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Abstract

Emerging technologies such as spatial statistics, machine learning, and remote sensing
have been shown to play a crucial role in digital agriculture, offering promising tools that
enhance data-driven decision-making and contribute to the sustainability of farming systems.
However, despite the growing volume of data collected each season, information on yield,
environmental conditions (e.g., soil data), and crop variables are often incomplete or becomes
too costly to obtain. In response to these challenges, this dissertation explores the development of
predictive models that can support agricultural applications.

The study is structured into three chapters. The first chapter introduces the expanding
capabilities of digital technologies for data collection and predictive modeling, highlighting their
potential for developing digital agricultural products at an on-farm level. The second chapter
presents the design and implementation of a robust framework for generating spatial predictions
of soybean seed quality parameters at the farm level. Recognizing that on-farm data often
requires preprocessing before it can be effectively used in predictive modeling, the third chapter
proposes a hierarchical Bayesian approach to address spatial misalignment issues. This method is
designed to address the issue of missing values that are a result of the merging of datasets from
disparate geographic locations. This approach facilitates the process of both data imputation and
the integration of continuous spatial information with prior knowledge.

Overall, this dissertation employs a combination of statistical techniques, machine
learning algorithms, and spatial data management strategies to advance the design and
implementation of agricultural predictive models. These models facilitate the spatial
characterization of a broad range of agriculturally relevant variables, thereby contributing to

more precise and informed decision-making in the field.
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Chapter 1 - Introduction

Agricultural systems are poised to face significant challenges in the coming years (Fao,
2019). These challenges will not only impact farmers, but also all stakeholders in the agricultural
supply chain and its related sectors (Sharma et al., 2021). In this context, sustainable agricultural
systems are expected to face several major challenges (El Jarroudi et al., 2024). These challenges
are not only linked to the growing demand for greater efficiency in agriculture (Muhie, 2022),
but also to the increasing risk of production disruptions and changes in consumer behavior
(Raymond et al., 2022; White et al., 2019).

Addressing these critical bottlenecks in future agricultural production will require a
profound transformation of cropping systems, considering not only agronomic aspects but also
all other factors that could constrain the agricultural supply chain (Rockstrém et al., 2017).
Emerging digital tools could serve as a cornerstone in tackling these issues (Parra-Lépez et al.,
2024). Data generated from various sources, including satellites, sensors, and agricultural
machinery, can be leveraged to overcome these challenges by supporting decision-making,
enhancing knowledge exchange, and improving process monitoring (Fuentes-Pefiailillo et al.,
2024). A deeper understanding of spatial variability has the potential to not only boost field
productivity and resource use efficiency of inputs but also facilitate access to better markets and
mitigate production risks (Hernandez et al., 2023; Zhang et al., 2002).

In this respect, the digital data collection process, integrated with on-farm experiments,
plays an important role by expanding the scale and capacity to address agricultural challenges
(Bramley et al., 2022; Lacoste et al., 2021). While the concept of digital agriculture has been

traditionally defined in terms of data-driven farming (O’Donoghue et al., 2024), it can also be



redefined as a paradigm in which agronomical science incorporates innovative analytical
methods and higher-quality data to enhance decision-making (Basso & Antle, 2020). Emerging
technologies such as spatial statistics, machine learning, and advancements in remote sensing
have demonstrated their essential role in digital agriculture, providing promising tools that
improve agriculture data-driven decision-making (Aradjo et al., 2023; Mathenge et al., 2022).

On one hand, the development of predictive models presents an opportunity to estimate
complex or costly-to-measure variables using easily obtainable and low-cost data (Ben Ayed &
Hanana, 2021; Elbasi et al., 2023), facilitating large-scale implementation. On the other hand,
despite the increasing volume of data collected each season—including yield collection,
environmental conditions, and crop quality parameters—data gaps remain a significant challenge
due to high acquisition costs or incomplete records. Developing models capable of filling these
data gaps while simultaneously quantifying estimation errors is a crucial step for ensuring
accurate model evaluation (Barbedo, 2022).

In response to these challenges, this thesis explores various approaches for developing
predictive models to support agricultural applications. This study is structured into three
chapters. The first chapter provides a general introduction to the expanding capabilities of digital
technologies for data collection and predictive modeling, emphasizing their potential in
developing at on-farm level digital agricultural products. The second chapter presents as the
main goal to design and implement a robust framework for generating spatial remotely sensed
derived predictions of soybean seed quality parameters at the field level (before harvest time),
acknowledging that farm-level data often require preprocessing before they can be effectively
utilized in predictive modeling. The third chapter introduces as the main goal the utilization of a

Hierarchical Bayesian approach to address spatial misalignment issues, mainly focused on



managing missing values within a spatial context when integrating different data sources
facilitating both data imputation (quantification of uncertainty) and the incorporation of
continuous spatial information with prior knowledge.

Overall, this dissertation employs a combination of statistical techniques, machine
learning algorithms, and spatial data management strategies to enhance the design and
implementation of predictive agricultural models. These models enable the spatial
characterization of a wide range of agriculturally relevant variables, contributing to more precise

and informed decision-making for farmers, agronomists, and consultants working at field-scale.



Chapter 2 - On-farm soybean seed protein and oil prediction using

satellite data

Hernandez, C. M., Correndo, A., Kyveryga, P., Prestholt, A., & Ciampitti, I. A. (2023). On-farm
soybean seed protein and oil prediction using satellite data. Computers and Electronics in

Agriculture, 212, 108096.

Abstract

Soybean (Glycine max L.) seed composition is receiving increased attention among
farmers, agronomists, and commodity traders. Increasing the ability to predict seed quality traits
such as protein and oil at the field level before harvest will provide a competitive ability to
segregate quality and create an economic advantage to position the production at both domestic
and global markets. Therefore, this study aims to use remote sensing satellite data to spatially
predict soybean seed protein and oil concentrations at the field level before harvest time. The
dataset consisted of 47 fields located in Kansas and lowa, United States, from the 2019 to 2021
seasons. Six machine-learning approaches (ElasticNet, Random Forest, XGBoost, LightGBM,
CatBoost, and an ensemble) were tested evaluating different vegetation indices and spectral
bands to predict before harvest seed protein and oil concentration from satellite imagery. The
optimal timing for training prediction models was identified within a week after the peak of the
green chlorophyll vegetation index, with different spectral indices and bands of importance for
each seed quality component. The XGBoost outperformed the rest of the algorithms for both
quality traits. Overall, models reported an absolute error of 1.80 % for protein and 1.04 % for oil
concentration. Our research describes a pipeline that combines on-farm data, open access

satellite imagery, an intensive use of spectral bands, and machine learning to forecast seed



quality before harvest. Future research guiding crop management interventions should be
directed to i) integrating and assessing major drivers of spatial variation of seed quality traits
such as soil and weather data, and ii) exploring satellite data-fusion approaches and with larger

moving towards deep learning methods.

Introduction

During the last two decades, the soybean crop harvested area registered a consistent rising
trend of 1.78 M Ha. Yr-1 (Food and Agriculture Organization of the United Nations, 2023).
While production is still a major driver for crop expansion and many more studies are focused on
the estimation of yield and productivity, an increasing focus on seed composition, herein
referring to protein and oil, has been documented during the last years (Borja Reis et al., 2022).
Soybean meal is the main supply of animal and human protein. Managers and nutritionists use
soybean meals in feed formulations to add proteins of high quality to the animal diet (Ibafiez
et al., 2020). On the other hand, a wide variety of fermented and non-fermented high-protein
products can be produced from soybeans for human consumption (Wijewardana et al., 2019).
From an oil standpoint, soybean crops can play a key role in biofuel production (Sheehan et al.,
1998). In summary, both protein and oil constitute the most important components of soybean
seed quality. Improving overall management and prediction at field-scale for soybean protein
and oil concentrations is critical to potentially capture the added value in soybean production. In
addition, a recent study (Borja Reis et al., 2022) reported that farmers will manage for quality if a
small economic incentive, roughly US$ 18 per Mg, is provided to produce a change in mindset.
A successful framework for changing the current mindset of production only based on quantities

and shifting the focus to seed composition should not only provide information but also facilitate



this change (Moss, 2019), mainly via technology adoption for quality segregation during harvest
time.

Available technologies to monitor crop seed quality such as off-combine sensors and
remote sensing (Song et al., 2017) may facilitate segregating seed quality at the farm by
predicting within-field variability before harvest (Bastos et al., 2021). On the other end, at
harvest crops, seed quality sensing is more precise (on-combine sensors) (Taylor & Whelan,
2007), but the technology has yet to be adopted and implemented in other crops beyond cereals.
Therefore, the development of digital solutions to assist soybean farmers in making decisions
(Correndo, McArtor, et al., 2022) is critical to move forward with this complex seed quality
segregation process at farmer fields.

The rising evolution of data processing systems combined with information obtained
from remote sensors is a powerful tool in the creation of data products for agriculture. The
extraction of crop features from the earth's surface through satellite data has been widely
explored. The diversity of applications ranges from application in scouting and crop monitoring
(Bajwa et al., 2017), crop segmentation (Zhong et al., 2016), and management areas delineation
(Georgi et al., 2018), Leaf Area Index (LAI) (Nandan et al., 2022), crop phenology (Diao, 2020),
biomass (Reisi Gahrouei et al., 2020), crop height (Alonso-Gonzalez et al., 2015). Additionally,
a considerable number of publications focus on the spatial prediction of soybean crop yields and
the workflows to achieve it (Schwalbert et al., 2020). Nonetheless, there is a considerable
research gap in terms of mapping soybean seed quality components before harvest, which could
open opportunities for the on-farm segmentation of seed. Machine learning algorithms are
gaining popularity across multiple disciplines due to their capacity of reading hard-to-perceive

patterns from complex datasets (Abraham et al., 2020). Various supervised learning techniques



have demonstrated promising performance for predicting multiple crop traits (Ramanantenasoa
et al., 2019). Recent advances suggest the combination of machine learning algorithms through
ensemble technigues may allow the achievement of more robust predictions (Shahhosseini et al.,
2021). Regardless of the model, a minimum set of candidate predictors as early as possible
during the cropping season is desirable (Correndo et al., 2021).

Following this rationale, this study aims to deploy a pipeline to predict the on-farm
spatial variability of soybean seed protein and oil concentrations before harvest using temporal
satellite data. The specific goals of this study are to identify: (i) the optimal timing (temporal)
during the crop growing season, and (ii) the optimal spectral data to develop a prediction of

soybean seed protein and oil concentration on farmer fields (training dataset) before harvest time.

Materials and Methods

Database

The study area comprised the central region in the states of Kansas and lowa, United
States (US), respectively (Figure 1). Precipitation and temperature levels (May 1st — September
30th) across site years are described in Table S1.
Soybean seed samples were collected right before harvest from a total of 707 geo-referenced
points from 47 commercial fields (Figure 1) (15 in Kansas, 32 in lowa) in 2019 (n=19), 2020
(n=4), and 2021 (n=24). A total of 9-to-15 distributed samples per field were collected
attempting to capture field spatial variability. No yield data was collected along with the seed
samples. Seed samples were determined via near-infrared spectroscopy (NIR) using the Perten

DA7200 Feed Analyzer (Perten Instruments, Stockholm, Sweden). Both protein and oil



concentrations were expressed as mass percentages (%). A general summary of the descriptive
statistics of soybean seed samples by field is presented in Table S2.

Remote sensing data were obtained from the Sentinel-2 MSI satellite platform. Sentinel-2
MSI provides 13 spectral bands at 10, 20, and 60 m of spatial resolution with a temporal revisit
time of 5 days (Gatti & Bertolini, 2013). For each field, the spectral bands were retrieved from
May 1 to October 31. Spatial coordinates were used to extract the values from every spectral
band using a buffer area of 20 by 20 m for each georeferenced point. To filter those images with
the presence of clouds that could influence the values of bands and indices, two types of filters at
the selection level were applied. While the first type of filter contemplates the percentage of
cloud occupancy in the entire tile, the second type of filter uses the QA mask, filtering out those
dates where each pixel in the image was classified as cirrus or clouds. All satellite data were
selected and retrieved using Google Earth Engine (GEE) through geemap (Q. Wu, 2020) and

GEE Python packages (Gorelick et al., 2017).

Feature Engineering
Spectral Indices

A total of 80 spectral indices were created using Sentinel-2 MSI spectral bands and map
algebra (Table S3). Spectral indices created represented the most used indices to map chlorophyll
content, water content, leaf area index (LAI), biomass, and vegetation coverage.
Soybean crop type clustering

A time series segmentation (L. Zhong et al., 2016) was applied to segregate different
patterns in the Green Chlorophyll Vegetation Index (GCVI) signature, which could indicate

differences in crop management. Part of the crop management oriented to crop rotation, such as



crops planting in full season or soybean planted as a double-cropped (e.g., after winter cereal
crop), can produce differences in the duration of the season (Santos Hansel et al., 2019). Changes
in the length of the soybean season could affect the main seed quality components under
investigation (Ray et al., 2008). Regarding crop type segmentation, the signature values obtained
among samples collected within a field were averaged for the same date to obtain a single
average GCVI time series per field. To improve the temporal resolution of GCVI, a resampling
was applied to a scale of three days and a linear interpolation between two consecutive dates. In
addition, a time series smoothing was carried out through a Savitzky-Golay filter with a window
size of 7 days. Subsequently, a time series k-means algorithm was applied to select 2 clusters,
one for the curves representing the full-season crops, and the other one referring to the double
crops. The results of the last process were added to the dataset as a new synthetic categorical
variable defining the crop type as a double- or full-season crop (Fig 3A). The time-Series K-
means algorithm was implemented through the tslearn package (Tavenard et al., 2020) for
Python language.

Temporal normalization

To establish a common time reference for spectral indices, a peak detection analysis was
performed (Fig. 3B). For all locations, we used the GCVI signature during the cropping season
due to its close relationship with the dynamics of the LAI in soybean crops (Lobell et al., 2015).
Based on the linear relationship that exists between LAI vs. GCVI (Cai et al., 2018), the GCVI
peak values are expected to coincide with the maximum LAI values. In addition, based on
previous publications (Sakamoto et al., 2010), the periods in which soybean crops reach the
maximum LAI values would be around the R3-R5 growth stages. Furthermore, the period from

Soybean flowering (R1; Fehr et al., 1971) to full maturity (R8; Fehr et al., 1971) is critical for



seed yield and quality determination. Lastly, the GCVI evolution during the season was modeled
for each site using a double logistic sigmoid function according to Eq. (1) using the Imfit package

in Python (Newville et al., 2019).

GCVI(t):m1+(m2—m7t)< o — ;_) (1)

1+e M4 1+e ™6

Where GCVI(t) is GCVI evolution fitted, it is time in day of year, m1, m2, m3, m4, m5,
m6, and m7 are the parameters of the function.

The GCVI peak was obtained when the first derivate of the double logistic sigmoid
function was zero (Fig. 4). After identifying the peak, data from all fields were standardized
using the peak’s moment as day 0 or reference time.

Time-frame selection

A time frame selection was carried out to select the best period to make predictions. An
iterative incremental algorithm was applied with a Partial Least Square Regression (PLSR)
model using all bands, indices, and the crop type as inputs. The PLSR was implemented
considering a window size between a minimum of 5 days to a maximum of 30 days, starting
from -40 to +40 days with respect to the GCVI peak. In this step, a nested cross-validation was
performed, where an outer-loop consisted of a random train-test split (70:30 for train and test,
respectively); and an inner-loop consisted of a 10-fold structure. The inner loop served to fine-
tune the number of components in the PLSR as the main hyper-parameter; while the outer-loop
served to test the performance on unseen observations. The criterion to select the best model was
based on the minimization of the root mean square error (RMSE). The RMSE of prediction was
obtained in each period listed and used as an error measurement to select the best time frame. All
the combinations between time and window size were obtained, to know at what moment of the

growth curve and during how many days we can make the predictions by minimizing the error
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and selecting those combinations with the lowest RMSE. This framework was applied separately
for protein and oil concentration models.
Predictive Modeling

The response variables were oil and protein concentration. Predictors consisted of
integrated bands, spectral indices (Table S3) from the best time frame selected in Section 2.2.4.,
plus a binary variable representing the crop type (double or single crop) obtained in the feature
engineering process. Six machine-learning models were tested. The candidate models were: i)
ElasticNet (Zou & Hastie, 2005), ii) Random Forest (Breiman, 2001), iii) XGBoost (Chen &
Guestrin, 2016), iv) LightGBM (Ke et al., 2017), v) CatBoost (Prokhorenkova et al., 2018), and
vi) an ensemble using the mean of models (i) to (v).
Nested cross-validation was implemented in two steps: (i) an inner loop for the optimization of
hyper-parameters, and (ii) an outer loop for testing the generalization performance. The latter
consisted of a 70:30 split, where 70% and 30% of entire fields were used for training (n = 30)
and testing (n = 17) the models, respectively. This split also considered maintaining a balanced
sample of fields across years and states. At the inner loop, the hyper-parameters optimization
was conducted using a repeated (x3) 10-fold cross-validation. We performed a grid search for
each model to fine-tune the hyper-parameters (Table S4). The best hyperparameter combinations
for each algorithm were selected based on average performance on the inner validation set using
the root mean square error (RMSE) minimization criterion. More details about the
hyperparameters tuning are shown in Table S4.
Field Predictions Performance

Once hyper-parameters were optimized, predictive performance was assessed using the

entire training datasets to predict the observations on the outer-testing sets (hold-out) For a
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comprehensive predictive performance evaluation, a total of eight complementary error metrics
and indices were used: i) the classical coefficient of determination (R?) that exclusively
represents a measure of precision (not accuracy); ii) the concordance correlation coefficient
(CCC, higher is better) as a normalized metric that weighs the correlation coefficient (precision)
by an index of accuracy; iii) the root mean square error (RMSE, % lower is better) as an average
squared errors-based statistic that Kling et al., (2012). Specific formulae and descriptions of the
metrics can be found in Table S5.
Feature importance

For the best ML model, the relative importance (%) of each predictor variable on the
overall performance of the best model was assessed using a permutation-based test, which
estimates the relative increase of prediction error (mean squared error) due to the exclusion of a
certain variable from the model (Breiman, 2001).
Software

The ML libraries used for training, testing, and applying the models were Sklearn
(Pedregosa et al., 2011), XGBoost (Chen & Guestrin, 2016), LightGBM (Ke et al., 2017), and
CatBoost (Prokhorenkova et al., 2018) in Python language. Predictive performance metrics were

estimated in R software using the metrica package (Correndo, Rosso, et al., 2022).

Results

Soybean seed quality components description

Protein concentration ranged between a minimum of 32.4% and a maximum of 44.3 %,
with a mean of 37.6 %. On the other hand, oil concentration ranged between a minimum of
16.1% and a maximum of 26.8 %, with a mean of 22.0 %. The general relationship between

soybean seed protein and oil concentration is shown in Fig. S1. The variation of these seed
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quality traits by crop type, full versus double-cropped soybeans, was described to understand the
influence of this variable in our database. For full-season soybeans, seed protein concentration
presented an IQR of 2.27 % and a median of 37.78 %, while for double-cropped the IQR was
wider at 5.32 % with a median of 36.10 %. Lastly, for seed oil concentration, the full-season
crops showed an IQR of 2.06 % with a median of 22.16 % and the double-cropped presented an
IQR of 4.19 % with a median of 18.70 %.
Time-frame selection
The lowest RMSE values for protein prediction were identified between 2 to 7 days after
reaching the GCVI —peak (Fig. 5B). On the other hand, the best time to predict oil concentration
was from 1 to 7 days after achieving the GCVI —peak (Fig. 5C). Additionally, the lowest RMSE
values were 1.75 % and 1.29 % for protein and oil concentration, respectively.
Predictive performance

For both protein and oil concentration, XGBoost was identified as the best predictive
algorithm with the least PLA from the RMSE and high KGE (Table 1). In this sense, it is
preferable that the PLP be of a greater value than the PLA, indicating that the error is due to lack
of precision and not accuracy, defining this as a model selection criterion. Despite the
expectations, the ensemble of models did not improve the performance indicators for either
protein or oil. In terms of predictive performance, Random Forest and ElasticNet resulted in the
poorest predictive performance for protein and oil concentration, respectively. For both protein
and oil concentration, all ML models showed limitations, with a common tendency of over-
prediction below- and under-prediction above-average values (~38% of protein, and ~33% of oil)
(Fig. 6). The full set of metrics obtained from the performance process using testing dataset are

in Table 1. Predictive performance metrics using the training dataset are shown in Table S6. The
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distribution of both protein and oil concentrations for observed and predicted data are shown in
Fig S2.
Feature importance

The most relevant variable for the XGBoost model for seed protein concentration was the
crop type (Fig. 7A), separating full relative to double-cropped soybeans (+30% feature
importance). For oil concentration, the XGBoost identified several critical variables, with the
first three as crop type, TSAVI, and B11 (summing up +15 feature importance) (Fig. 7B). A

detailed description of the entire ranking of variable importance can be found in Fig. S3.

Discussion

Our research describes a pipeline that combines on-farm data, open access satellite
imagery, an intensive use of spectral bands, and machine learning to forecast seed quality before
harvest. The approach developed is based on an iterative incremental algorithm integrating bands
and spectral indices together with a binary variable segmenting the type of soybean crop in the
rotation. Furthermore, seven new vegetation indices were proposed integrating red-edge and
SWIR bands. The analysis here permitted us to identify the most suitable moment and the
interval of time to obtain the best predictions for soybean seed quality before harvest time. By
identifying the best time during the growing season (crop phenology time) to retrieve the images
and the combination of spectral bands (i.e., indices), it was possible to capture the spatial
variability for protein and oil concentrations of seed within the field. A recent review synthesis
(Bastos et al., 2021) portraying the state-of-the-art and current research progress for protein
sensing on field crops, highlights still low progress (2 out of 84 entries) for soybean crops. The

latter pinpoints the scarce research progress achieved on remote sensing for characterizing seed
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quality traits, with limited focus on translating applications from the science to the practical side,
farmer fields.

The present research effort clearly aligns with the need to add value to farmers’
production. The importance of soybean seed quality and composition is receiving increased
attention among farmers, agronomists, and commaodity traders. The higher nutritional content of
US soybeans provides a competitive edge that can be widely exploited to produce increased
economic value through the targeted marketing of each quality level. Within-field knowledge of
soybean quality will enable and encourage value chain disruption both up and downstream via
more leveraged negotiations. A recent survey of farmers in the Midwestern US regarding their
perception of soybean quality (n = 271 responses) revealed that most of them are willing to
invest in technology for the characterization of spatial variability of soybean protein at the field
level if they could get an additional $0.5/bushel as a premium (Borja Reis et al., 2022). In
addition, for the same study, almost all respondents highlighted that with a relatively small
economic incentive. Creating awareness and generating relevant data about soybean quality
variation in farmer fields will support the goal of increasing the competitiveness of US farmers
in both global and regional niche markets.

Our work remarks on the plausibility of using remote sensing to forecast soybean seed
quality before harvest. This study could foster the development of decision-making guidelines
related to soybean seed quality at different levels of the soybean production chain value. From
the industry perspective, this type of model would assist in more efficiently delineating regional
soybean markets based on expected quality. From an agronomist standpoint, these models could
assist in decision-making not only for improved seed quality but also for more effective

fertilization strategies across their fields. Lastly, farmers could use these models to more
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efficiently segregate soybean seed quality directly on their fields, which implies a significant aid
to maximizing the revenue of their production.

Although prediction performance did not result flawlessly, the use of only satellite
imagery was demonstrated to be useful enough for identifying within-field spatial patterns of
protein and oil concentration. This study also highlights the importance of the distinction
between full-season from double-cropped soybeans, the latter being more likely to express a
greater level of oil and larger variation for both seed quality traits. The effect of changes in
planting date (either early or late timing) are reported in the current literature, but with a non-
consistent effect on seed protein concentration (Assefa et al., 2019; Mourtzinis et al., 2018;
Salmer6n et al., 2017), with a variation on this trait highly dependent on the specific genotype x
management x environment conditions. Besides the potential positive impact on soybean export
value, further implications may include improved sustainability from the standpoint of nutrient
budgets (Bastos et al., 2021) with better planning for the next crop nitrogen fertilization
management. In summary, satellite-based models for developing the prediction of seed quality
traits as an initial (less complex, without considering other environmental factors) step will assist
to provide farmers with a map of the spatial variation on these traits before harvest time.

The proposed models could help farmers for a better understanding of the spatial
variability of soybean protein could help to explore and achieve markets with differential
payment for quality levels. The models could be used to more efficiently segregate quality
soybeans directly into their fields, which would significantly help maximize their production
revenue. Future research should expand the domains for the development of these models, which
may assist in addressing challenges such as disentangling erratic patterns in the seed composition

(Anthony et al., 2012).
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From a modeling standpoint, this study offers a relatively simple pipeline to identify
suitable timing to retrieve satellite imagery and select the best algorithm for seed quality
prediction. Previous research efforts on remote sensing applied to agriculture have been focused
on the development of workflows for crop type mapping (Pierre Pott et al., 2022), yield
forecasting (Schwalbert et al., 2020), phenology estimation (Gao & Zhang, 2021), and input
prescription (Mulla, 2013). However, comparatively less development has been pursued in
estimating the spatial variation of soybean seed quality at the farmer field scale (Kravchenko &
Bullock, 2002a). Efforts on characterizing seed quality traits via satellite data for other field
crops were focused on wheat (Triticum aestivum L.) (Xu et al., 2020).

Machine learning models based on satellite imagery represent the most suitable
technology in terms of scalability (Basnet et al., 2003). Alternative options for spatially
characterizing seed quality variation at the farmer field scale are on-combine (at harvest time),
proximal and remote including options ranging from handheld (Ogvergaard et al., 2010), or
mounted on unmanned- and manned-aerial vehicles (Hama et al., 2020). The integration of aerial
vehicles into crop management and breeding programs can facilitate mapping multiple plant
traits including seed quality using hyperspectral imagery (Dilmurat et al., 2022). Yet, compared
to satellite imagery, the main limitation of handheld, ground-based, and aerial vehicle sensors is
linked to their comparatively low scalability. Moreover, the growing use of daily or semi-daily
images with high spectral resolution could represent different alternatives to real-time
monitoring of the quality status of a soybean crop, reducing the use of UAV flights (Kimm et al.,
2020).

Several aspects are worth highlighting in terms of the development of the models. First,

regarding feature engineering, by including a variable that segregates between full season and
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double-cropped soybean, a considerable improvement in capturing traits variability was achieved
(data not shown). This is clearly depicted by the high importance of the ranking of this binary
feature of our models. This agrees with the documented seed yield and quality differences based
on crop rotation and planting date (Assefa et al., 2019; Houx Il et al., 2014). According to the
predictive modeling, XGBoost showed the best result compared to ElasticNet, Random Forest,
LightGBM, and CatBoost. This could be because XGBoost, like LightGBM and Catboost, are
models that use boosting techniques as an optimization algorithm (unlike Random Forest, which
uses bagging), which combine different weak learners in sequence; to improve the prediction of
the general model. Furthermore, the use of sequential trees and the use of loss functions using
derivatives give XGBoost a competitive advantage over the rest. In addition, and like ElasticNet,
XGBoost uses a technique called "regularization” that allows different weights to be given to
variables according to their importance. Additionally, it is possible that an ensemble through the
average of all model outputs is not the best alternative. In this sense, future research should
further explore other techniques such as stacking or blending, which allow segmenting the
predictions with the different machine learning models. Second, concerning the predictive
modeling, we observed that, based on multiple metrics, algorithms implementing boosting
(XGBoost, LightGBM, and Catboost) showed better performance compared to other alternatives
(ElasticNet, and Random Forest). Bagging (Random Forest) and boosting are both powerful
regression trees ensemble-techniques and more effective that non-ensemble algorithms (e.g.,
ElasticNet), our results reinforce the evidence that combining weak learners in a sequential
manner (boosting) outperforms bagging (bootstrapped trees) for both regression and
classification problems (Ribeiro & Dos Santos Coelho, 2020; Shahhosseini et al., 2019; Yaman

etal., 2021). In our case, XGBoost appeared to be the most suitable among boosting alternatives,
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possibly because of its tuning options that include regularization, learning rate, among others
(Chen & Guestrin, 2016). Finally, it is possible that there are better ensemble alternatives
compared to the averaged ensemble we used such as an optimized weighted ensemble
(Shahhosseini et al., 2021) or stacking techniques like stacked generalization or blending (Zhou,
2012), which may allow segmenting the predictions with the different machine learning models.

In relation to soybean seed quality, the idea of carrying out differentiated harvest
prescriptions at the farm level was stated by previous (Gaso et al., 2023; Kravchenko & Bullock,
2002b; Martin et al., 2007). The first steps to delineate zones within fields should characterize
contrasting seed protein and oil concentration levels. For example, Kravchenko & Bullock,
(2002a) spatially characterized the variability of seed protein and oil concentrations relative to
the topography, but they have not used in-season satellite imagery or machine learning
algorithms. Previous research has also explored the relationship between seed quality and soil
fertility but have found inconsistent spatial structure for both protein and oil concentration, with
patterns differing across years (Anthony et al., 2012).

More recently, the use of remote sensing and predictive models started to dominate the
scene. Among others, this approach has been used to characterize genotypes with various levels
of quality (Santana et al., 2023), to evaluate the impact of water stress on both soybean seed
yield and quality (Tavares et al., 2022). Other publications have focused on defining ideal
phenotypes that maximize both seed yield and quality (Roth et al., 2022), selecting genotypes
with greater biological nitrogen fixation and seed protein content (Vollmann et al., 2022), or
studying potential hyperspectral bands that serve in early selection for breeding programs
(Chiozza et al., 2021). Yet, the development of easily scalable models that use remote sensing

and machine learning to spatially characterize soybean quality parameters before harvest have
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not been explored in depth. Previous similar research has made use of small-plots trials and
drone imagery, obtaining comparable predictive performance (e.g., RMSE) (Dilmurat et al.,
2022; Vollmann et al., 2022). However, due to the nature of our data (i.e., observational on-farm
data), the spectral resolution of sentinel compared to images from drones, it could be expected to
obtain a reduced decreased predictive performance.

Certainly, the proposed framework is susceptible to improvement. The presence of proportional
bias (under- and over-predictions) in the models (Fig. 6A, 6C) could be corrected by addressing
the following main limitations: i) a geographical coverage focused on only two of the major
soybean producing states (Kansas and lowa), ii) a single sensor type used (satellite), with the
potential of other sources to improve temporal, spatial, and spectral resolution data, iii) the lack
of inclusion of environmental characteristics as predictors (soil, topography, and meteorological
factors), iii) potentially limited number of observations (9-15) per field to represent actual
variability, iv) lack of crop phenology metadata as a reference to refine the use of spectral
curves, V) lack of yield data to accompany the seed quality assessment with potential dilution or
concentration trade-offs with crop productivity and vi) state of the art deep learning were not
tested for this research due the constraints related to the size and non-balanced dataset. Future
research investments should direct more attention to i) improving the integration of sensors with
new data processing (data fusion approaches), ii) assessing the integration of seasonal crop
metrics, soil, and weather variables to improve the prediction of seed quality traits, and iii)
assessing the major drivers of field spatial variation of seed quality traits to develop guidelines
for field managing interventions related to these plant traits. Concomitantly, future extension
efforts should focus on translating predictive models for soybean quality into user-friendly

decision-making tools that assist in an enhanced adoption of the technology.
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Conclusion

The development of predictive models using satellite imagery (different spectral bands, B-
10, 11, TSAVI) and machine learning algorithms resulted in an RMSE of 1.80 and 1.04 in protein
and oil concentrations, with the best crop in-season timing centered around a week after the peak
of GCVI. This work sets the foundation for developing before harvest or near harvest spatially
explicit soybean seed quality maps with implications not only for the domestic market, with
potential to increase profitability of farmers via segregation, but also for the international scenario
for enhancing the competitiveness of the US soybean value chain. Future steps should focus on i)
the integration of satellite with crop and environmental metadata, collecting more observations
and exploring deep learning approaches, and ii) the development of a user-friendly web application

that assists farmers in the adoption of the proposed approach.
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Figure 1. Geographical distribution of soybean seed samples collected from farmer fields (white

circles) across the states of Kansas and lowa, United States.
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Figure 2. Conceptual workflow of the overall data collection, processing, analysis, and validation

for soybean seed quality prediction at field scale, integrating satellite and ground field seed data

into machine learning models.
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Figure 3. Fig. 3. A) Soybean crop clustering analysis delineating the growing season pattern of
two crop types (full season or double-cropped). B) Temporal normalization to establish a common

time reference using peak’s moment as day 0.
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Figure 4. Green Chlorophyll Vegetation Index (GCVI) time series showing the time in where the
curve peak is located. The maximum value of GCVI is pointed out when the value of the first

derivate of the GCVI times series is equal to zero.
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Figure 6: Prediction performance for protein (A) and oil (C) concentration in soybean seeds using
XGBoost machine learning models based on remote sensing. The shapes in the scatterplot

represent the two selected fields for protein and oil concentration (B and D)
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Figure 7: Feature importance assessment showing the 10 most important variables in the soybean
seed protein (A) and oil concentration models (B). Double or Single crop (Crop Type), Aerosol

Free Vegetation Index (AFRI), Difference Vegetation Index (DVI), Band 10
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Table 1: Predictive performance metrics of the different candidate models for both protein and

Tables

oil concentration. Comparison of changes in RMSE between training and testing are detailed in

Table S6
Predicting performance metrics
RRMSE PLA PLP
Models R? CCC RMSE MBE KGE
(%) (%) (%)
ElasticNet 0.25 0.36 1.79 4,72 0.39 41 59 0.26
XGBoost 0.26 0.39 1.80 4.75 0.5 38 62 0.31
Protein
LightGBM 0.31 0.39 1.75 4.60 0.46 49 51 0.29
concentration

Random Forest 0.25 0.31 1.83 4.82 0.51 54 46 0.21

(%)
CatBoost 0.33 0.37 1.75 4.61 0.46 57 43 0.25
Ensemble 0.36 0.38 1.74 4,58 0.47 60 40 0.26
ElasticNet 0.15 0.28 1.19 5.57 -0.37 38 62 0.19
XGBoost 0.35 0.49 1.04 4.86 -0.34 33 67 0.42

Qil
LightGBM 0.23 0.37 1.17 5.47 -0.47 36 64 0.32

concentration

Random Forest 0.23 0.32 1.17 5.47 -0.47 48 52 0.24

(%)
CatBoost 0.29 0.29 1.11 5.17 -0.42 42 58 0.33
Ensemble 0.30 0.38 1.12 5.18 -0.41 48 52 0.29

Where R?%: Coefficient of determination;: CCC: Concordance correlation coefficient: RMSE: Root

Mean Squared Error; RRMSE: Relative Root Mean Squared Error; MBE: Mean Bias
Error; PLA: Percentage Lack of Accuracy; PLP: Percentage Lack of Precision; KGE:

Kling-Gupta Model Efficiency.
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Chapter 3 - Hierarchical Bayesian kriging for spatial misalignment
data. A case study applied in agriculture.

Abstract

Digital agriculture tools, such as site-specific management and predictive modeling,
require increasing amounts of field-level data, often collected at different spatio-temporal scales.
At spatial scale, when measurement locations of different variables do not coincide results in
spatial misalignment. Bayesian kriging models have emerged as a promising method for
quantifying uncertainty in interpolation and regression models. This study aimed to develop a
hierarchical Bayesian kriging framework to impute missing values and quantify uncertainty in
spatially misaligned datasets. The dataset included a soil sample grid with data on Cation
Exchange Capacity, Nitrate Nitrogen, Organic Matter, pH, and Sulfur, along with georeferenced
soybean seed protein concentration and a crop yield map. Using auxiliary variables such as a
digital elevation model, compound topographic index, slope, and vegetation index named GCVI,
a Bayesian hierarchical kriging scheme was implemented. While mean expected values were
similar across estimated variables, variance patterns differed, with pH showing the greatest
variation in standard deviation and soybean protein concentration the least spatial variability.
The spatial distribution of expected variance was linked to data location, with lower variance
near sampled sites. Future research should expand validation, improve computational efficiency,
and develop user-friendly interfaces for agronomists, plant breeders, and other professionals.
Furthermore, there is a necessity to enhance uncertainty quantification to assess error

propagation in future models.
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Introduction

The use of innovative model-based technologies and data-driven approaches increasingly
play a key role in addressing the challenges of sustainable agriculture in the forthcoming years
(El Jarroudi et al., 2024; Rozenstein et al., 2024). Consequently, digital technologies provide a
plethora of data science instruments that can be instrumental in deriving insights for decision-
making in agriculture (Parra-Lépez et al., 2024). Furthermore, the potential of predictive models
to achieve some of the proposed goals for sustainable development is well known (Holloway &
Mengersen, 2018).

Digital agriculture could represent a feasible alternative that not only provides a
framework for improving efficiencies in farming systems but also drives digital transformation
(Aldoseri et al., 2024). Presently, digital agriculture tools, including precision agriculture and
predictive modelling, necessitate an escalating volume of data collected at the field level
(Lacoste et al., 2021). The quality of the data can be a potential barrier that needs to be overcome
in order to apply some of those predictive models. In turn, countless diverse data types are
collected by different sensors for subsequent integration into databases (Fuentes-Pefiailillo et al.,
2024).

Data integration represents one of the most challenging stages in the development process
of data-driven predictive models (Benos et al., 2021). In this sense, different datasets may have
different spatio-temporal attributes that make their integration difficult. These attributes include
their spatial and temporal characteristics.

For several years now, unifying incompatible spatial data sets has been a complex task
(Gotway & Young, 2002). In the context of data integration, when the measurement locations of

a given variable differ in the locations from another variable measurement emerge a specific
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change of support called spatial misalignment (Banerjee & Gelfand, 2002; Finley et al., 2014;
Lopiano et al., 2011). This phenomenon arises due to the integration of data at varying spatial
scales, resulting in the presence of gaps or missing values during the process of data fusion (R.
Zhong & Moraga, 2024). Within data analysis, there is a wide variety of data techniques for
addressing spatially misaligned data problems, which sometimes overlap with multiple
imputation or data padding techniques (Gelfand, 2012; Madsen et al., 2008; Pouliot, 2023). The
use of probabilistic Bayesian approaches allows for flexible management not only of the data and
the models to be developed, but also of their parameters, allowing for highly customizable
models of all model components (Gelfand & Banerjee, 2017). In agriculture, unification is a
crucial task when it comes to data integration (Cordoba et al., 2016a). However, many of the
methodologies currently used do not consider or do not adequately consider the uncertainty
associated with the predictions of the different data layers (Schenatto et al., 2017; Y.-H. Wu
et al., 2013). The Bayesian kriging model are emerging as one of the most promising methods
for quantifying uncertainty in interpolation and regression models (Pilz & Spock, 2008).
Following this rationale, the overall objective of this project was to build a hierarchical
Bayesian kriging framework to impute missing values and quantify uncertainty in spatially
misaligned datasets. The specific objectives of this work are to: (I) integrate the different data
sources into a complete dataset to apply the developed functions; (I1) design and apply the
hierarchical Bayesian kriging framework; and (111) analyze the spatial variability of predicted

continuous spatial layers to datasets with spatial misalignment.
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Materials and Methods

Data collection

The study area focused on an agricultural farmer field located in McPherson, Kansas. To
integrate the available spatial data, five distinct types of data were gathered to characterize the
spatial variability. In addition, the data collected were divided into two types of data according to
if they do not match spatially (spatially misaligned) or additional variables used as explanatory
variables that do not have spatial misalignment or are spatially complete without missing values.
The spatially misaligned variables consisted of soil samples, soybean seed samples, and a
soybean yield map. On the other hand, a set of variables named explanatory variables
encompassed a digital elevation model (DEM), and a vegetation index obtained from satellite
sources.

Soil samples were taken before planting using a grid design sampling at a depth of 0-15
cm with samples evenly distributed in the field covering the entire surface. The soil features
extracted from the samples were Sulphur (S), Organic (OM), pH (1:1), Cation Exchange
Capacity (CEC) and Nitrogen from nitrates (NO3_N).

The soybean seed samples were retrieved from a total of ten sites right before harvest at
the crop maturity stage in distinct locations within the field attempting to capture the field spatial
variability. The soybean seed quality parameters such as protein concentrations (%) were
determined via near-infrared spectroscopy (NIR) using the Perten DA7200 Feed Analyzer
(Perten Instruments, Stockholm, Sweden). The soybean seed samples were georeferenced with a
GPS at the time of sampling.

Crop yield data were obtained through a yield monitor immediately after the crop harvest

process. These data spatially describe the spatial variability of soybean crop yield at the end of
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the crop season. Given the potential for extreme yield values in these data due to various factors,
a series of steps were implemented to depurate the yield map using the protocol developed by
Cordoba et al., (2016). Spatial distribution of variables with spatial misalignment are displayed
in Figure 1.

Regarding the explanatory layers, a digital elevation model (DEM) layer for the field
study was recovered from Lidar Explorar 3DEP web platform (USGS, 2024). These DEM layers
are provided through the processing of LIDAR sensor surveys, which provide products with very
high spatial resolution (~1 m).

While field topography can explain differences in soil texture and in chemical properties ,
other topographic attributes such as the Compound Topographic Index or also known as
Topographic Wetness Index and Slope information layer can be particularly useful in explaining
patterns of erosion processes and drainage pathways within the field (Sheshukov et al., 2018).
These phenomena can attribute variability to water distribution and nutrient distribution within
the field (Liu et al., 2013).

To capture the spatial variability in the water distribution of the surface of soil, a
Compound Topographic Index (CTI) layer was calculated using as input the DEM downloaded
in the last step. The layers required to create the CTI layer are the Specific Catchment Area
(SCA) and a Slope (SLP) layer. Both SCA and SLP are derived from DEM processing using
specific algorithms described in the next steps. The DEM was first processed with a fill
depression step. Additionally, a gaussian filter with a sigma equal to 12 was implemented to
smooth the DEM surface making to remove small defects. The output of the last process was
used as an input to create the SLP and SCA layer. The SCA layer was created using the D-

Infinity flow accumulation algorithm with the Whitebox-tools R package (Lindsay, 2016) in R
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software (R Core Team, 2025). The CTI layer was created according to Beven & Kirkby, (1979)

presented in equation 1.

CTI = log( >/ ) 1)

tan(SLP)
Where CTI means Compound Topographic Index, SCA is the Specific Catchment Area layer and
SLP is the slope layer.

Spatial topographic attributes such as DEM or CT1 allow us to understand how water
flows from the highest part of the field to the lowest areas, delineating the drainage ways within
field (Moore et al., 1993). In this sense, it is imperative to highlight that many characteristics of
the soil are related and correlated with them, these are considered withing the most relevant soils
forming factors together with the parental material, climate, biological organism, and time
(Minasny et al., 2013).

To include the crop status at the critical period, a layer of Green Chlorophyll Vegetation
Index (GCVI) (Gitelson et al., 2003) was included. The calculation of GCVI was done using the

Green and NIR channel (Band 3 and Band 8 of Sentinel-2) according to Equation 2.

NIR
Green

GCVI = -1 )

The time to retrieve the GCVI layer was selected according to the date on which each
field reached its maximum value of GCVI achieved during the growing season. Several
researchers mentioned that time around such as R3-R5 (from pod formation to beginning of seed
filling) based on the soybean phenological stages (Fehr et al., 1971). The explanatory layers are
shown in Figure 2.

Several number of past studies demonstrated advantages from the use of GCVI over other

vegetation indexes (Gitelson, 2005; Lobell et al., 2015; Nguy-Robertson et al., 2012). One
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advantage is related to the overall capability of this index to overcome the index saturation at
high levels of biomass or leaf area index (Gitelson et al., 2003).

To summarize, we sought to fill in the missing values of S, OM, pH, CEC N_NO3,
Soybean seed protein concentration, and soybean crop yield values using spatial continuous

layers like DEM, GCVI, SLP, and CTI as predictor variables named as explanatory layers.

Bayesian Hierarchical modeling framework
Model description

To impute the gaps of data with the missing values a Bayesian kriging model was
implemented. This model has the advantage of being able to leverage a Gaussian process as an
underlying process. In addition, variables described as explanatory variables were used as input
data to add continuous spatial information without spatial misalignment that helps to improve the
predictions.

The Bayesian kriging model is shown in the next equation according to the data, process and
parameter model notation.
Data model

vii | 1o 0f ~ N(uj i, 07:%) (3)

Process model

Wi = Bo,j + Xx=1PxXi; ()
3 = e (-%) (5)
dij = /(g = %)% + Va — ¥b)? (6)

Parameter model
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Bo,j~ Gamma(1,6) @)

Bx,;j~ N(0,2) (8)
sz,i“’ Gamma(2,2) 9)
A; ~ Uniform(0,d, ) (10)

Where y; ; Observed value of the variable for the observation i for misaligned variable j,
1;,i, represent the mean of the misaligned variable for the observation i, aﬁi is the variance for
the observation i , X; represents the covariance matrix for misaligned variable j where uses a
distance matrix d; ; with the distances between the latitude and longitude x and y for two
observations a and b. In the parameter model, S, ; represent the intercept of the misaligned
variable j and By ; are the coefficient given by the explanatory variables X (GCVI, DEM, SLP
and CTI). Lastly, 4; is a parameter named range that controls the spatial structure of the process.

In order to describe the Bayesian framework, the model was specified through a data
model that predicts each of the spatially misaligned variables characterized through a normal
distribution with mean p and a variance defined as a 6%, that is composed by a variance term o2
and a covariance matrix X describing the spatial random effect (Equation 3). As for the process
model, 1 was modeled through a linear regression using the explanatory variables specifying five
B coefficients (Bo, B1, B2, B3 and B4) according to equation 4. The covariance matrix was defined
through the specification of 62 and a distance matrix using an exponential function (Equation 5)
which uses a distance matrix dij, and a spatial range parameter called A. The distance matrix was
constructed according to equation 6 which is created by calculating the Euclidean distances
between each of the sites where the spatially misaligned variables were sampled.

The model parameters and their priors are specified in equations 7, 8, 9 and 10.
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Posterior Prediction

With the purpose of having continuous predictions using the predicted values and
conditioning the gaussian process it is possible obtain predictions spatially continuous in the
study area using the expression in equation 11 for the conditional mean and equation 12 for the
conditional variance. Thus, usually in geostatistical science this expression is called simple
kriging predictor and is the best linear predictor under squared-error loss (Schabenberger &

Gotway, 2017).

Ely*'lyl= p+kl 27 '(y — p) (11)

Var [y*|y]= 0% — kI o227 1kT (12)

Where the E[y*| y ] represent the expected value of y*conditional to y, u is the mean of
the expected value k, is a covariance vector between the site to predict and the site of the
observed value, 02X is the covariance matrix that define the spatial structure of the observed
values and a2 is the variance of the expected value.

The model was fitted using R (R Core Team, 2025) through the NIMBLE package (De
Valpine et al., 2017). One of the advantages of NIMBLE over other statistical packages is that it
allows missing values to be managed through latent states. On the other hand, NIMBLE is
flexible in terms of which sampling algorithm to use, having the option to select Metropolis-
Hastings algorithm or Gibbs sampling depending on how the model was configured. However,
when an analytical form of the full conditional distribution is available, it opts for Gibbs
sampling. Furthermore, in computational terms, NIMBLE has demonstrated greater efficiency
than probabilistic languages such as JAGS and STAN (Baraha, 2021). In this case, the sampling
method used was Gibbs sampling. In summary, the configuration to generate the sequence of

samples that approximate the parameters of the posterior probability distribution functions used
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were 10,000 iterations with a burn-in period of 2000, a thin of one, and setting a seed for

reproducibility.
Results

Data Collection

The spatially misaligned variables demonstrated varying degrees of missing data. For the
seed protein concentration variable, ninety-eight values were missing. For pH, CEC, OM,
NO3_N and S, seventy-seven values were missing. Finally, the yield variable had twenty-five
missing data. A detailed description of the descriptive statistics for each variable is described in
Table 1.
Imputation analysis

Figure 3 presents a comparison between the distributions of observed and predicted data,
revealing strong similarities in their mean values for each variable. Specifically, the mean protein
concentration in soybean seeds was 40.27% for observed data and 40.37% for predicted data,
while pH values were 6.07 and 6.06, respectively. For CEC, the values were 13.28 and 13.39
meq/100g, OM recorded 2.31% and 2.34%, NO3-N measured 4.34 and 4.40 ppm, S values were
15.23 and 15.20 ppm, and soybean yield was 3,534 and 3,528 kg/ha for observed and predicted
data, respectively. Although most variables exhibited similar minimum and maximum values, the
predicted data had a narrower range of variation, with lower minimum values and higher
maximum values compared to the observed data.

In terms of percentage differences between observed and predicted mean values, using
the observed data as a reference, variations ranged from 0.16% to 1.38%, with pH showing the
smallest difference and NO3-N the largest. However, greater discrepancies were observed in

standard deviation values, which varied between 7.81% and 45.83%. The soil pH variable
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exhibited the highest variation in standard deviation, whereas soybean protein concentration
displayed the least spatial variability. This suggests that, while the mean pH values were similar,
the predicted values captured less spatial variability than the observed data. A detailed summary
of these values is provided in Table 2.
Predictive performance

Generating posterior predictive distributions and predicting each layer of the model
revealed distinct spatial variability patterns across the misaligned data layers (Figure 4.1). These
differences were evident not only in the predicted posterior means but also in the posterior
variances. The latter varied in direct relation to both the quantity and spatial distribution of
observed data, with areas of higher or lower uncertainty reflected in the variance around the
predicted mean values. Specifically, variance increased with distance from observed data points,

leading to greater uncertainty in regions with a lower density of observations (Figure 4.11).

Discussion

The data framework introduced on this study presents a hierarchical Bayesian
geostatistical approach designed to fill missing values in several variables caused by spatial
misalignment data. Additionally, this workflow allows for the estimation of continuous layers
across the entire study area. The use of spatially continuous variables, such as topographic layers
from DEM, CTI, and SLP, alongside vegetation indices like GCVI, provided an advantage by
incorporating auxiliary data layers to estimate the variables of interest (Pusch et al., 2022). Thus,
the use of Bayesian schemes through the inclusion of covariates to estimate the expected value or
variance is as technique widely used in spatial data modeling both to model the value or the
expected variance and the spatial data structure (Yarali & Rivaz, 2020). Furthermore, the

developed approach has the advantage of integrating prior knowledge via the selection of
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distributions and their parameters, using probabilistic models that enable the quantification of
uncertainty. In this context, modern analytical methods that provide predictions along with their
associated uncertainty facilitate a better understanding of spatial variability and the errors around
the estimation (Samsonova et al., 2017).

The use of new digital tools enables the appropriate integration of various layers of
information (Mgendi, 2024). Moreover, the integration of computational tools and on-farm data
offers the possibility to provide a better framework to understand the factors that which define
spatial and temporal variability (Basso & Antle, 2020; Lacoste et al., 2021). In this regard,
Anthony et al. (2012) conducted an extensive analysis of the influence of soil properties on
soybean crop yield and quality parameters. In addition, Cox et al., (2003) showed an in-depth
analysis of the spatial variability of topography and its relationship with crop yield,
demonstrating a strong influence of the soil properties and topographical position of the land has
an influence on the soybean crop yield. On the other hand, Kravchenko & Bullock, (2002)
showed how the effect of spatial variability in turn alters seed quality patterns in soybeans. More
recently, Hernandez et al., (2023) showed the promising capabilities of using machine learning
models to spatially map soybean quality parameters by including the use of remotely sensed
vegetation indices. This reinforces the rationale for including data layers such as remote sensing
data and topographic attributes as predictors in spatial prediction models. Similarly,
incorporating satellite data during the growing season provides up-to-date insights into crop
growth status and its impact on spatial yield variability. Despite these advancements, the
application of spatial misalignment models in agriculture remains limited, particularly in
addressing missing spatial data and its use for inference. In forestry, (Finley et al., 2014)

developed methodologies similar to those employed in this research to perform spatial
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predictions of dependent and independent variables, underscoring the potential for broader
application in agricultural contexts.

Beyond agriculture, spatial misalignment of data is a widespread problem in various
scientific fields. In the health sciences, such frameworks have been used to analyze life
expectancy in relation to deprivation using data at different geographic scales (Johnson et al.,
2020). Additionally, Gramatica et al., (2021) studied the prevalence of diabetes and mortality in
patients with this disease, employing multiple membership approaches to address areal
misalignment. In economics, Pouliot, (2023) explored this issue by presenting methodologies
such as two-step bootstrap and Krig-and-regress to reanalyze data published by (Maccini &
Yang, 2009) under spatially misaligned regression models. Similarly, in the environmental
sciences, Madsen et al. (2008) used data from the Environmental Protection Agency (EPA) to
compare the aforementioned Krig-and-regress approach with maximum likelihood models using
deterministic approaches. More recently, Zhong & Moraga, (2024) tackled similar challenges by
predicting fine particulate matter (PM2.5) concentrations using monitoring station data, satellite
observations, and environmental information, leveraging other Bayesian approaches such as
Integrated Nested Laplace Approximation (INLA) and Stochastic Partial Differential Equation
(SPDE) methods. In our case, this framework allowed us to generate predictions for soil
variables, crop yield, and protein concentration in soybean seeds at locations where no data had
been collected. This data could serve as a starting point for constructing models that not only
address spatial misalignment but also enable an appropriate quantification of uncertainty
associated with measurement and prediction errors.

Hierarchical Bayesian models are widely regarded as one of the most suitable techniques

for modeling data in situations of spatial misalignment (Zhu & Carlin, 2000). Due to this,
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numerous researchers have explored a wide variety of these predictive approaches in recent years
(Cameletti et al., 2019; Finley et al., 2014; Johnson et al., 2020; Liang & Kumar, 2013). Part of
the increased adoption of these models is attributed to advancements in model development and
processing techniques (Berger, 2000). However, a sizable portion of this growth is also due to
improvements in large-scale computing power and reduced computational costs (Levy &
McNeish, 2023). Among the most widely used methods for generating samples, MCMC and
INLA stand out, providing great flexibility in model design and structuring (De Smedt et al.,
2015). Nevertheless, programming and applying these methodologies in their purest form can be
complex and require extensive knowledge of Bayesian statistics, with still a high requirement of
computing level high level (Bon et al., 2023). The increasing adoption of these methodologies
has also driven the creation of new high-level computational tools that offer more intuitive
interfaces (Abbasi et al., 2019). In this regard, embedded languages in R or Python, such as
NIMBLE (De Valpine et al., 2017), JAGS (Plummer, 2004), and STAN (Stan Development
Team, 2015), allow for substantial flexibility in constructing complex hierarchical Bayesian
models (Beraha et al., 2021), though they still require a high level of understanding of the
underlying Bayesian statistical theory. Other function packages, such as SpBayes (Finley et al.,
2007) provide less flexibility for handling complex models but offer more direct results with
lower coding complexity. In our case, NIMBLE allowed highly flexible design and execution.

From the perspective of potential users, this framework is not restricted solely to
agronomy professionals. Given the nature of these challenges, it is applicable to anyone aiming
to perform spatial imputation or prediction under conditions of spatial misalignment or missing
data. For instance, an agronomist with data analysis expertise can generate information to

characterize spatial variability, which could serve as input for clustering or regression models.
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The delineation of management zones in crop fields demands spatially continuous layers to
achieve optimal results. Similarly, a crop breeder could use this approach to fill missing values in
an experiment affected by unforeseen issues. Some authors, such as (Yang et al., 2023) have
employed similar techniques under these circumstances.

Despite the promising results obtained, the proposed framework is still far from ideal.
Several aspects could be addressed to enhance its performance and capabilities, including: I) The
dataset used in this study was from a single agricultural field; additional independent datasets
may be required for proper evaluation, 1) Model performance evaluation could benefit from
cross-validation to highlight how well the model predicts spatially misaligned variables using an
out-of-sample dataset, I111) The implementation and comparison of alternative covariance
functions, as only the exponential function was used in this study, would help determine the
appropriate conditions for applying each function, V) The use of MCMC for multiple variables
and large datasets would help to improve the performance of the proposed framework.
Alternative hierarchical Bayesian frameworks, such as INLA, should be explored to evaluate
their performance in comparison (Rue et al., 2009).

Future research should focus on improving the understanding of spatial statistical models,
enhancing the workflow between spatial product generation and accurate uncertainty

quantification through a more accessible interface for end users.

Conclusion

This study demonstrates the effectiveness of the hierarchical Bayesian geostatistical
framework developed to address spatial misalignment problems and generate continuous

predictions of agronomic layers. The integration of ancillary data layers, including topographic
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attributes and vegetation indices, proved beneficial in improving prediction accuracy and
capturing spatial variability. The workflow successfully estimated missing values for soil
properties, soybean yield and seed protein concentration, while quantifying uncertainty and
providing valuable insight into spatial patterns.

Future research should focus on expanding validation, improving computational
efficiency, and developing intuitive interfaces to facilitate adoption by agronomists, plant
breeders, and other professionals working with spatially misaligned data. Thes study highlights
the potential of hierarchical Bayesian approaches to optimize decision-making in precision
agriculture and other areas requiring integration of spatially misaligned data, while also
quantifying the uncertainty associated with predictions to assess potential error propagation in

future models.
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Figure 8: Spatial distribution of the different data sources with spatial misalignment.
Merging these data from a single data source produces missing values for the other variables.

The distribution pattern changes according to the nature of the data collection. For data collected
through our soil surveys, such as CEC, NO3-N, organic matter, sulfur, and pH, the pattern
corresponds to grid sampling. Soybean yield values correspond to a sample from a yield map.
Due to the standard volume of observations in these data, they correspond to a random
subsample using 0.5% of the total data. In the case of the georeferenced soybean seed protein

concentration samples, the samples were taken at the most representative sites in the study area.
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Figure 9: Special variability of the variables used as explanatory variables A) Digital Elevation

)

Model (DEM). Sectors with lower values are depressed areas within the field that have greater
water input from runoff during rainfall. B) Visualization of a slope map showing the degree of
inclination measured in degrees with respect to the horizontal axis. Sectors with greater slopes
are more prone to water erosion and degradation due to nutrient loss. C) Map of compound
topographic index (CTI) map. Higher CT1 values indicate areas with greater runoff and surface
water movement, highlighting possible drainage pathways. D) Green Chlorophyll Vegetation
Index. This vegetation index is used to monitor crop status due to its relationship with

accumulated biomass and the leaf area index.
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Figure 11 1) Spatial visualization of the posterior mean and I1) variance prediction. These maps
show how the spatial predictions of variables with spatial misalignment are distributed. While
some of these variables showed greater spatial variability (CEC, OM, S, pH, and Yield), others,
such as NO3-N, exhibited a more consistent pattern across the field area. On the one hand, these
maps show that the variance values decrease near the data sample collection sites. In contrast, as
can be seen in the soybean protein concentration map, due to a smaller proportion of samples
covering the area, various parts of the field exhibited higher uncertainty values in the expected

values.
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Tables

Table 2: Description of the characteristics of variables with spatial misalignment. While the "n"
column represents the number of observed values, the "Missing Values™ column represents the
missing values due to data merging. The Mean, SD, Min, and Max columns represent the mean,

standard deviation, and the minimum and maximum values within the observed data.

Misaligned variables n  Missing values Mean SD Min Max
Soybean Protein Concentration (%) 10 298 40.58 1.39 39.48 44.15
pH (1:1) 114 194 6.07 0.24 5.7 6.6
Cation Exchange Capacity (CEC)
(meq/1000) 114 194 13.40 1.93 10 20
Organic Matter (%) 114 194 2.33 0.24 1.9 3.3
NO3-N (ppm) 114 194 4.48 1.35 3 12
S (ppm) 114 194 15.23 1.84 13 20
Soybean Yield (kg. Ha?) 184 124 3561 1213 1023 7360
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Table 3: Description of the means and standard deviations of the observed and predicted values,
and their differences at the point estimate level using a 95% interval of the data. The difference
between the observed and predicted values is based on the observed values and is expressed as

absolute percentages.

Observed Predicted Difference (%)

Misaligned variables Mean SD Mean SD Mean SD

C%?]{zft‘;‘aigcr’fe(% 40.27 0.64 40.37 0.69 0.25 7.81

oH (1:1) 6.07 0.24 6.06 0.13 0.16 45.83

Cation Exchange Capacity ;3 59 173 1339 1.07 083 3815
(CEC) (meq/100g)

Organic Matter (OM) (%) 2.31 0.20 2.34 0.12 1.30 40.00

NO3-N (ppm) 4.34 0.91 4.40 0.53 1.38 41.76

S (ppm) 15.23 1.84 15.20 1.11 0.20 39.67

Soybean Yield (kg. Ha'l) 3534.50 1027.50  3528.03 724.51 0.18 29.49
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Chapter 4 - Final remarks

This study introduces various methodological frameworks aimed at characterizing the
spatial variability of key agronomic variables, encompassing both environmental and crop-
related factors.

In Chapter 2, predictive modeling leveraging satellite imagery—specifically vegetation
indices—combined with machine learning algorithms achieved an RMSE of 1.80 and 1.04 for
seed protein and oil concentrations, respectively. The most effective period for performing these
estimations was identified as approximately one week after the GCVI peak. This research
establishes a foundation for generating spatially explicit soybean seed quality maps prior to or
near harvest, offering significant implications not only for the domestic market for potential for
field segregation, but also for the global market by strengthening the competitiveness of the U.S.

soybean value chain.

In Chapter 3, a hierarchical Bayesian geostatistical framework is applied to address the
challenge of spatial misalignment by estimating continuous spatial variables from agronomic
data layers using auxiliary predictors. Integrating supplementary datasets, such as topographic
attributes and vegetation indices, proved instrumental in refining prediction accuracy and
capturing spatial heterogeneity. This approach effectively estimated missing values for soil
properties, soybean yield, and seed protein concentration, while simultaneously quantifying

uncertainty and offering valuable insights into spatial distribution patterns.

Future research should prioritize the integration of the strengths of these methodologies
while maintaining their core objectives. The development of predictive models capable of
incorporating multi-scale spatial data and providing comprehensive assessments of associated

uncertainties will be crucial. In addition, these models should have the flexibility to capture
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complex non-linear relationships and interactions between explanatory variables, while

effectively accounting for the spatial structure inherent in both input and response data.
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