2023b), we conducted a study to investigate the feasibility of using
remote sensing data to monitor crop phenology and predict sunflower crop yield at the
field scale. Multiple linear regression and two machine learning approaches were used to
predict sunflower crop yield using remote sensing data. The best performing model was
found to be the RF with an R? of approximately 0.6 and an RMSE of 0.284-0.473 t/ha.

5.4.3 Importance of future combination S1, S2, and topographical data for soybean
yield prediction.

The S1 data provide important information on soil moisture, which is a key factor
in crop growth and yield, while the S2 data provide high-resolution multispectral imagery,
allowing a detailed analysis of crop health and growth patterns. We also investigated Vs
derived from S2 images to predict soybean yield. The use of VIs in the prediction of crop
yield is an important area of research and several studies have examined its significance.
VIs are indicators of crop health and can provide information on vegetation density,
photosynthetic activity, and other plant characteristics (Joshi et al., 2023). However,
according to other studies, yield accuracy estimates could not be improved by calculating
independent VIs (Hunt et al., 2019). This would imply that RF can obtain important

information for the estimation of the yield from the specific satellite bands themselves,
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which is often provided by VIs. When developing a training model, it was observed that
the use of only S1 RMSE = 0.180 t / ha or only VIs RMSE=0.119 t/ha did not produce
satisfactory results.

The generated model outperformed the previously established models when the
environmental data was integrated with the S1, S2 and topographical data. According to
several studies (Burt, 2012; Hunt et al., 2019; Schwalbert et al., 2020), combining
environmental data with satellite data to improve crop production assessment produced
superior results. Consequently, a decision was made to combine these two satellite
images. The integration of topographic data with satellite images led to a significant
improvement in the performance of the model. This combination increased the accuracy
of the estimate. Specifically, the RMSE value decreased to 0.105, while the MAE was
reduced to 0.089 t/ha (Fig. 8) for the random forest regression model. These findings
highlight the importance of using a combination of satellite images and topographic data
for accurate yield prediction. In the results section, we demonstrate that the combined
data approach was effective by conducting a validation for 2022. We applied the
combined data approach to all six parcels and observed favorable results with R2 values
ranging from 0.41 to 0.89, RMSE values ranging from 0.122 to 0.224 t / ha and MAE
values ranging from 0.089 to 0.163 t/ha (Fig. 10). These results highlight the potential of
using the combined data approach for soybean yield prediction, as it offers a more
comprehensive and accurate assessment of crop conditions and provides valuable insights

for farmers and decision makers in the agricultural industry.

5.4.4 Limitations of the study

The main limitation of using combine harvester yield data for yield mapping and
monitoring. Inaccurate data could have a variety of causes. These include operating
multiple machines with various calibrations, choosing the wrong header height and cut
width settings, and making mistakes with speed and travel distance. This can make it
difficult to accurately capture within-field variations in crop yield, which can be
influenced by a variety of factors, such as soil type, topography, and plant health.
Additionally, combine harvester yield data are only available after harvest, which limits
their usefulness for making in-season management decisions. Finally, yield data from
combine harvesters may be affected by factors such as machine calibration, crop lodging,
and operator variability, which can introduce errors and uncertainty into yield estimates
(Thylén and Murphy, 1996).
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5.5. Conclusions

This study has demonstrated the potential of using a combination of S1 and S2
satellite imagery along with other geographic attributes to forecast soybean yield in the
field at an early stage. The study first determined the optimal phenological stage for
soybean harvest in August by analyzing satellite images. Two years were used for model
training and testing, while the model was validated on the data set of 2022 years, utilizing
S1 bands and VIs obtained from monthly mosaiced images, as well as topographic data.
The individual calculations were subsequently combined and it was determined that the
RF regression algorithm was the most effective machine learning technique. The
combination data was then calculated using RF in the validation process, resulting in high
accuracy rates, with R? ranging from 0.41 to 0.89 in parcel sections, RMSE ranging from
0.122 to 0.224 t/ha, and MAE ranging from 0.089 to 0.163 t/ha. The results of this study
indicate that the integration of satellite data S1 and 2 with topographical information can
facilitate the monitoring, mapping and forecasting of crop yields on small and fragmented
farmlands, thus aiding agricultural decision-making and allowing early warnings.

By combining data from S1 and S2, the outcomes were found to be more effective
than using data only from S2. However, further research is needed to improve our
understanding of the relationship between backscattering and crop yield. In future studies,
it would be useful to consider high-resolution meteorological and soil variables such as
temperature, precipitation, and soil moisture to gain a better understanding of the factors

affecting crop yield.
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6. Conclusions
6.1 Summary of key findings

By addressing the research hypotheses to achieve the research objective, my study
has achieved the following key findings:
Thesis 1. My research indicates that the most significant correlation appears between
sunflower crop yield and Sentinel-2 satellite imagery, acquired on June 28, 2020, over 85
- 105 days, emerges. This thesis point is based on Chapter 2 of the publication.1.
Thesis 2. From my investigation, it becomes evident that the sunflower crop vyield,
measured by both combine harvester data and satellite-derived Vs, exhibits a notable
correlation during the peak phenological period, specifically corresponding to the stage
of emergence of the inflorescence that occurs at 86-116 DAS. Consequently, this period
emerges as optimal for accurate estimation and mapping of sunflower crop yield. These
results are explained in my second thesis.
Thesis 3. Based on my investigation, high spatial-temporal resolution satellite images
(e.g., PS) result in more robust soybean yield compared to the medium and coarse satellite
sensors (e.g., S2 and L8). These findings of the thesis correspond to the third publication.
Thesis 4. Following my findings, the integration of environmental data, including climate
and topographic variables, with multispectral satellite imagery significantly improves the
accuracy of soybean yield estimation models. This combination provides additional
information on factors influencing crop growth and allows more precise predictions of
within-field yield variability. These findings were reported in the third publication.
Thesis 5. According to my research, the combination of radar images from the S1 and
optical images from S2 satellites can complement each other. The introduction of LIDAR-
extracted variables further improved the accuracy of the model with R? values ranging
from 0.41 to 0.89 while reducing the RMSE to as low as 0.105 t/ha and the MAE to 0.089

t/ha in validation datasets for 2022. These findings are outlined in the fourth publication.

6.2 Implications

In scholarly terms, my identification of the relationship between land cover and
land use within the study area, along with my assessments and discoveries regarding crop
yield prediction methodologies, adds to the current understanding of time series analysis
in land cover and land use monitoring and classification utilizing GIS and RS technology.

This research specifically focuses on the case study of Mez6hegyes, Hungary.
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By integrating GIS and remote sensing technologies, farmers gain valuable insight into
crop health, soil moisture, and vegetation patterns, empowering them to make data-driven
decisions for more efficient crop management practices. This ultimately leads to higher
yields and promotes sustainable agricultural practices.

Through the application of ML techniques and RS data, my research contributes
to the development of accurate crop yield prediction models. Using advanced statistical
modeling and satellite-derived vegetation indices, farmers can better anticipate crop
yields and plan their activities accordingly. This enhances decision-making processes and
resource allocation, and ultimately improves agricultural productivity.

Accurate crop yield forecasts provided by my research facilitate sustainable
agricultural development by allowing efficient resource allocation and minimizing
environmental impacts. Stakeholders can implement targeted strategies to improve food
security and promote agricultural sustainability, while policymakers can formulate
evidence-based policies to address challenges related to food security and agricultural
sustainability.

The integration of Al and RS data represents a significant advance in agricultural
monitoring and decision-making. My research explores the capabilities of Al algorithms
and satellite imagery analysis, contributing to the continuous evolution of RS technology
for agricultural applications. This technological advancement enables stakeholders to
access timely and accurate information for effective decision-making in agricultural
management.

The findings of my thesis have practical implications for various stakeholders,
including farmers, government agencies, and agricultural enterprises. By providing
actionable information on crop development and yield predictions, stakeholders can
optimize resource management, mitigate risks, and improve productivity. This empowers
stakeholders in the agricultural value chain to make informed decisions that contribute to
food security and economic stability.

My thesis lays the groundwork for future research directions in agricultural RS
and GIS. Further research could explore additional factors that influence crop yield
variability, such as impacts of climate change and soil health indicators. Furthermore, the
integration of emerging technologies, such as UAVs and advanced machine learning
algorithms, has the potential to enhance the accuracy and efficiency of crop monitoring
and yield prediction methods. Future research in these areas can further advance

agricultural science and technology, benefiting stakeholders worldwide.
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6.3 Limitations, recommendations, and future research

Due to the limited research time and resources, this study still has several

limitations. The following are a few key suggestions and ideas for further study.
The reliance on ground-observed phenology for correlation with Sentinel-2-derived land
surface phenology poses a challenge due to potential discrepancies and lack of direct
geographical linkage. Additionally, the precision of observed crop yield data collected by
combine harvesters may be compromised by various factors such as signal delay,
equipment errors, and calibration inconsistencies.

To address these limitations, future research should explore the integration of
environmental variables such as topography and soil moisture, derived from multisource
satellite imagery, with deep learning techniques to improve crop yield prediction
accuracy. Furthermore, incorporating crop biophysical and biochemical parameters,
retrievable from spaceborne hyperspectral imagery using radiative transfer models, can
improve the robustness of prediction models and offer deeper insights into crop health
and productivity. Investigating the integration of environmental variables with deep
learning for more accurate crop yield predictions and exploring the incorporation of crop
biophysical and biochemical parameters from spaceborne hyperspectral imagery into
prediction models to enhance accuracy and insight into crop health are significant paths
for future research.

The study faced limitations due to the coarse spatial resolution of the climate data,
which hindered the accuracy of the detection of precipitation and temperature variation
within the study site. Additionally, reliance on ground truth data obtained solely from
modern combine harvesters equipped with GPS might limit applicability in regions
lacking such technology, particularly in developing countries. These factors could impact
the accuracy and reproducibility when applied to different geographical regions.

To address the limitations, future research should prioritize the acquisition of finer
pixel-size meteorological data to enhance accuracy in detecting climate variations within
the study site. Furthermore, efforts should be made to incorporate ground-truth data
collection methods suitable for regions lacking advanced agricultural machinery,
ensuring the model's applicability and robustness across diverse agricultural landscapes.

The use of combine harvester yield data for yield mapping and monitoring poses
significant limitations due to potential inaccuracies. Factors such as the operation of

multiple machines with varying calibrations, incorrect header height and cut width
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settings, and errors in speed and travel distance selection can lead to inaccurate within-
field yield variations. Furthermore, the availability of yield data only after harvest restricts
its utility for in-season management decisions. Furthermore, factors such as machine
calibration, crop lodging, and operator variability can introduce errors and uncertainties
into yield estimates.

To address the limitations associated with combine harvester yield data, it is
recommended to explore alternative methods or technologies for yield mapping and
monitoring. Implementing advanced precision agriculture techniques, such as RS and
UAVs, could offer real-time or near-real-time data on crop health and yield potential,
thereby facilitating more informed decision-making throughout the growing season.

Future research efforts should focus on improving our understanding of the
relationship between backscattering data from satellite imagery and crop vyield.
Investigating the integration of high-resolution meteorological and soil variables, such as
temperature, precipitation, and soil moisture, with satellite data could provide a
comprehensive understanding of the factors that influence crop yield variability.
Additionally, exploring the potential of UAV-based remote sensing for high-resolution
crop monitoring and yield prediction could offer valuable insights for optimizing
agricultural practices and enhancing productivity.
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Summary

The dissertation titled "Crop yield prediction using machine learning, multi-source
Remote Sensing technologies and data fusion: a case study of Mezéhegyes Hungary"
focuses on the integration of GIS and remote sensing technologies for time-series crop
yield prediction and crop monitoring. The study aims to predict crop yields through
advanced statistical modeling using satellite-derived vegetation indices and crop
phenology, with a specific crop in Mez6hegyes, Hungary. This research was designed to
forecast crop yield for specific years and enhance agricultural forecasting for farmers
through the utilization of modern technologies. The hypotheses proposed in this study
were as follows:
1) Can the integration of time-series analysis of Sentinel-2 imagery with ML algorithms
identify the optimal date for accurately estimating sunflower crop yield before the
harvesting stage?
2) At which phenological stage of sunflower is the monitoring and mapping of yield most
effective, utilizing satellite-derived features and ground truth data from combine
harvesters?
3) How does the accuracy of soybean prediction model changes when using different
spatial-temporal resolution satellite images? Assessment of most common satellite
sensors (e.g., PS, S2 and L8) in soybean yield monitoring.
4) How does the integration of environmental data, such as climate and topographic
variables, enhance the accuracy of soybean yield estimation models when combined with
multispectral satellite imagery?
5) How effective is the integration of S1 and S2 satellite imagery with LiDAR-derived
topographical data in predicting soybean yield at the pixel level using ML techniques?
Various types of data were examined and gathered, including optical imagery such
as Landsat-8, PlanetScope, and Sentinel-2, as well as SAR imagery from Sentinel-1, all
acquired during the research period. Additionally, crop yield data, administrative
boundaries, training and validation datasets for crop yield prediction, raster data, land use
maps, planning maps, and other supporting data were collected. A field survey trip was
conducted on July 23, 2020, to the study area to collect further data and enhance
understanding of land cover and land use. Moreover, personal experiences were utilized

to interpret training and validation data effectively.
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In terms of methods, | used and developed a series of RS and GIS techniques to
solve the research hypotheses and achieve the research objective. They included (1) image
processing techniques for preprocessing Sentinel 2, extracting vegetation indices and,
monitoring of crop phenology (2) sunflower crop yield prediction based on BBCH scale
and several ML algorithms, (3) Identify the most suitable timing and stage of crop
phenology using time series data, (4) Compare three satellite images to predict crop yield
using the RFR algorithm and choose the most suitable one for agricultural purposes, (5)
Enhancing model accuracy by incorporating climate and topography-related factors,
integrating optical and SAR data to improve predictions of crop yield. The ERDAS
IMAGINE 2020, SNAP 8.0, QGIS 3, Python 3.11.3 and R 3.6 software, depending on
the purpose, were used for these tasks.

For the results, | proved that time-series satellite image analysis combined with
machine learning algorithms can determine the optimal date for sunflower crop yield
estimation before harvesting. Utilizing Sentinel-2 satellite imagery from April to
September 2020 in the Mezdhegyes area of Hungary, along with field data, I developed
RFR models. These models demonstrated high accuracy (R? = 0.84) when trained on data
from June 28, reflecting the peak vegetative period of sunflowers. Validation on
independent data sets highlighted the importance of validation for accurate predictions.
Overall, this approach provides valuable insights for precision agriculture and crop
management, aiding in optimizing harvesting schedules and improving yield predictions.
The findings have validated hypothesis 1 of the research.

In addition, a variety of ML techniques can effectively learn and predict sunflower
crop yield at the field scale based on satellite images. In my study, | employed three ML
approaches: RFR, SVM, and MLR, to analyze the correlation between VIs derived from
Sentinel-2 MSI data and observed crop yield. Firstly, 1 demonstrated the correlation
between VIs and crop yield throughout the sunflower growing season. The correlation
coefficients showed a significant increase during the flowering stage and peaked at
physiological maturity, indicating a strong relationship between vegetation indices and
crop yield dynamics. Secondly, | compared the performance of the three ML approaches
for crop yield prediction. RFR consistently outperformed SVM and MLR, achieving the
highest prediction accuracy with an R-squared value and the lowest RMSE. This indicates
that RFR is the most suitable ML technique for modeling the field-scale variability of
crop yield based on satellite imagery. Decision rules based on multi-temporal RS data

and GIS methodologies. Considering the goal of the study and the data available in the
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study area, this mapping strategy is the best one. It enables the efficient extraction and
conversion of a crop yield map. The study hypothesis 2 has been validated by these
findings.

The high spatial-temporal resolution satellite images, exemplified by PS, yield
more robust soybean yield predictions compared to medium and coarse satellite sensors
like S2 and L8. This conclusion is supported by the results of regression analysis
conducted using RF models trained on data from different sensors. Specifically, the RF
models trained with PS data consistently exhibited higher accuracy in predicting soybean
yields within field variability compared to those trained with S2 and L8 data.
Furthermore, the time series analysis of phenological stages revealed that satellite images
captured during the peak vegetative period of soybeans, particularly in July (around the
Fourth node, fifth node, and beginning bloom stages), provided the most accurate yield
estimations across all sensors. These results have confirmed the research hypothesis 3.

I also proved that the introduction of climate and topographic variables can indeed
enhance the model performance in terms of accuracy. By integrating these additional
variables into the regression analysis alongside satellite-derived spectral bands and Vs,
| observed notable improvements in soybean yield estimation accuracy. These results
have confirmed the research hypothesis 4.

Finally, soybean crop yield can indeed be forecasted based on historical yield data
and the integration of multi-temporal radar and optical satellite images significantly
enhances field-level crop yield monitoring. | conducted future selection analysis where |
employed CFS to identify the most relevant variables for predicting crop yield. This
analysis revealed that certain spectral indices (GNDVI, NDVI, and SAVI) had high
correlation coefficients (r) with crop yield, indicating their strong predictive power.
Additionally, the polarization types HH and HV showed moderate relevance, suggesting
their potential utility in yield prediction. Furthermore, topographic factors such as aspect,
slope, and TWI were found to have minimal impact on productivity prediction.|
performed model validation using RF as the preferred machine learning technique. By
validating the RF model on independent soybean yield data from 2022, | demonstrated
its effectiveness in predicting crop yield. These results have confirmed the research
hypothesis 5.

In a scientific sense, the analyses and conclusions of this work add to our
understanding of how to employ GIS and RS data for land use and land cover studies.

Specifically, this study's innovative method—which creates a specific distribution crop
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map by utilizing satellite imagery, GIS tools, and an advanced statistical model—offers
numerous benefits. It promotes the reproducibility and proactivity of the research as well
as cost-efficiency and time savings. The output of this approach, i.e., the crop yield
prediction can be used for different purposes: Firstly, the predicted crop yields can serve
as a vital tool for farm management aiding in decision-making processes related to crop
planning, resource allocation, and optimization of agricultural practices. By accurately
forecasting yields for different crops, farmers at Mez6hegyes can strategically adjust
planting schedules, irrigation regimes, and fertilizer applications to maximize
productivity while minimizing input costs.

Furthermore, the crop yield predictions generated through this approach can also
be instrumental in risk management and financial planning for farmers. By providing
insights into potential yield fluctuations and production uncertainties, these predictions
enable farm managers to develop contingency plans, hedge against market risks, and
secure appropriate insurance coverage. This proactive approach to risk management can
help safeguard the financial stability and long-term sustainability operations.
Additionally, the crop yield predictions offer valuable insights for supply chain
management and market forecasting. By anticipating crop yields with greater accuracy,
farm managers can align production levels with market demands, optimize inventory
levels, and negotiate favorable pricing agreements with buyers. This enhanced visibility
into future crop yields enables Mezdhegyes farm to capitalize on market opportunities,
minimize supply chain disruptions, and maintain a competitive edge in the agricultural

marketplace.
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