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Abstract

Global population is expected reach 9.7 Billions by 2050 leading to an increase in

food demand significantly, placing then a pressure on agricultural systems to improve

productivity in a sustainable manner. Precision agriculture, supported by remote

sensing and machine learning (ML), has emerged as a promising tool for optimizing

resource use and improving crop yield prediction. Among most popular remote

sensing platforms, Unmanned Aerial Vehicles (UAVs) has been used widely due to

its ability to capture high-resolution images. Despite encouraging results reported

in prior studies, the ability of UAV-based ML models to generalize across different

spatial contexts remains understudied.

This thesis investigates the spatial generalization performance of ML models for crop

yield prediction using UAV multispectral orthomosaics and yield monitor data col-

lected from three agricultural fields—two canola fields and one corn field—located

in Manitoba and Alberta, Canada. Linear Regression and Random Forest models

are evaluated using a tile-based representation (5 m � 5 m) derived from five spec-

tral bands and two vegetation indices, namely the Normalized Difference Vegetation

Index (NDVI) and the Normalized Difference Red Edge (NDRE).

Model performance were assessed under multiple training–testing configurations, in-

cluding intra-field and inter-field baselines, Leave-One-Field-Out (LOFO) evaluation,

and spatially aware sampling approaches such as Leave-One-Block-Out (LOBO) and

Leave-One-Cluster-Out (LOCO). Results indicate that models trained on combined

raw spectral bands consistently outperform those relying only on vegetation indices,
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suggesting that richer spectral information improves predictive performance. How-

ever, cross-field generalization remains limited, highlighting the challenges of trans-

ferring models across heterogeneous spatial environments. Performance variability

between fields further emphasizes the importance of consistent data collection and

evaluation protocols.
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Chapter 1

Introduction

The world's population is projected to exceed 9.7 billion by 2050 [103], raising a

critical challenge to global food security. Global food systems must produce more

food with fewer resources, while facing land degradation and climate change. There

is an urgent need to rethink agricultural production systems in order to address this

issue.

In response, precision agriculture (PA) has emerged as a promising approach to

optimize resource use and improve crop productivity. Precision agriculture (PA)

contributes signi�cantly to sustainable food production by helping farmers monitor

crops and make informed decisions. The goal is not only to maximize yield but

also to optimize the use of resources such as water and fertilizer while minimizing

environmental impacts [74, 90].

Recent technological advances|particularly the use of UAVs|have accelerated this

transformation. UAVs capture high-resolution imagery that bridges the gap between

satellite observations and ground-based measurements, o�ering a 
exible and detailed

view of �eld conditions. When associated with machine learning (ML) models [81],

UAV imagery can reveal spatial and spectral patterns associated with crop health

and yield. Among its various applications, crop yield prediction has become espe-

cially valuable, supporting proactive planning for harvesting, logistics, and market
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strategies [90].

1.1 Motivation and Problem Statement

Despite these advantages, the generalization ability of UAV-based yield prediction

models, especially their ability to maintain accuracy when applied to new spatial

contexts, remains underexplored. Yield monitor data collected by combine harvesters

o�er precise ground truth but are inherently noisy and spatially heterogeneous [81].

Even within a single �eld, distinct zones of low and high yield are common. Moreover,

environmental and management conditions vary considerably between �elds. This

raises two fundamental questions:

1. Can a model that performs well on one �eld transfer to another, with either

similar or di�erent crop types?

2. Can a model trained on one part of a �eld accurately predict yield in other,

unseen parts of the same �eld?

While many studies have demonstrated promising results in UAV-based crop yield

prediction using machine learning (ML) [73, 62, 9], most have not incorporated spa-

tially aware validation strategies or explicitly examined the e�ect of spatial sampling

on model performance. Several existing studies rely on random train{test splits,

which ignore spatial autocorrelation. Recent work has begun to address this gap:

[55] introduced spatial constraints in their evaluation and found that conventional

non-spatial methodologies often produce overly optimistic performance estimates.

However, systematic investigation across multiple spatial contexts and evaluation

strategies remains limited.

This thesis aims to clarify how spatial heterogeneity, image spectral information,

and evaluation strategies a�ect the performance of machine learning (ML) models

for UAV-based yield prediction.
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1.2 Research Objectives and Approach

The objectives of this study are to address the challenges outlined earlier by con-

ducting an evaluation of widely used machine learning (ML) models under various

spatial contexts. Speci�cally, the study investigates how linear regression (LR) and

random forest (RF) models perform when trained and tested on data drawn from

di�erent �elds and from distinct spatial regions within a single �eld.

This work aims to assess the impact of spatial autocorrelation on model performance

and transferability, as well as the role that spectral information|including raw spec-

tral bands and VIs|plays in spatially aware experiments.

The analysis uses UAV multispectral orthomosaics and yield-monitor data collected

from three agricultural �elds in Manitoba and Alberta, Canada (two canola �elds

and one corn �eld). Each �eld is divided into 5 m � 5 m tiles, from which �ve

spectral bands (Blue, Green, Red, Red Edge, and NIR) and two VIs (NDVI, NDRE)

are extracted as predictive features.

The models are evaluated under four main training{testing con�gurations:

ˆ Intra-�eld baseline: standard train{test split within a single �eld;

ˆ Inter-�eld baseline: standard train{test split applied to combined datasets

from multiple �elds;

ˆ Leave-One-Field-Out (LOFO): training on all �elds except one and testing

on the remaining �eld;

ˆ Spatially aware strategies: LOBO and LOCO, which explicitly account for

the spatial structure within �elds.

1.3 Thesis Outline

ˆ Chapter 2: Background and related work, covering smart farming concepts.
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ˆ Chapter 3: Methodology for yield prediction, including data collection, pre-

processing, and model development.

ˆ Chapter 4: Experimental results, analysis, and evaluation of the proposed

models.

ˆ Chapter 5: Conclusion, discussion, and directions for future work.
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Chapter 2

Background and Related Work

2.1 Yield prediction

2.1.1 Precision Agriculture

Precision agriculture (PA) refers to the use of advanced technologies with the goal

of improving farmer productivity.[74] describes the PA cycle in the following steps:

data collection, data interpretation, and application. This process is illustrated in

Figure 2.1. Sensor technology plays a crucial role in collecting and analyzing relevant

data, which is one of the key components of precision agriculture [90]. The data,

as detailed by [108], contains various aspects, such as crop yield, soil composition,

moisture levels and so on.

To implement precision agriculture, several types of data are necessary. Among the

most crucial is imagery data, which can be obtained through satellite or drone-based

methods. These imagery datasets can be combined with yield data, such as yield

quantity and moisture content, as well as �eld-speci�c data like �eld boundaries

and GPS coordinates. This combination of data can be helpful for tasks like yield

prediction, crop monitoring, crop detection and so on. Data from imagery, sensors,

and yield reports must be cleaned and processed before use. Raw data frequently
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Figure 2.1: Precision agriculture cycle
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contains abnormalities, outliers, and inconsistencies, which, if ignored, could lead to

erroneous analysis. Cleaning techniques described in [58] are used to remove these

abnormalities. The cleaning procedure ensures that the data is reliable and accurate,

which is critical for further analysis.

After the data has been cleaned, statistical and machine learning techniques are

used to extract insights and inform decision-making. For instance, [13] illustrates

how machine learning and statistical approaches can be used to predict crops. [55]

used methods including linear regression, random forests, and cross-validation. One

takeaway from this study is the optimal timing for image capture, which can help

reduce the frequency and cost of image acquisition across the growing season. By

understanding when and how to collect imagery, farmers can make data-driven de-

cisions that optimize input use and increase productivity.

2.1.2 Remote sensing

Remote sensing is the technique of collecting information about an object, location,

or phenomenon without physically interacting with them. This is typically done us-

ing sensors. Yield data imagery can be collected using sensors mounted on satellites

and drones. [74] highlights the strengths and weaknesses of each. While satellites are

great for capturing images of large areas, their limitations in spatial and temporal

resolution have resulted in a rising preference for UAVs in certain applications.[72,

50, 60] examine some use cases of UAVs in precision agriculture, including crop mon-

itoring, weed mapping, crop spraying tasks, fertilizer management. UAVs provide

high spatial resolution and allow data collection at 
exible, user-de�ned intervals,

making them a valuable tool for precision agriculture.

The integration of Red-Green-Blue (RGB) and multi-spectral cameras increases their

capacity for detailed analysis, since they can collect information beyond human vi-

sion. These capabilities contribute to more e�ective farm management, reduced input

costs, and increased crop productivity.
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2.1.2.1 Red-Green-Blue (RGB) and multi-spectral imagery using UAVs

Precision agriculture UAVs can be equiped with RGB and/or multispectral sen-

sors, enabling the collection of full-�eld imagery. RGB (Red, Green, and Blue) is

the abbreviation for the three primary colours of light used in colour imaging sys-

tems to capture the visible spectrum. These RGB images are excellent for detecting

changes in the landscape, such as deforestation, crop health, and climate change.

Furthermore, the many colour channels of RGB photography can be employed as

features in advanced arti�cial intelligence models such as Convolutional Neural Net-

works (CNNs). These AI models can evaluate RGB data and perform tasks such

as classi�cation, pattern recognition, and prediction. For instance, [10] successfully

integrated RGB imagery with CNNs for crop yield prediction, demonstrating the

model potential to extract insights from low-cost RGB camera images. [9] also used

RGB imagery data on 3D CNNs models and got promising results.

Multi-Spectral (MS) camera collects data from multiple wavelengths of light, typi-

cally beyond the visible spectrum. This type of photography is captured using sensors

that can detect light in a variety of wavelengths or bands, including visible light and

the Near-Infrared (NIR) area of the electromagnetic spectrum. Multi-spectral im-

agery collects data in a variety of bands, o�ering more detailed information than

RGB alone. According to [55], crop yields may be forecasted using RGB and MS

images but MS imagery gives the most promising results.

Both RGB and MS bands can be used to compute Vegetation Indices (VIs), which

are valuable features for precision agriculture models.

2.1.2.2 Vegetation indices (VIs)

Vegetation Indices (VIs) are mathematical formulas employed to measure the den-

sity, health, and condition of vegetation. These indices originate from the re
ectance

measurements of various wavelengths of light captured by remote sensing technolo-

gies such as satellites, drones, or other sensors. Observations have shown that healthy
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vegetation re
ects strongly in the NIR and absorbs most of the visible light, while

stressed or unhealthy vegetation exhibits di�erent re
ection characteristics. By ana-

lyzing the light re
ected by vegetation, VIs can indicate plant health, moisture levels,

and other critical agricultural factors.[55] used and compared and ranked the corn

grain prediction power of 55 vegetation indices. [66] used VIs alongside convolutional

neural network for yield crop prediction. Some of the most common VI used for yield

prediction are :

1. Normalized Di�erence Vegetation Index (NDVI) | NDVI quanti�es the

di�erence between the red light absorbed by vegetation and the near-infrared

light re
ected by it. It helps moniroting vegetation density and health :

NDVI =
� NIR � � Red

� NIR + � Red

2. Normalized Di�erence Red Edge Index (NDRE) | NDRE replaces the

red band in NDVI with the red-edge band, improving sensitivity to chlorophyll

concentration changes, particularly during later growth stages:

NDRE =
� NIR � � RedEdge

� NIR + � RedEdge

3. Enhanced Vegetation Index (EVI) | EVI adjusts for atmospheric e�ects

and canopy background noise, making it particularly useful in areas with dense

vegetation:

EVI = G �
� NIR � � Red

� NIR + C1 � � Red � C2 � � Blue + L

whereG = 2:5, L = 1 (canopy background adjustment), andC1 = 6, C2 = 7:5

(aerosol resistance coe�cients).

4. Soil-Adjusted Vegetation Index (SAVI) | SAVI incorporates a soil-

brightness correction factorL to minimize background interference from ex-
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posed soil, which is especially important in areas with sparse vegetation cover:

SAVI =
(1 + L)( � NIR � � Red)

� NIR + � Red + L

whereL typically equals 0:5 for intermediate vegetation cover.

For this study, we chose to work with two (02) vegetation indices, NDVI and NDRE,

because they have been widely used in previous research and have demonstrated a

good �t for crop yield prediction.

2.1.2.3 Geospatial data

Geospatial data refers to information describing objects by combining location char-

acteristics such as longitude and latitude with attribute information (characteris-

tics of the object) and temporal information. They can be collected through vari-

ous methods, including satellite, aerial photography, GPS devices and �eld surveys.

Geospatial data are often processed using Geographic Information Systems (GIS),

which are technology designed for gathering, managing , analyzing and visualizing

geospatial data. GIS allows the association of maps with data resulting in a com-

prehensive visual representation, such as hurricane maps, urban development maps,

and yield precision maps, which are useful for analysis and decision making. The

GIS software used for this study are QGIS and PIX4D. There are two main types of

geospatial data :

1. Raster data : This type of data is represented in a grid format, where each

pixel holds a speci�c value. Examples : satellite imagery, temperature maps...

2. Vector data : Information is stored using points, lines and polygons. Points

represent discrete locations (e.g., weather stations), lines represent features

(e.g., rivers, roads) and polygons represent areas (e.g., �elds).

The distinction between raster and vector representations is illustrated in Figure 2.2.
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Figure 2.2: [25] Comparison between raster, vector and real-world data

2.1.2.4 Orthomosaics

An orthomosaic is a high-resolution image generated by stitching together several

smaller images, known as orthophotos[21]. Orthophos are corrected for lens distor-

tion, camera tilt, perspective and topographic relief to guarantee that all features

are aligned to their true geographic positions. The picture is similar to a picture got

from Google Earth but o�ers a higher resolution and informations. The precision

and accuracy of orthophotos makes the orthomosaics equivalent to maps in terms

of spatial �delity. This allows orthomosaics to be used for tasks such as measuring

true distances, analyzing spatial relationships, conducting georeferencing with high

accuracy, extracting features and performing spatial and temporal analysis to track

changes in the landscape over time.

Orthomosaics are widely used in �elds such as remote sensing, precision agriculture,

urban planning, and environmental monitoring. For example, [73] uses orthomosaic

for yield prediction on canola. [52] uses orthomosaic for identifying blueberry bushes
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and locating them.

2.2 Machine Learning

2.2.1 Models

With the growing interest on precision agriculture and the development of the tech-

nology, predicting crop yield has become an important task for decision-making in

agriculture. It can help farmers to determine what to grow and when to grow. In

the past, farmers used to rely on their experience and personal understanding to

estimate the crop yield but this method tend to likely be not accurate. Population

growth, climate change and soil loss are many factors that can impact the yield.

Corn is one the most predicted product [55, 10, 53]. But other crop are also involved

in yield prediction. [83] did a study on soybean yield prediction. [91] worked on

cotton yield prediction. Many machine learning techniques can be use for crop yield

prediction.[56] did what they call a Systematic Literature Review to extract and

synthesize the algorithms and features that have been used in crop yield prediction

studies. They found that the most applied algorithm is Arti�cial Neural Networks in

these models. And among these deep learning papers, Convolutional Neural Network

(CNN) is found to be the most widely used. But others machine learning techniques

such as Linear Regression and Random Forest has been also used.

2.2.1.1 Random Forest

Random forest in one of the most popular machine learning techniques. It works

by creating a number of decision trees during the training phase. Each tree is con-

structed by including some randomness which helps to prevent over�tting. The

random forest works by in several steps. It create random subsets of the whole

dataset with replacement to train each tree. At each node of the tree, a random

subset of features is used. Each tree operate independently and give an output. At
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Figure 2.3: [26] Random Forest Explained

the end the result of each tree is either aggregated by either average of all results for

regression task or by majority voting for classi�cation tasks. [55, 89, 48] use random

forest for their crop prediction tasks.

2.2.1.2 Linear Regression

Linear regression is a machine learning technique used to model a relationship be-

tween at least two variables by �tting a linear equation to the observed data. The

output is commonly referred to as the dependent variable, while the involved vari-

ables in the process of prediction are called independent variables or predictors.

Linear regression is characterized by its simplicity, interpretability, and low compu-

tational cost. [55] included linear regression in his study for corn yield prediction.

The general form of a multiple linear regression model is:

y = � 0 + � 1x1 + � 2x2 + � � � + � nxn + �

where:

ˆ y: Dependent variable (e.g., yield)
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ˆ x1; x2; : : : ; xn : Independent variables (e.g., vegetation indices, spectral band

values)

ˆ � 0: Intercept term

ˆ � 1; � 2; : : : ; � n : Coe�cients representing the e�ect of each predictor

ˆ � : Error term accounting for unexplained variability

The model parameters� i are typically estimated using the Ordinary Least Squares

(OLS) method, which minimizes the sum of squared residuals between observed and

predicted values.

2.2.1.3 Support Vector Machine (SVM)

Support Vector Machines (SVM) are supervised learning algorithms that can be used

for both classi�cation and regression tasks. As a classi�er, sometimes called Support

Vector Classi�cation (SVC), the model seeks to �nd the optimal decision bound-

ary|called a hyperplane|that best separates data points from di�erent classes by

maximizing the distance between the hyperplane and the nearest data points on each

side [97]. Larger distance means better model. Many models are not linearly separa-

ble in their original feature space. To address this, thekernel trick, a technique that

maps the input data into a higher-dimensional feature space where a linear separation

can be used. Commonly used kernel functions include the linear kernel, polynomial

kernel, radial basis function (RBF), and sigmoid kernel. In regression settings, a vari-

ant known as Support Vector Regression (SVR) is used. Unlike traditional regression

techniques that aim to minimize error between predicted and actual values, SVR at-

tempts to �t a function within a speci�ed margin of tolerance (epsilon-insensitive

tube) around the actual targets, while also minimizing model complexity.

In crop yield prediction, SVMs have been applied to model the complex [32, 37].
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Figure 2.4: SVC and SVR visual representation

2.2.1.4 Neural Network

Neural networks are inspired by the human brain where we try to connect multiple

neurons to process information and learn tasks for pattern recognition and decision-

making. They are composed of node layers, containing an input layer, one or more

hidden layers and an output layer. Information is processed through these layers.

Weights are assigned to each node in the input layer, representing it the contribution

to the output. Larger weight implies larger in
uence on the �nal output. All the

weighted inputs are summed and passed through an activation function introducing

non-linearity and enables to learn complex patterns. Some popular activation func-

tion are ReLU and the Sigmoid function. The output of the previous layer becomes

then the input of the next layer and this process continues until the output layer is

reached.

2.2.1.4.1 Convolutional Neural Networks Convolutional neural networks (CNN)

are a subset of the bigger �elds of deep learning and neural networks. They are dis-

tinguished from the other neural networks for its good performance in processing

images and audio signals. They have mainly three types hidden of layers : convolu-

tional layers, pooling layers and fully connected layers. The input layer receives the

input data, which can be images or audio �les. Data are passed to the convolutional
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Figure 2.5: [2] Simple Neural Network

layer, whose role is to detect the features of the input data, such as edges, texture

and patterns. This layer uses a set of �lters, which are applied to small regions of

the input data, to extract features from the image. The set of features is passed to

the pooling layer, which helps downsampling the data to reduce its dimension by

reducing the number of parameters allowing the network to focus on the most im-

portant features. While some information can be lost during this phase, it also helps

to reduce the complexity, improve e�ciency and reduce the risk of over�tting. After

that the features extracted from the convolutional and pooling layers are passed to

the fully connected layers, where they are used to classify the input image into one

of several possible classes. The �nal output of the CNN is a probability distribution

over the classes, indicating the likelihood that the input image belongs to each class.

CNNs are a very useful tool when it come to crop yield prediction using imagery of

the �eld. As said earlier, [56] found in their comparative study of yield prediction

using machine learning that CNN-based models are the most widely used for yield
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Figure 2.6: [80] Convolutional Neural Networks Explained

prediction. [62] found that CNNs are able to reduce the crop yield prediction un-

certainty considerably. [91] used colour RGB images from simple mobile devices to

predict the cotton yield from commercial �eld. [10] used two types, 2D-CNN and

3D-CNN, to predict the corn crop yield. [15] used a novel clustered 3D-CNN model

to predict future prices of crops including wheat, oats, rice and soybeans.

We chose to use two machine learning models that are well-suited to our input

data while also o�ering computational e�ciency. Although convolutional neural

networks (CNNs) are widely used, they typically involve higher computational costs

and require larger amounts of input data.

2.2.2 Clustering

Clustering is basically grouping similar data points into distinct categories or clusters,

based on a de�ned similarity metric [104]. The goal is to ensure that data points

within the same cluster are more similar to each other than to those in other clusters.

Clustering algorithms typically partition a dataset into a �xed number of clusters,
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Figure 2.7: [104] Example of a dendrogram resulting from hierarchical clustering

each representing a substructure or pattern within the data.

There are two main categories of clustering techniques:hierarchical and partitional

clustering.

2.2.2.1 Hierarchical Clustering

Hierarchical clustering creates a structure of nested clusters based on the pairwise

proximity between data points. It does not require a prede�ned number of clusters.

Instead, it builds a hierarchy, which can be visualized as a dendrogram. There are

two main approaches:

ˆ Agglomerative (bottom-up): Starts with each data point as a single cluster

and recursively merges the closest pairs of clusters.

ˆ Divisive (top-down): Starts with all data points in one cluster and recur-

sively splits them into smaller clusters.
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Figure 2.8: K-means clustering with K=3

2.2.2.2 Partitional Clustering

Partitional clustering assigns data points directly intoK clusters, typically without

generating a nested structure. Unlike hierarchical methods, partitional approaches

require the number of clusters (K ) to be speci�ed in advance.

2.2.2.2.1 K-Means Clustering K-Means is one of the most widely used par-

titional clustering algorithms. It partitions the data into K clusters by minimizing

the intra-cluster variance. The algorithm iteratively assigns each data point to the

nearest cluster centroid and updates the centroids until convergence.

K-Means has been applied in agricultural context. For instance, [55] employed K-

Means clustering to implement a spatial cross-validation strategy in a corn yield

prediction study.
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2.2.3 Evaluation metrics

Regression performance can be assessed using complementary metrics to capture

absolute and relative errors, variance. [56] gives a list of the most common metrics

in crop yield prediction. For this work we used the following regression evaluation

metrics :

2.2.3.1 Root Mean Squared Error (RMSE).

RMSE is one of the most common metric used in regression tasks and particularly

in yield prediction studies. According to [56], its the most used metric in crop yield

prediction. It measures the average magnitude of errors, penalizing large deviations:

RMSE =

vu
u
t 1

n

nX

i =1

(yi � ŷi )
2:

Lower is better. Unlike the Mean Squared Error (MSE), which omits the square

root, RMSE is expressed in the same units as the target variable, making it easier to

interpret. In this study, RMSE is reported in bushels per acre (bu/ac), corresponding

to the original scale of the yield data.

2.2.3.2 Mean Absolute Error (MAE).

MAE is very similar to MSE with the square replaced by absolute value. It's robuster

than RMSE to outliers since MSE and RMSE tends to penalize large deviations.

MAE =
1
n

nX

i =1

jyi � ŷi j :

Lower is better. MAE is reported in the same unit as the target variable.
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2.2.3.3 Mean Absolute Percentage Error (MAPE).

MAPE is one of the most interpretable metrics since it is expressed in percentage. It's

scale-free and measure proportion. MAPE is not a common metric in crop yield pre-

diction [56] compared to RMSE orR2, but can be useful in result interpretation.[10,

62, 6]

MAPE =
100
n

nX

i =1

�
�
�
�

yi � ŷi

max (jyi j; " )

�
�
�
� %:

We use a small 
oor" (e.g., "=0:01 t/ha) to stabilize the denominator in low-yield

areas.Lower is better. It is interpretable as average % deviation; but can overweight

errors whereyi is small.

2.2.3.4 Coe�cient of Determination ( R2).

According to [56], R2 is the second most frequently used evaluation metric in crop

yield prediction studies, after RMSE.It measures the proportion of variance in the

observed data that is explained by the model.Values ofR2 typically lie within the

range [0; 1], where higher values indicate better explanatory power. However, neg-

ative values are possible and indicate that the model performs worse than simply

predicting the mean, makingR2 unbounded below. This metric has been widely

adopted in yield prediction studies, including [73, 9], due to its interpretability and

ability to quantify the goodness-of-�t.

R2 = 1 �
P n

i =1 (yi � ŷi )
2

P n
i =1 (yi � �y)2 :
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2.2.3.5 Pearson Correlation Coe�cient ( r ).

The Pearson correlation coe�cient measures the strength and direction of the linear

relationship between the observed and predicted values:

r =
P n

i =1 (yi � �y) ( ŷi � ŷ)
p P n

i =1 (yi � �y)2
q P n

i =1 (ŷi � ŷ)2
:

Its value ranges from� 1 to 1, where values close to� 1 indicate a strong linear

relationship, and values near 0 suggest little to no linear association. While the sign

denotes the direction of the relationship, the absolute magnitude re
ects its strength.

Pearson's r is widely used in yield prediction studies to evaluate the agreement

between predicted and observed spatial patterns.

2.3 Spatial Considerations

Agricultural systems carry spatial structure as a result of environmental factors, man-

agement practices, and biological processes. Understanding these spatial patterns is

essential for developing realistic and generalizable predictive models in precision agri-

culture.

2.3.1 Spatial autocorrelation

Many yield prediction studies assume that yield observations are spatially indepen-

dent. However , according to Tobler's First Law of Geography, \everything is related

to everything else, but near things are more related than distant things" [93]. This

principle highlights the presence of spatial autocorrelation in agricultural datasets.

Validation methods commonly include random data splitting and cross-validation

(CV). Cross validation is a resampling methods that partitions data into multiple

training and test set in order to minimize over�tting. However, in the context of
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spatially structured data, random splitting tends to underestimate model prediction

error because it ignores spatial dependence [59]. This limitation has also been re-

ported speci�cally in yield prediction studies [55].Despite this random split strategy

is still widely applied. [77] exhibits the importance of implementing k-fold CV in

yield prediction model, while other studies included the spatial dependence in their

studies for crop yield prediction [33].

2.3.2 Spatial Cross validation methods

To address the challenge of random resampling, several spatial CV strategies have

been proposed. These methods partition data into a training setD in and a held-out

set Dout , but instead of assigning observations randomly, folds are de�ned based on

spatial dependence structures [59].

2.3.2.0.1 Leave-One-Block-Out (LOBO) In LOBO, the study region is di-

vided into spatial blocks (often regular polygons such as grids). All observations

within one block are assigned toDout while the remaining blocks formD in . This

approach enforces spatial independence between training and testing sets. A chal-

lenge with spatial blocking, however, is that standard grids can group unrelated areas

together, potentially producing unrealistic folds.

2.3.2.0.2 Leave-One-Cluster-Out (LOCO) LOCO is an alternative in which

folds are created from spatial clusters identi�ed through clustering algorithms. Un-

like rigid grid-based blocking, clusters tend to form more natural and contiguous

groupings of observations, producing circular or irregularly shaped partitions that

may better re
ect �eld structure.
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Figure 2.9: Spatially blocked CV fold assignments produced by [59] to group obser-
vations spatially
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Figure 2.10: Spatial clustering CV fold assignments produced by [59] using k-means
clustering to group observations spatially
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2.3.2.1 Field-to-Field Transferability

While a large proportion of yield prediction studies are restricted to individual �elds,

an equally important dimension of spatial generalization is the ability of models to

transfer across �elds. This concept of �eld-to-�eld transferability refers to the extent

to which a predictive model trained on data from one �eld remains accurate when

applied to another �eld with di�erent, yet potentially related, characteristics.

A number of studies have attempted to evaluate such transferability across nearby

�elds located within the same agricultural site. For instance, [73] investigated canola

yield prediction using UAV orthomosaics from a single �eld, focusing on within-�eld

variability rather than transfer across �elds. In contrast, [88] and others explored

models trained and validated across multiple �elds, while [55, 33] explicitly assessed

the challenges of spatial dependence and transferability in cross-�eld scenarios.
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Chapter 3

Methodology

This section outlines the methodology employed to develop the proposed machine

learning models for yield prediction using UAV multispectral imagery. It details

the process from data acquisition and pre-processing, through dataset generation, to

model design and evaluation.

3.1 Study Site

To address the yield prediction task, datasets were collected from three (03) agricul-

tural �elds located in di�erent regions of Canada. Two �elds were situated in Man-

itoba|Ed's (Man Eds) and Home (Man Home)|while one �eld, Precision Planter

(Alb PP), was located in Alberta. The Man Home �eld was cultivated with corn,

whereas Man Eds and Alb PP were cultivated with canola. Table 3.1 summarizes the

key characteristics of these �elds, including their size, crop type, and management

dates (planting and harvest).

The heterogeneity across these �elds|in terms of crop type, geography, and man-

agement practices|directly supports two objectives of this study: (i) evaluating the

ability of machine learning models to generalize under real-world conditions where
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input data are diverse and non-uniform, and (ii) assessing the �eld-speci�c predictive

performance.

Figure 3.1: Map of �eld locations and boundaries in Alberta and Manitoba.

Two main sources of data were collected from these sites: (1) yield monitor data

acquired during harvest and (2) UAV-based multispectral orthomosaic imagery ac-

quired during the growing season. Together, these datasets form the basis for feature

engineering, dataset construction, and machine learning model development. The

timeline from planting to harvesting for each �eld is represented in Figure 3.11.
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Field Name Location Size (ha) Crop Type Planting Date Harvest Date

Precision Planter Alberta, Olds College 26.29 Canola May 30, 2024 October 16, 2024

Ed's Manitoba, Winnipeg 93.30 Canola June 1, 2024 September 13, 2024

Home Manitoba, Winnipeg 66.22 Corn May 10, 2024 October 6, 2024

Table 3.1: Field information and planting details for the three study sites.

Figure 3.2: Geopandas dataframe containing data used for yield data preprocessing

3.2 Yield Data

Yield data were collected in every �eld at the end of the season, consisting of continu-

ous measurement taken at sequential points of the �eld. Since collected from various

�eld and di�erent harvester combine, data collected can be di�erent from one �eld

to another. But essentials data for this study-such as location coordinates, moisture

levels, harvester speed, swath width, duration and time-were kept and uniformized.

The data were stored in multiple shape�les, with the primary access point being the

.shp �le extension. Tools such as Geopandas [31], a python library for geospatial

data manipulation were used to read and manipulate the data. [58] suggested that

many of erroneous data should be removed and not corrected. That's what have

been done in this study. A sample of the yield dataset, showing the relevant columns

used in this study, is presented in Figure 3.2.
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3.2.1 Harvest Segment and short segment

For more precise analysis, yield data points collected from the harvester combine

were grouped into segments called "harvest pass or harvest segment". These seg-

ments consist of sequential harvest points were created based on the distance between

each consecutive point. They can be drawn from the data. [11] constructs its harvest

segment using the time between readings. They computed the mode duration read-

ing between two consecutive time and set a threshold of three times (3x) this mode

value to be the beginning of a new segment. In our context, the process of generat-

ing harvest segments involved calculating the average distance between consecutive

points harvested the same day. If the distance between two consecutive points is

larger than three (03) standard deviation from the mean, the later point were des-

ignated as the starting point of a new harvest run or harvest pass. This approach

assumes that during such gap, the continuous yield measurement was interrupted

and possibly the swath was raised, as illustrated in Figure 3.3.

[5] demonstrated that the accuracy of the yield measurement decreases with the

segment length. The longer the segment is, less are the percentage of yield data

errors. This suggests removing short segments, which is exempli�ed in Figure 3.4.

[58] suggested removing segment less than 108 m (355 feets). This is what we have

done in this study.

3.2.2 Harvester Fill Mode and Finish Mode Error

The �rst type of error cleaning applied to our processing pipeline is what we call the

harvester �ll mode and �nish error. The lowering and the raising of swath at the

start and end of harvest pass is sometimes characterized by low yield measurement

due to �ll and empty mechanism. Various method were proposed to deal with this

type of error. [11] suggests removing some points recorded at the beginning of the

segment. [58] suggests according to their observations that the �rst 24s and the last

10s should be removed from each harvest pass. We applied this suggestion to our
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Figure 3.3: Precision Planter Harvest Pass Number
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Figure 3.4: Short segment vs Valid segment (Manitoba Home)
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study removing then the �rst 24s and the last 10s.

3.2.3 Forward and Backward Measurement Filter

The continuous measurement of yield and moisture can introduce errors, in
uencing

the accuracy of the recorded data. Erroneous yield measurements often occur when

the ground speed and distance traveled are low or when the high yield is recorded

over a short distance. Many methods are have been applied to remove outliers values

such as applying biological limits �lter [11] or excluding� 3 standard deviation from

the mean.

However, the e�ectiveness of some �ltering methods depends on the distribution of

the data (more e�cient for normal distribution) and do not consider the spatial

variation within the yield map. To address this limitation, an alternative �ltering

method has been applied. This approach compares each value with its neighboring

values and sets a threshold beyond which that value is considered as an outlier. This

method implies selecting a range of backward and forward observations, computing

the mean of this observations and comparing the current observation with theses

mean values using a prede�ned threshold . [58] set a threshold of� 30%. During

this study, a window of four (04) values in both backward and forward direction was

used, with a threshold of� 30%. This algorithm is applied to �lter the moisture, the

speed and the yield measurements.

3.2.4 Overlapping Area

During the harvester's movement, an harvested area can be delineated using the

swath width and the distance between the current location and the next point. How-

ever, the cutting bar may sometimes overlap an area already marked as harvested,

what can lead to erroneous measurements. Its therefore important to remove over-

lapping points to obtain a more precise data without any ambiguity. To do so, we

applied the method proposed by [10] to de�ne the harvested area. We constructed
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Figure 3.5: Speed �ltering using backward and forward measurements �lter

34



Figure 3.6: Harvested area between two points

a polygon using the bearing angle between two consecutive points to determine the

travel direction, while setting the point coordinated as the center of the swath. This

is illustrated in Figure 3.6. A polygon was then generated from the edge points using

the GeoPandas library [31]. All geospatial manipulations were performed using the

WGS84 ellipsoid coordinate system [99].

3.2.5 Isolation Forest

Isolation forest [44] is an unsupervised machine learning technique to detect outliers.

It is based on the assumption that because anomalies are few and di�erent from other

data, they can be isolated using few partitions. Trees are constructed by splitting

the data recursively until all data points are isolated. The technique is continued

until a forest of decision trees is formed. [10] used it in his yield data processing. For

this study we used a contamination parameters of 0.05 , 100 estimators and random

state 42.
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3.2.6 Z-Score Filter

Z score is a popular statistical concept and is sometimes used to remove outliers

from datasets [10, 58, 107]. It measures how many standard deviations a data point

is from the mean and can be used as a threshold to �lter out extreme values. It is

important to notice that the e�ectiveness of this method is most pronounced in nor-

mally distributed data. A Distribution analysis was done during this study and as

observed by [58] the raw yield distribution was found to be non-normal. However, at

the end of the processing pipeline, the data distribution became closer to normal dis-

tribution, allowing us then to apply the z-score �lter. The distribution of the original

versus �ltered yield data (before applying the z-score �lter) is shown in Figure 3.7,

while the overall yield data processing pipeline is summarized in Figure 3.8.

3.3 Orthomosaics Imagery Data

UAV 
ights were conducted over each study �eld to capture high-resolution multi-

spectral imagery. Raw images were stitched into full-�eld orthomosaics using the

Pix4Dmapper software [69]. The quality of the orthomosaics varied across sites due

to di�erences in camera speci�cations, acquisition dates, and 
ight conditions.

For the two Manitoba �elds (Ed's and Home), imagery was acquired on July 29,

2024 (DOY 211).

ˆ For Ed's, this corresponds to 59 days after planting and 46 days before harvest.

ˆ For Home, this represents 80 days after planting and 63 days before harvest.

Both orthomosaics were captured with the MicaSense RedEdge-P multispectral cam-

era [76], which provides �ve raw spectral bands (red, green, blue, near-infrared, and

red-edge). The resulting spatial resolutions were 3.43 cm for Ed's and 3.56 cm for

Home.
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Figure 3.7: Original yield distribution vs Filtered yield distribution (before applying
z-score �lter)
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Figure 3.8: Yield Data Processing Pipeline

For the Alberta Precision Planter (Alb PP) �eld, imagery was acquired slightly

earlier, on July 24, 2024 (DOY 206), corresponding to 55 days after planting and

84 days before harvest. Data were collected with the MicaSense RedEdge-MX Dual

camera [75], also providing �ve multispectral bands (red, green, blue, near-infrared,

and red-edge), with a spatial resolution of 2.96 cm.

3.4 Dataset

3.4.1 Feature Extraction

To transform raw UAV orthomosaic imagery into usable inputs for machine learning

models, we generated a �shnet grid overlay across each �eld image. Following [55],

who demonstrated the utility of aggregated pixel statistics for yield prediction and

[73] who used a �shnet grid, we adopted a tiling approach in which each cell represents
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Figure 3.9: [76] MicaSense RedEdge-P camera
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Figure 3.10: [75] MicaSense RedEdge-MX Dual Camera

a spatial unit of approximately 5 m� 5 m. Tiles border data were extracted and store

as geopandas [31] polygons.

Each tile was cropped from the orthomosaic withrasterio library. To ensure ro-

bustness, empty or invalid tiles were discarded. Pixel values within each valid tile

were normalized to [0; 1], and stored as multi-band arrays to support subsequent

feature extraction and modeling.

Within each tile, we extracted descriptive statistics from every spectral band (Blue,

Green, Red, Red Edge, and NIR). Speci�cally, we computed the mean, minimum

and maximum of re
ectance values, resulting in a feature vector characterizing the

spectral distribution of each band.

In addition to raw spectral features, we derived vegetation indices that are widely

has been proved to be good crop yield predictors [55]. Two indices were computed:
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Figure 3.11: Timeline of planting, imagery acquisition, and harvest for the three
�elds.
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ˆ Normalized Di�erence Vegetation Index (NDVI), de�ned as :

NDVI =
� NIR � � Red

� NIR + � Red

.

ˆ Normalized Di�erence Red Edge Index (NDRE), de�ned as :

NDRE =
� NIR � � RedEdge

� NIR + � RedEdge

.

For each index, tile-level aggregations (mean, min, max) were calculated using ded-

icated functions.

This procedure gave three distinct feature datasets:

1. All-bands dataset: statistical aggregates from each spectral band.

2. NDVI dataset: tile-level NDVI aggregates only.

3. NDRE dataset: tile-level NDRE aggregates only.

3.4.2 Data Fusion with Yield Measurements

To establish a supervised learning dataset, remote sensing features must be fused with

ground-truth yield data. Yield measurements were collected via combine harvesters

equipped with yield monitors, stored as georeferenced shape�les. These point-based

observations were integrated with the tiled imagery.We extracted and stored the

raster tiles geospatial boundaries as polygons usingGeoPandas[31]. Each tile's

extent was represented as a polygon geometry, enabling spatial operations such as

intersection with yield shape�le points. This vector representation ensured that

image tiles and ground-truth yield measurements could be accurately aligned in a

common coordinate reference system.
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Figure 3.12: Dataset generation pipeline

For each tile polygon, yield points falling within its boundaries were identi�ed through

spatial joins. When multiple yield points overlapped a tile, their values were aver-

aged to obtain a representative yield. This value was then assigned as the target

variable for that tile. Tiles with no overlapping yield points were excluded from the

dataset.

The resulting fused dataset, which pairs tile-level feature vectors with corresponding

yield values, is illustrated in Figure 3.13.To facilitate cross-�eld experiments, features

and targets were normalized using a con�gurable scheme, supporting either min-max

scaling or z-score standardization of both input features and yield targets. For this

study, both features and target were normalized using min-max normalization. The

fused dataset pipeline is represented in Figure 3.12
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Figure 3.13: Sample of �nal all-bands fused dataset
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3.4.3 Training and Testing Dataset

To rigorously evaluate the generalization ability of machine learning models for crop

yield prediction, multiple training and testing strategies were implemented. These

strategies control how tiles from di�erent �elds, blocks, or clusters are allocated to

training and validation, thereby simulating real-world scenarios.

3.4.3.0.1 Intra-�eld baseline. In the simplest setting, each �eld was treated

independently. Tile-level samples were randomly split into training and test subsets

(80/20), ensuring that both sets were drawn from the same spatial domain. This

baseline represents the best-case scenario in which models are trained and tested

under nearly identical �eld conditions.

3.4.3.0.2 Inter-�eld baseline. To evaluate cross-�eld transferability, training

and testing were conducted across multiple �elds. Each �eld dataset was splited into

training and test subsets (80/20). Training subsets were merge together to form a

unique training dataset, while testing was performed separately on each target �eld

test subset. This strategy allows assessment of whether models trained on diverse

environments can generalize to unseen �elds.

3.4.3.0.3 Leave-One-Field-Out (LOFO). In this setting, models were trained

on all �elds except one, which was reserved entirely for testing. This scenario mimics

real-world deployment where yield predictions must be generated for a new �eld with

no prior training data. This allow to assess the model ability to generalize on unseen

�eld.

3.4.3.0.4 Leave-One-Block-Out (LOBO). To address spatial autocorrelation

within �elds, we implemented a block-based cross-validation strategy. Fields were

divided into square blocks (e.g., 25, 50, or 100 m) using tile polygons. At each

iteration, all tiles from one block were used as the test set, while the remaining
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blocks served as training data. This setup minimizes spatial dependence between

training and test data, showing a more conservative and realistic estimate of model

performance.

3.4.3.0.5 Leave-One-Cluster-Out (LOCO). Beyond regular grids, we also

explored clustering-based cross-validation. Tiles were grouped into spatial or feature-

based clusters using methods, in fact for this study we used K-means clustering. In

each fold, one cluster was hold for testing, and the remaining clusters were used for

training. This design evaluates the robustness of models under heterogeneous spatial

or spectral conditions within a �eld.

These complementary training and testing setups allowed us to systematically com-

pare intra-�eld accuracy, inter-�eld transferability, and robustness to spatial auto-

correlation. Collectively, they provide a comprehensive framework for assessing the

practical usefulness of yield prediction models in precision agriculture using only

UAV imagery as feature.

3.5 Models

3.5.1 Overview

In this study, two supervised regression models were implemented to predict crop

yield from UAV-derived features: a Random Forest Regressor (RF) and a Linear

Regression model (LR). Both models were chosen to provide complementary per-

spectives: RF as a powerful non-parametric ensemble method capable of modeling

non-linear feature{yield relationships, and LR as a simpler parametric baseline used

for it interpretability and generalization ability.
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3.5.2 Preprocessing and Normalization

Before training, all features and yield targets were normalized to ensure stable opti-

mization and comparability across �elds. Normalization was handled by a dedicated

NormalizationConfig class supporting aMin{max scaling , mapping values to the

[0; 1] range. Normalization parameters were always �t on the training dataset and

applied consistently to the test set. Predicted yields were subsequently denormalized

before evaluation for interpretability purposes.

3.5.3 Random Forest Regressor

The RF model was implemented usingscikit-learn 's RandomForestRegressor.

Key hyperparameters included the number of trees (n estimators = 250), maximum

depth (max depth = 20), and max features =
p

d whered is the number of features.

These parameters were selected to balance predictive power and computational cost.

RF is well-suited to high-dimensional and heterogeneous datasets such as UAV im-

agery because it aggregates multiple randomized decision trees, thereby capturing

non-linear dependencies while reducing over�tting risk.

3.5.4 Linear Regression

The LR model was implemented as an Ordinary Least Squares regression using

scikit-learn 's LinearRegression . This model assumes a linear relationship be-

tween features and yield, o�ering a transparent baseline against which more complex

models can be compared. While less expressive than RF, LR provides valuable

insights into the direction and magnitude of feature{yield associations through its

regression coe�cients.
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3.5.5 Evaluation Metrics

Model performance was evaluated on both training and testing sets using the follow-

ing metrics:

ˆ Root Mean Square Error (RMSE) { measures overall predictive accuracy.

ˆ Mean Absolute Error (MAE) { provides a scale-independent measure of

error magnitude.

ˆ Mean Absolute Percentage Error (MAPE) { evaluates relative prediction

error as a percentage of true yield (with a small� to avoid division by near-zero

yields).

ˆ Coe�cient of Determination ( R2) { quanti�es the proportion of yield vari-

ance explained by the model.

ˆ Pearson correlation coe�cient ( r ) { measures the linear association be-

tween predicted and observed yields, robust to scale di�erences.

Metrics were calculated using denormalized predictions to ensure interpretability in

yield units. All results were logged and stored automatically for each experiment

fold.
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Chapter 4

Experimental Results

4.1 Experimental Setup

4.1.1 Hardware Con�guration

All experiments in this study were performed locally. The machine used was an

Apple iMac running macOS Ventura (version 13.1), equipped with the following

speci�cations:

ˆ Processor: Intel Core i7, 3.2 GHz, six physical cores. The six (06) core processor

allowed us to run parallel experiments especially, for the random forest models.

ˆ Graphics Processing Unit (GPU): Radeon Pro 555X with 2 GB of dedicated

memory. This speci�cation, while not exactly built for deep learning, was good

enough for processing orthomosaics in QGIS and basic raster visuals. Many

machine learning tasks in this work (Random Forest and Linear Regression)

rely more on the CPU than on the GPU.

ˆ Memory (RAM): 16 GB DDR4 at 2667 MHz. This is enough for the task

required for this study : extracting tiles from large orthomosaics and running
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experiments on large datasets. For tasks requiring more memory, data were

processed in batches to avoid overloading system resources.

ˆ Storage: 2 TB external hard drive. UAV orthomosaic imagery and yield shape-

�les were stored on an external hard drive with su�cient capacity, since these

can be large �les. The 2 TB storage was also used for �les generated by the

code, such as experimental log �les, graphs, generated datasets, and model

outputs. Directories composed of structured folders were used to organize the

data in a way that allows reproducibility.

4.1.2 Software Environment

Orthomosaic generation of UAV imagery was performed using Pix4D, a commercial

software specialized in drone photogrammetry mapping. Pix4D was used to process

raw UAV images into georeferenced orthomosaics, which then served as the primary

input for this study.

Geospatial data were managed using QGIS LTR (Long-Term Release), an open-

source Geographic Information System (GIS).

Pre-processing, feature extraction, and model training pipelines were developed in

Python 3. We used Visual Studio Code (VS code) integrated development environ-

ment. VS Code was selected for its integrated features, which support Python code

editing and execution.

The following libraries were used :

ˆ numPyand pandas for numerical operations and data manipulation.

ˆ geoPandasand Shapely for geospatial data processing and management.

ˆ rasterio for raster reading, tiling, and pixel-level value extraction.

ˆ scikit-learn for model training, evaluation metrics, and cross-validation.
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ˆ matplotlib and seaborn for data visualization, exploratory analysis, and ex-

perimental result plotting.

ˆ PyYAMLfor con�guration management, ensuring that experimental settings

were consistently stored and reusable.

4.1.3 Experimental Con�guration and logging

To enable reproducibility, we used con�guration �les (con�g.yaml), which stored

hyperparameters, normalization strategies, and dataset paths. This allowed experi-

ments to be reproduced under identical conditions without manual recon�guration.

Experiments produced log �les that made it possible to interpret results, track exe-

cution progress, and visualize outputs. The logs generated included:

ˆ Training logs (.txt �les), which contain hyperparameters, start times, evalua-

tion metrics (RMSE, MAE, MAPE, r2, correlation), and additional runtime

information.

ˆ Prediction outputs (.csv �les), which saved true and predicted yield values for

both training and test sets, enabling statistical analysis and visualization after

experiments.

Intermediate and �nal outputs were organized in structured directories (e.g.,/logs ,

/predictions , /results ).

4.2 Numerical Results

This section discusses experimental results addressing challenges in UAV-based crop

yield prediction, focusing especially on evaluation methodologies. These experiments

aim to achieve the following objectives :
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1. develop and compare machine learning models (Linear Regression, Random

Forest) for yield prediction using UAV multispectral imagery;

2. construct and evaluate tile-based datasets by fusing UAV orthomosaics with

yield data across diverse agricultural conditions;

3. implement and assess multiple evaluation strategies : traditional non-spatial

strategies (intra-�eld, inter-�eld) with spatial-based strategies (lofo, LOBO,

LOCO).

4. compare the LOBO and LOCO methodologies

5. compare predictive performances of vegetation indices and raw multispectral

bands.

6. analyze the impact of spatial autocorrelation on model performance and trans-

ferability.

We used three (03) agricultural �elds located in di�erent geographic regions, carrying

di�erent soil types, climatic conditions, and management practices. UAV multispec-

tral orthomosaics were combined with harvester yield data to create suitable datasets

for the experiments that are to be held. Model performance was evaluated using

various complementary metrics, including coe�cient of determination (R²), mean

absolute percentage error (MAPE), correlation coe�cient (R), root mean squared

error (RMSE), mean absolute error (MAE).

The results are organized progressively from what we call baseline scenarios (non-

spatial intra-�eld random splitting) to scenarios that incorporate spatial constraints.

4.2.1 Intra-Field Baseline

4.2.1.1 Dataset

The intra-�eld baseline experiment evaluated model performance when both training

and testing datasets were drawn from the same �eld. The data were split using the
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Figure 4.1: Spatial distribution of training and testing points for the Man Eds intra-
�eld baseline experiment.

train test split function from scikit-learn [84], with 80% allocated to training and

20% for testing. This approach is widely used in machine learning evaluations; how-

ever, it doesn't take account of spatial correlation, as training and testing points may

be geographically close, as illustrated in Figure 4.1. Such proximity leads to overop-

timistic performance estimates by allowing the model to exploit local autocorrelation

patterns [55].

4.2.1.2 Results & Discussions

The results for each �eld are summarized in Table 4.1. Several important observa-

tions can be drawn from it:
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Table 4.1: Intra-�eld baseline results
RMSE MAE MAPE R 2 R

Field Feature LR RF LR RF LR RF LR RF LR RF

Alb pp
all bands 7:690 7:290 5:927 5:473 0:190 0:176 0:374 0:437 0:614 0:662
ndre 8:080 8:428 6:251 6:462 0:204 0:210 0:309 0:248 0:561 0:516
ndvi 8 :380 8:505 6:499 6:500 0:210 0:209 0:257 0:234 0:512 0:508

Man eds
all bands 6:994 6:428 5:282 4:744 0:102 0:092 0:214 0:336 0:464 0:581
ndre 7:252 7:228 5:547 5:490 0:108 0:106 0:155 0:161 0:395 0:409
ndvi 7 :277 7:069 5:548 5:327 0:107 0:103 0:149 0:197 0:387 0:450

Man home
all bands 13:328 12:598 9:740 9:244 0:080 0:076 0:475 0:531 0:690 0:730
ndre 14:026 14:208 10:591 10:550 0:087 0:086 0:418 0:403 0:647 0:637
ndvi 14 :899 14:789 11:023 11:031 0:091 0:090 0:344 0:354 0:589 0:599

4.2.1.2.1 Random Forest consistently outperformed Linear Regression.

In most �elds and feature sets, Random Forests (RF) produced higherR2 values and

lower errors (like RMSE, MAE and MAPE). Depending on the �eld and features

applied to, its R2 performance ranged from 16 to 53%. This makes sense, since RF

has an ability to model complex non-linear relationships between spectral re
ectance

and yield data that linear regression (LR) may fail to capture at a certain point.

4.2.1.2.2 Predictability di�ers by �eld. Man Home was the most e�cient

�eld, producing the best score performance with the highestR2 (0.53) and the low-

est MAPE (� 7%). This re
ects a stable relationship between spectral features and

the yield. Alb PP come to the second position in terms of variance explained, achiev-

ing a decentR2 score, its bestR2 score was0.43 with RF. In contrast, Man Eds

produced lowerR2 values but achieved lower MAPE, indicating more precise pre-

dictions despite limited variance explained. Man Eds models performing lowerR2

values but decent relatively low MAPE shows the importance of combining multiple

metrics to interpret results. If the goal study is the precision of prediction, Man eds

would present decent results, but it falls short in capturing yield variability across

the �eld. It is important to have a balanced trade-o� between precision and variance

explained.
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4.2.1.2.3 Multispectral bands outperformed vegetation indices. Models

trained with all the raw bands as features (red, green, blue, red edge, near-infrared)

achieved better results than those trained on only vegetation indices, such as NDVI

or NDRE, both for LR and RF. For example, with LR on the Man Home �eld, the

MAE was 9.740 when using all bands, compared to 14.208 with NDRE and 14.789

with NDVI.

4.2.1.2.4 Linear Regression performed best with NDRE features. Linear

Regression applied to NDRE features gives its best performances. NDRE is the

feature holding the most linear pattern, occasionally allowing LR to outperform RF

(e.g., Man Home: R² = 0.418 vs. 0.403 and Alb PP MAPE = 20% vs. 21%).

4.2.1.3 Experiment Conclusion

Based on the discussion in Section 4.2.1.2, the following conclusions can be drawn:

ˆ Random Forest is the strongest intra-�eld baseline model .

ˆ Field-speci�c variability matters . Even if there are distinguishable pat-

terns across almost all �eld performances, the results vary most depending on

the �eld. This implies that �eld-speci�c parameters, such as crop type, data

acquisition parameters (e.g., camera speci�cations, imagery acquisition dates,

planting dates, etc.) matter in order to achieve good performance.

ˆ Combined spectral bands outperform vegetation indices. Using all

multispectral bands provided better results than vegetation indices (NDVI,

NDRE), demonstrating the value of richer spectral information for yield pre-

diction.

ˆ Linear Regression works well with NDRE features . LR models paired

with NDRE inputs occasionally rivalled or surpassed RF, showing that NDRE

has a stronger linear link with yield than NDVI. The red-edge spectral region
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