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Abstract

This thesis investigates the automatic segmentation of vineyard rows from
UAV-acquired multispectral orthomosaic imagery, as a basis for inferring a drivable
path for an unmanned ground vehicle (UGV) operating between the rows - a step
toward bringing autonomous navigation into a centuries-old agricultural tradition. Two
deep learning segmentation architectures, U-Net and Dense U-Net, were trained and
evaluated across four spectral channel combinations: RGB, RGB-NIR, RGB-RE, and
Green-RE-NIR, using manually digitized vine-row polygons as ground truth. Model
performance was assessed using Intersection over Union, Dice coefficient, pixel
accuracy, precision, recall, F1-score, and specificity. The availability of a
near-infrared or red-edge spectral band was found to be the dominant factor in
segmentation quality: all three such combinations achieved Dice coefficients above
0.87, while the purely visible-spectrum RGB combination performed measurably
worse, and U-Net matched or outperformed the more complex Dense U-Net across
every tested configuration. These findings provide a concrete, data-driven basis for
selecting sensor and architecture configurations when deploying vineyard row
segmentation as part of a real-world UGV navigation system, helping precision
viticulture advance without losing sight of the tradition it is built on.
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1. Introduction

Food production is one of the most important aspects of our society, and it has
played a crucial role in the survival of our species from the dawn of human
civilization. From the simple prehistoric tools to modern-day heavy machinery, every
technological advancement was important to ensure sustainability and continue
producing sufficient food supplies. Vineyards have been an important part of
agriculture and culture since ancient times, with viticulture dating back over 6,000
years. These historical landscapes, celebrated for their contributions to hospitality
and trade, have evolved into a blend of tradition and science. Beyond their pivotal
role in winemaking, grapes derived from these vineyards are also known for their
health benefits, packed with antioxidants like flavonoids and resveratrol. These
compounds are celebrated for their ability to neutralize harmful free radicals,
potentially reducing the risk of various chronic diseases. Therefore, the cultivation of
grapes extends far beyond winemaking. It is also a nutritious food source that plays a
key role in maintaining our health. This highlights the vineyards' significance, where
they stand not just as the foundation of agriculture but also as sources of valuable
nutrients essential for human well-being.

The growing global population is increasing the demand for food, while at the same
time, agricultural labor is becoming harder to find, especially as farming expands to
remote, less accessible areas far from urban centers.

Now, in the era where technology meets tradition, advancements like Unmanned
Aerial Vehicle (UAV) drone imagery and U-Net [1] segmentation are modernizing
vineyard management. By embracing these innovations, we honor the deep-rooted
significance of vineyards and ensure their enduring legacy in agriculture.

Among these advancements, developing autonomous navigation for agricultural
vehicles using high-resolution aerial imagery stands out as a crucial innovation. This
Master's thesis focuses on the precise detection of vineyard rows through
state-of-the-art image segmentation techniques. Specifically, in this thesis, we will
explore the capabilities of UAVs, which are drones controlled remotely or
autonomously, and the U-Net deep learning architecture, which is a type of advanced
neural network. Combined UAVs and deep learning aim to help in guiding Unmanned
Ground Vehicles (UGVs), which are robotic vehicles that navigate autonomously on
the ground, through the challenging terrain of vineyards. Combining drones with deep
learning allows for efficient and immediate monitoring of vineyards, leading to faster
responses to changing conditions.



Figure 1: Vineyard Imagery: Ancient Art [2] vs. Modern Drone View [3]

Figure 1 contrasts this traditional, intensely manual heritage of viticulture with the
modern, technology-assisted approach explored in this thesis.

This thesis presents a methodology for the segmentation of vineyard rows using a
customized U-Net architecture. The U-Net model, originally designed for biomedical
image segmentation, is known for its efficacy in distinguishing between patterns and
textures in images. By training this model with UAV-derived images of vineyards, we
aim to produce precise segmentation masks that highlight the vine rows, effectively
distinguishing them from the surrounding soil and vegetation. We will also consider
the varying heights at which drones operate when capturing images, ensuring these
methods are adaptable to different altitudes for flexible and thorough data collection.

This thesis investigates how different UAV spectral channel combinations and
segmentation architectures affect the accuracy of vineyard row detection, with the
goal of establishing a reliable basis for inferring a navigable path for a UGV operating
between the rows.

We are moving towards a future where robots and farming work better together,
making things more efficient and kind to the environment. In short, this thesis
combines high-tech drone images and smart learning to help make farming robots.
By advancing precision agriculture, this research contributes to sustainable
viticulture, preserving resources, and improving crop quality.

1.1 Outline

This thesis is organized as follows. Chapter 2 covers the related work in the
field. Chapter 3 introduces the problem and methodology in more detail. Chapter 4
gives experimental results and discussion, and finally, the thesis is concluded in
Chapter 5.



2. Related work

The field of precision agriculture is rapidly advancing through the integration of
remote sensing [4] and deep learning [5]. Recent developments have enabled
increasingly sophisticated applications, including image segmentation [6],
three-dimensional point cloud analysis [7], and intelligent crop management systems
[8]. Together, these technologies allow large volumes of agricultural data to be
processed into actionable information that supports efficient farm management and
informed decision making.

At the heart of these developments are multispectral (MS) sensors [9], which, when
mounted on drones or satellites, capture images across multiple wavelengths beyond
the visible spectrum. Such imagery supports numerous precision agriculture
applications, including crop health monitoring, disease detection, water stress
assessment, and vineyard management [10].

Figure 2: The sun in different wavelengths [12]

Figure 2 illustrates how the same scene appears markedly different when captured
across different wavelength bands, underlying the motivation for using multispectral
rather than purely visible-light imagery.

Earlier remote sensing applications in agriculture relied primarily on satellite imagery
[11]. Although satellite data provide broad spatial coverage, they are often limited by
relatively low spatial resolution, infrequent revisit times, and cloud cover. The
increasing affordability and accessibility of UAVs have largely overcome these
limitations by enabling flexible acquisition of high-resolution imagery tailored to
individual fields.



UAV surveys of a vineyard are typically processed into a single orthomosaic: one
composite image, corrected for distortion and aligned to real-world coordinates,
stitched together from many overlapping aerial photographs to give a seamless,
accurate view of the whole field. Precisely detecting which regions of this
orthomosaic are vine rows, as opposed to soil or inter-row vegetation, is a necessary
step for any further analysis, and reliably obtaining such masks requires the rows to
be manually annotated. Such row-level masks also make it possible to map which
parts of a vineyard are actually traversable, providing the basis for planning a
navigable path for a UGV through the inter-row space.

One of the earliest approaches to vineyard row detection from UAV imagery was
proposed by Comba et al. [27]. Their method combines dynamic image
segmentation, Hough Space Clustering, and Total Least Squares to identify vineyard
rows directly from aerial images while remaining robust to illumination changes,
shadows, and background vegetation. The extracted row geometry was further
proposed as a basis for autonomous navigation of UGVs within vineyards. Unlike this
feature-engineered approach, the method presented in this thesis employs deep
learning-based semantic segmentation to identify vineyard rows directly at the pixel
level without relying on manually designed geometric features.

Beyond conventional two-dimensional imagery, UAV photogrammetry also enables
the reconstruction of dense three-dimensional point clouds. Biglia et al. [24] proposed
a density-based clustering algorithm that automatically detects and localises vineyard
rows directly from such 3D point clouds without requiring colour or spectral
information, reporting localisation accuracy consistent with manual reference
measurements. While their approach relies exclusively on the geometric structure of
a reconstructed point cloud, the methodology presented in this thesis instead exploits
the spectral information contained in multispectral UAV imagery, avoiding the
additional computational cost associated with dense 3D reconstruction. Figure 3
illustrates an example of such a 3D point cloud representation of a surveyed area.

Figure 3: Point cloud smart mapping in 3D [15]



Machine learning has significantly expanded the capabilities of precision agriculture
by enabling automated interpretation of remotely sensed imagery. By learning
complex spatial and spectral patterns directly from data, modern algorithms support
applications including crop monitoring, disease detection, yield estimation, and
autonomous agricultural navigation.

As highlighted by Minaee et al. (2022) [6], semantic segmentation architectures such
as U-Net and SegNet have become foundational models because of their ability to
learn hierarchical image features while preserving fine spatial detail, making them
particularly effective for analysing complex outdoor scenes.

Chang et al. [13] proposed an improved DeeplLabV3+ architecture - a convolutional
encoder-decoder network for semantic segmentation that uses atrous (dilated)
convolutions to capture multi-scale spatial context without reducing feature-map
resolution (see Section 3.5.3.2), for crop-type identification from high-resolution
remote sensing imagery. Their model combines an encoder-decoder framework with
an attention mechanism and a Multiscale Feature Enhancement Module (MFEM),
improving segmentation performance while maintaining computational efficiency
across crops of different scales.

The transition from handcrafted image-processing techniques to deep learning
represents a significant evolution in agricultural computer vision. Rather than relying
on manually designed geometric or spectral features, deep neural networks learn
discriminative representations directly from data, making them more robust to the
variability encountered in real-world agricultural environments.

A separate line of research addresses the cost of producing annotated training data
for remote sensing applications. Olaniyi et al. [26] presented a systematic review of
generative adversarial networks (GANs) for agricultural image augmentation,
highlighting their ability to generate realistic synthetic imagery or paired image-mask
datasets that reduce the dependence on manually annotated data. Although such
methods have seen only limited application to vineyard row segmentation, they
represent a promising direction for reducing the substantial manual effort required to
produce pixel-level ground truth annotations, an effort that played a central role in
this work (Section 3.2).

Overall, previous research demonstrates that classical computer vision, geometric
reconstruction, multispectral remote sensing, and deep learning-based image
segmentation provide complementary approaches for agricultural scene
understanding. Building upon these developments, this thesis investigates semantic
segmentation of vineyard rows directly from multispectral UAV imagery to support the
subsequent navigation of unmanned ground vehicles.



3. Materials and methods

3.1 Study Site and UAV Data Acquisition

The dataset used in this study was collected within the FLEXIGROBOTS
Horizon 2020 project over a commercial vineyard located in Pontevedra, Galicia,
Spain (41.955187° N, —8.795055° W). The vineyard is owned by Bodegas Terras
Gauda, S.A. and is situated on terrain with an approximately 8.1% slope. The UAV
survey covered a portion of the vineyard, and only the area contained within the
surveyed field boundary was considered in the subsequent data preparation and
analysis.

The imagery was acquired on 12 July 2022 using a DJI Phantom 4 Multispectral UAV
at a flight altitude of 30 m. The onboard multispectral camera captures five spectral
bands: Blue (450 nm £ 16 nm), Green (560 nm + 16 nm), Red (650 nm = 16 nm),
Red Edge (730 nm £ 16 nm), and Near-Infrared (840 nm + 26 nm), with a spatial
resolution of 2.12 MP per band. The acquired imagery was processed into a
georeferenced multispectral orthomosaic, which served as the source data for the
annotation, patch generation, spectral-channel experiments, and segmentation
models described in the following sections.

3.2 Data Annotation and Ground Truth Generation

For a supervised segmentation model to learn to distinguish vine rows from
the surrounding soil and vegetation, it must be trained on examples where the correct
answer is already known. Producing these examples, commonly referred to as
ground truth, is one of the most important steps in building a reliable dataset, since
the quality of a model's predictions is ultimately limited by the quality of the labels it
learns from.

Vine rows can vary considerably in appearance depending on canopy density, the
presence of weeds between rows, and lighting conditions at the time of image
acquisition. Relying on a fully automatic method to generate labels under these
conditions risks introducing systematic errors that are difficult to notice and even
harder to correct once they propagate through the rest of the pipeline. For this
reason, the ground truth used in this work was produced through manual annotation,
so that every row present in the orthomosaic was identified through direct visual
inspection rather than inferred indirectly from pixel intensities.

The annotation process was carried out using a geographic information system
software QGIS, which allows spatial features to be drawn directly on top of the
georeferenced orthomosaic at full resolution. Two distinct sets of features were
digitized for the surveyed plot. The first outlines the overall boundary of the field,
marking the area that was actually covered by the UAV survey and should therefore
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be considered when generating image patches for training. The second consists of
individual polygons traced around every vine row visible in the orthomosaic, each
one drawn by hand to closely follow the true shape and extent of the row on the
ground.

Once digitization was complete, both sets of polygons were converted into
pixel-aligned masks matching the resolution and coordinate system of the
orthomosaic. The row polygons determine, for every pixel in the image, whether that
location belongs to a vine row or to the surrounding background, and together these
decisions form the binary ground truth used throughout the remainder of this work.
The field-boundary polygon serves a complementary role: it identifies which parts of
the orthomosaic fall outside the actual survey area, allowing such regions to be
excluded once the imagery is divided into patches, as described in Section 3.4.

This annotation strategy ensures that the labels used to train and evaluate the
segmentation models reflect the true position of the vine rows in the field, rather than
an approximation derived after the fact from the spectral properties of the imagery.

Figure 4 illustrates this process on the surveyed orthomosaic: the raw imagery (a),

the digitized field boundary (b), the individually traced row polygons (c), and their
combination into the final binary mask used as ground truth (d).
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(a) | (b)

(d)

Figure 4: Data annotation process. (a) Raw orthomosaic imagery. (b) Digitized field
boundary. (c) Manually traced row polygons. (d) Resulting binary ground-truth mask.

3.3 Spectral Characteristics of UAV Imagery

In remote sensing, analyzing spectral signatures is crucial for extracting
valuable information from imagery. The spectral bands, including Red, Green, Blue,
Near-Infrared (NIR), and Red Edge, each serve a specific purpose.

Red is absorbed by vegetation and is useful in soil and geological studies. Green,
reflecting off-leaf surfaces, indicates plant health. Blue, ideal for deep water and
atmospheric observations, penetrates marine environments. NIR, strongly reflected
by healthy vegetation, aids in biomass and vegetation analysis. The Red Edge band,
showing plant health status, is applied in precision agriculture and stress detection

[16].
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(2)

3) (4)

Figure 5: Spectral band combinations used in this experiment: (1) RGB, (2) Green-RE-NIR,
(3) RGB-RE, and (4) RGB-NIR

In the context of remote sensing for this research, the following spectral band
combinations are explored:

RGB (Red, Green, Blue): This standard model mimics human vision and is the most
common input modality for image segmentation methods more broadly [6].

Green-RE-NIR (Green, Red Edge, NIR): Both the red-edge and green bands are
established indicators of chlorophyll content and plant health, and are combined with
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NIR in widely used vegetation indices for detailed agricultural and ecological analysis
[28].

RGB-RE (Blue, Green, Red, Red Edge): The red-edge band is established as
sensitive to chlorophyll absorption and plant stress, making it a valuable addition to
RGB for vegetation health detection in environmental monitoring and precision
agriculture [28,25].

RGB-NIR (Blue, Green, Red, NIR): Adding NIR to RGB is a well-established basis for
vegetation and water-body analysis, as in the widely used NDVI and NDWI indices
[29,30,31].

Differences between these spectral bands are illustrated in Figure 5, on an example
of a vineyard drone capture.

3.4 Data Processing

The multispectral orthomosaic was divided into image patches that were
subsequently used as inputs to the segmentation models. Only patches located
within the annotated field boundary were retained, ensuring that regions outside the
surveyed area were excluded from the dataset. All model inputs were standardized to
a spatial dimension of 512x512 pixels to ensure consistent input dimensions during
training and inference. Image processing was performed using OpenCV [17].

To approximate the effect of UAV imagery acquired at different flight altitudes,
patches were extracted from the original orthomosaic at three spatial scales:
256x256, 512x512, and 1024x1024 pixels. The original UAV imagery was acquired
at a single flight altitude of 30 m; therefore, these scales do not represent additional
UAV acquisitions, but simulate changes in the apparent size of vineyard structures by
varying the area of the orthomosaic contained within each patch. All patches were
subsequently represented as 512x512 model inputs, as illustrated in Figure 6.

The 256x256 source patches cover a smaller area of the orthomosaic and were
upsampled to 512x512 pixels using bicubic interpolation (cv.INTER_CUBIC) [18],
which estimates each new pixel's value from a weighted combination of the 16
nearest pixels (a 4x4 neighborhood) in the source image, fitted with cubic
polynomials. This produces smoother, less blocky results than simpler methods such
as nearest-neighbor interpolation. Consequently, vineyard structures appear larger
within the final model input, approximating the effect of imagery acquired at a lower
flight altitude. The native 512x512 patches were used without spatial resizing and
represent the reference scale. In contrast, the 1024x1024 source patches cover a
larger area of the orthomosaic and were downsampled to 512x512 pixels using
area-based interpolation (cv.INTER_AREA) [19], which computes each output pixel
as a weighted average of all source pixels that fall within its corresponding area in
the original image. This averaging prevents aliasing artifacts that occur when pixels
are simply dropped during shrinking, making it the recommended OpenCV method

14



for image reduction. Vineyard structures therefore appear smaller in the resulting
model input, approximating the effect of imagery acquired at a higher flight altitude.
Figure 6 shows examples of the resulting patches at all three scales.

In addition to the scale transformations, data augmentation was applied to increase
the size and spatial diversity of the dataset. For each retained patch, three rotated
versions (90°, 180°, and 270°) were generated, together with a horizontally flipped
version and its corresponding three rotations. This resulted in eight spatial variants of
each original patch. The same transformations were applied to the corresponding
ground-truth masks, preserving pixel-level alignment between each image and its
segmentation label. Figure 6 illustrates the original, flipped, and rotated variants for
each of the three spatial scales.

original flipped org_90 flip_g0 org_180 flip_180 org_270 flip_270

=512

SN T

256-

512->512

2 7 4
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a7 T
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Figure 6: Data preprocessing and augmentation at three spatial scales.

Rows correspond to source patches of 256x256, 512x512, and 1024x1024 pixels, all
represented as 512x512 model inputs. The 256x256 patches are upsampled to
approximate a lower flight altitude, the native 512x512 patches represent the
reference scale, and the 1024x1024 patches are downsampled to approximate a
higher flight altitude. Columns show the original patch, its horizontal flip, and the
corresponding 90°, 180°, and 270° rotations. Each image is shown together with its
corresponding ground-truth segmentation mask.

3.5 Algorithms

This thesis explores the field of semantic segmentation, an important part of
computer vision that enhances the interaction between computers and the visual
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world. Semantic segmentation involves the process of dividing an image into
meaningful parts, each labeled according to the class of the objects they represent.
This division helps machines understand and interpret visual data, which is crucial in
applications like UAV-based vineyard monitoring.

Within the broader context of Data Science, semantic segmentation is a key
application of Computer Vision, particularly through the use of Convolutional Neural
Networks (CNNs) [20]. These networks apply layers of filters to images to highlight
important features and structures, simplifying the task of segmenting images into
meaningful parts. This process enables computers to accurately identify and classify
different sections of an image. This overall processing pipeline is illustrated in Figure
7.

Global

Convolutions Pooling Convolutions Pooling ,
average pooling
= N
=4 I . =.
. 0 o
~~~~~~~ S = X
Tt - .81 E E Output
; = tE===T
Pooled
Pooled Feature maps feature maps
Input Feature maps feature maps

Figure 7: Convolutional neural network pipeline, showing an input image processed
through repeated convolution and pooling stages to produce stacked feature maps
and a final output [35].

3.5.1 Convolutional Neural Networks (CNNs)

CNNs form the backbone of modern semantic segmentation models. They use
convolutional layers to learn hierarchical feature representations from images,
starting from low-level features like edges and textures to high-level features such as
shapes and patterns. This feature extraction capability is critical for identifying and
separating objects in an image.

A convolutional layer applies a kernel - a small matrix of learnable weights, typically
much smaller than the input (e.g., 3x3) - to the input image. The kernel slides across
every position of the input. At each position, it computes a weighted sum of the pixel
values it currently overlaps, producing one value of the output feature map. This
sliding-window operation is illustrated in Figure 8. Formally, a square kernel of size k,
applied over a matrix X representing the original image, takes the following
transformation to produce the latent representation Y:
k=1 k-1
YG) = Y Ywimnm)X({+m,j+n) +b

m=0n=0
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Where:

Y (i, ) is the output feature at the position (i, j).

X(i + m, j + n)is the input value at position (i + m, j + n).

w(m, n) is the weight of the kernel at position (m, n).

b is the bias term.

k defines the full size of the kernel (e.g., k=3 for a 3x3 kernel), so m
and n each range over the k positions 0 to k-1.

CNNs process the image through multiple layers, with deeper layers capturing
high-level features like shapes and objects, while earlier layers capture low-level

features like edges and textures.

Kernel (3x3)

1 0 -1

Input

1 0 1 0
0 1 0 1
1 2 1 0
0 1 0 2

|
1 0 1 1
0 1 1 o

1

Kernel highlighted over one region of the input;
sliding it across every position produces the full output.

l

Elementwise product, summed:
(0-1}+(1-0)+(0--1) +
(1-1)4(0-0)4+(1--1) +
(2:1)+(1-0)+(0--1)

=2

Output

2

Figure 8: lllustration of the convolution operation. A 3x3 kernel is positioned over one 3x3
region of the input (highlighted), and the elementwise product between the kernel and that
region is summed to produce a single value in the corresponding position of the output
feature map. Sliding the kernel across every position of the input produces the complete

output.

3.5.1.1 Pooling

Pooling is a fundamental operation in CNNs that reduces the spatial
dimensions of feature maps while retaining essential information. It helps in:

e Dimensionality Reduction:

parameters.

Reducing the number of computations and

e Translation Invariance: Ensuring robustness to small shifts and distortions in

the input image.

There are two main types of pooling used in segmentation tasks:
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1. Max Pooling:

Extracts the maximum value from a sliding window across the input feature
map.

Y(i,j) = max ()R (i’j)X (m,n)

Where:

e X(m,n) is the input feature at position (m, n).
e R(i,j) is the receptive field (e.g., 2x2) for position (i, j).
e Y(i,j) is the pooled output at (i, j).

2. Average Pooling:

Computes the average value of the features within a sliding window.

.. 1
Y@) =Ty & Xmmn)
(mn)eR (L)

Where:

e X(m,n) is the input feature at position (m, n).

e |R(i,j)| is the number of elements in the receptive field for
position (i, j).

e Y(i,j) is the pooled output at (i, j)

Figure 9 illustrates pooling and the differences between the two approaches.
Key Parameters in Pooling:
e Kernel Size (kxk):

Defines the dimensions of the pooling window. For example, a 2x2 kernel
aggregates information from 4 pixels.

e Stride:

Determines the step size for the pooling window. A stride of s moves the
window by s pixels. Larger strides result in more aggressive dimensionality
reduction:

Ho= 1, W, = [P 4 1

out out

Where:
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Hout is the height of the output feature map.

w_. is the width of the output feature map.

H, W are the height and width of the input feature map.

k is the size of the pooling kernel (e.g., 2x2).

p is the padding added to the input feature map.

s is the stride (step size of the pooling window).

L-1 is the floor function, which ensures that the output dimensions are
integers

e Padding:

Adds extra pixels around the border of the input feature map, ensuring that
pooling windows cover edge pixels. Padding is critical for maintaining
alignment and spatial consistency.

Max pooling

19 | 35
12 19. 0 9 41 92
3 10| (135 | 12
22 | 34 | 44 | 0 Average pooling
.41 3 | 4 92. 11 | 14
25 | 35

Figure 9: Types of pooling used in CNN.

3.5.2 Fully Convolutional Networks (FCNs)

Traditional CNNs were adapted for semantic segmentation through the
development of Fully Convolutional Networks (FCNs) [21]. Unlike standard CNNs
that output a single label for the entire image, FCNs replace fully connected layers
with convolutional layers, enabling the model to produce a dense pixel-wise
prediction map. This innovation laid the groundwork for subsequent architectures
tailored for segmentation tasks.
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Traditional CNN is fully connected:
y = Wx+ b
where W is a weight matrix, x is the vector of input features, and b is the bias term.

FCNs replace this with a 1x1 convolution:
YG,j)) = wX(i,j) + b

Where:

X(i,)) is the input feature at position (i, j).
w is the weight applied at that position.

Y (i, j) is the predicted value for each pixel.
b is the bias term.

FCNs also incorporate upsampling layers (e.g., deconvolution or bilinear
interpolation) to reconstruct the original spatial dimensions of the image.

3.5.3 Encoder-Decoder Architectures

Encoder-decoder combination is a widespread architecture for learning latent
features for compressing or reconstructing images, which finds applications in all
branches of industry.

Many segmentation models, such as U-Net and SegNet, use an encoder-decoder
design. The encoder compresses the input image into a compact representation by
progressively reducing its spatial dimensions while retaining semantic information.

Encoder formula:

X = FTWpxx, + b)

l
Where:

° leis the input to the [-th layer.
o W, is the weight matrix for the [-th layer.
e fis the activation function (e.g., ReLU).
The given formula is an example of compressing a simple vector using a neural

network, not specifically an image using a convolutional neural network. (In CNN
encoder would reduce spatial dimensions using convolution and pooling layers.)

However, the fundamental principle remains the same: the weight matrix Wl must

have dimensions such that its height (number of rows) is smaller than its width
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(number of columns). If this condition isn't met, dimensionality won't decrease in the
subsequent step.

Thus, for dimensionality reduction (compression), Wl it should satisfy:

° Wl € Rmxn, wherem < n

This ensures the output vector X, has a lower dimensionality compared to the input

vector X,

The decoder then reconstructs the spatial dimensions to produce a segmentation
map, using features extracted by the encoder.

Decoder formula:

T
X = f(Wl * X+ bz)

l

The given formula illustrates the reconstruction of the original dimensionality using
transposed convolutions. Transposed convolution involves "unpooling" the feature
maps to increase their resolution.

The decoder produces a segmentation map of the matching dimension, instead of
the realistic reconstruction of the input image. To achieve accurate segmentation, the
model needs to be trained with a set of labels, i.e., one needs a ground truth
segmentation map for each input image, to evaluate the produced outputs.

This general structure is illustrated in Figure 10.
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Figure 10: Schematic illustration of an encoder-decoder architecture, where the
left-hand side is an input passed through a series of encoder layers, and the
right-hand side is the decoder’s output feature map, arrows represent skip
connections concatenating encoder features directly into the decoder [37].

3.5.3.1 Skip Connections

To preserve fine-grained details during the reconstruction process, skip
connections are employed between corresponding layers of the encoder and
decoder. These connections combine high-resolution spatial information from the
encoder with the semantic features in the decoder, improving the model's ability to

segment fine details, such as narrow vineyard rows.
encoder decoder.

Zl= Concat(Xl ) Xl )

encoder decoder

Where Xz and Xz are the feature maps from the encoder and decoder at the

same spatial resolution.
This is illustrated in Figure 11.
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Figure 11: Skip connections in a symmetric encoder-decoder (U-Net-style)
architecture [36].

3.5.3.2 Atrous (Dilated) Convolutions

Atrous convolutions are used in advanced models like DeeplLab [22] to
increase the receptive field of the network without reducing spatial resolution. This
allows the model to capture multi-scale contextual information, which is particularly
important in segmenting objects of varying sizes in UAV imagery.
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A dilated convolution modifies the standard convolution by introducing a dilation rate
d, which defines the spacing between kernel elements:
k=1 k-1
YG)H) =Y Y wimn) *X({@+dm,j+dn) +b
m=0n=0

Where:

Y(i,)) is the output feature at the position (i, j).

X(i+dm, j+dn) is the input value at position (i+dm, j+dn).
w(m, n) is the weight of the kernel at position (m, n).

b is the bias term.

k defines the size of the kernel (e.g., 3%3).

d is the dilation rate.

Atrous convolutions are particularly useful for segmenting objects at multiple scales,
as they can capture contextual information from a wider area.

3.5.3.3 Attention Mechanisms

The Transformer is a neural network architecture originally developed for
processing sequential data such as text, used in tasks like translation and
summarization. Unlike earlier sequential models such as recurrent neural networks
(RNNs), which process a sequence one element at a time, a Transformer processes
the entire sequence at once - both speeding up computation and making it easier to
capture relationships between elements that are far apart in the sequence. At its core
is the self-attention mechanism, which allows each element of the sequence to weigh
the relevance of every other element when computing its own representation. Since
this mechanism has no inherent notion of order, positional encodings are added to
the input to preserve sequence order. The original architecture consists of an
encoder, which processes the input, and a decoder, which generates the output,
although many later models use only one of the two components - for example,
BERT uses only the encoder, while GPT uses only the decoder. Although
Transformers were originally developed for language tasks, the same self-attention
mechanism has since been adapted to computer vision by treating fixed-size image
patches as the input tokens, forming the basis of the attention-based segmentation
models discussed below.

Attention mechanisms, including self-attention, have recently been integrated
into segmentation models to focus on relevant regions of the image while ignoring
irrelevant parts [22]. These mechanisms improve the model's ability to differentiate
between vineyard rows and the surrounding environment.

Self-attention computes the importance of each pixel relative to others:
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Attention(Q,K,V) = Softmax(gK—)V
\Ja,

Where:

o Q, K,V are the query, key, and value matrices derived from the input features.
o dk is the dimensionality of the key matrix.

o The softmax function normalizes the attention weights.

This mechanism allows the model to capture long-range dependencies and focus on
relevant vineyard rows, even in complex backgrounds.

In this thesis, we focus on two architectures, U-Net and Dense U-Net, each offering a
different strategy for preserving spatial detail while extracting increasingly abstract
features.

3.5.4 U-Net

Primarily developed for medical imaging, U-Net's architecture features a
"U"-shaped design, as illustrated in Figure 12. It consists of a symmetric
encoder-decoder structure that includes shortcuts, i.e., skip connections, to capture
detailed contextual information and retain critical data throughout the image
processing phases. This architecture is ideal for the precise localization needed to
navigate UGVs in vineyard rows, ensuring that no detail is missed in vine density and
row alignment. The network takes as input an image (in our application, a drone
capture of the vine) and as a ground truth, it takes the same dimensional mask of the
feature of interest (vine rows) that should be reconstructed as an output.

The U-Net architecture starts with a contracting path, which is the encoder part. This
path is responsible for capturing the context of the input image through a series of
convolutional and pooling layers. Each layer in the contracting path reduces the
spatial dimensions of the input while increasing the depth, allowing the network to
extract high-level features. This process helps in understanding the broader context
of the image.
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Figure 12: U-Net Architecture (Ronneberger et al., 2015), with encoder half on the left and a
decoder on the right, and skip connections indicated with the arrows between the two.

U-Net employs an expansive path, or decoder, following the encoder, which
symmetrically up-samples the features back to the original image size. This path
consists of up-convolutions and concatenations with corresponding feature maps
from the contracting path. These concatenations, or skip connections, are pivotal as
they merge the high-resolution features from the contracting path with the upsampled
output, ensuring that fine details are preserved. This approach mitigates the loss of
spatial information that typically occurs in deep networks, making U-Net exceptionally
effective for tasks requiring precise localization and boundary delineation.

3.5.5 Dense U-Net

Dense U-Net follows the same overall encoder-decoder structure as U-Net,
but replaces each convolutional block with a densely connected block, in which every
layer receives the concatenated outputs of all preceding layers within the same block
rather than only the output of the immediately preceding one. This encourages
feature reuse throughout the network: low-level details extracted early in a block
remain directly accessible to later layers instead of having to pass through every
intermediate transformation. For a task such as vine row segmentation, where the
distinguishing signal between a row and the surrounding soil can be subtle, this
denser flow of information helps the network retain fine-grained detail that might
otherwise be diluted as it propagates through successive layers. As in U-Net, skip
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connections between the encoder and decoder are retained to preserve spatial
resolution during upsampling. The overall architecture is illustrated in Figure 13.
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Figure 13: Dense U-Net architecture, with the encoder (contracting path) on the left and the
decoder (expansive path) on the right. Each block represents a densely connected block
operating at a given spatial resolution, with resolution reduced via max pooling in the
encoder and restored via up-convolution in the decoder. Skip connections (dashed arrows)
link encoder and decoder blocks of matching resolution, and the bottleneck block at the
bottom connects the two paths.

3.5.6 Dropout

Dropout is a regularization technique in which a randomly selected fraction of
neuron activations is set to zero at each training step. This prevents the network from
relying too heavily on any single neuron or feature, forcing it to learn more redundant,
distributed representations. It directly addresses overfitting - the phenomenon in
which a model fits the training data too closely, including its noise, at the expense of
generalizing to unseen data, typically manifesting as strong training performance
alongside markedly worse validation performance [32].

3.5.7 Optimization

Training a neural network consists of iteratively adjusting its weights to
minimize a loss function, typically using gradient descent: at each step, the gradient
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of the loss with respect to the weights is computed, and the weights are updated in
the opposite direction. Adam (Adaptive Moment Estimation) [33] is a widely used
extension of gradient descent that maintains a separate, adaptive learning rate for
each weight, based on running estimates of the first moment (mean) and second
moment (uncentered variance) of its past gradients, combining the benefits of
momentum-based acceleration with per-parameter adaptive scaling.

3.5.8 Batch Normalization

Batch normalization normalizes the activations of a layer - rescaling them to
zero mean and unit variance - using statistics computed over each mini-batch during
training. This stabilizes and speeds up training by reducing the sensitivity of later
layers to shifts in the distribution of earlier layers' outputs, and is applied after nearly
every convolutional layer in both U-Net and Dense U-Net in this work [34].

3.6 Evaluation Metrics

Semantic segmentation metrics are essential for quantifying the performance
of models in pixel-level classification tasks. These metrics provide insights into the
model's ability to segment different regions in an image accurately and are critical for
comparing various model architectures and configurations. Below, the most
commonly used metrics are described in detail.

3.6.1 Intersection over Union (loU)

The Intersection over Union (loU), also known as the Jaccard Index, is a
measure of the overlap between the predicted segmentation mask and the ground
truth mask. It evaluates how well the predicted region aligns with the ground truth by
calculating the intersection ratio to the union of the two sets of pixels.

loU values range from 0 to 1, where 1 indicates perfect overlap between the
predicted and ground truth masks. loU is computed for each class separately, and
the mean loU (mloU) is taken as the average across all classes.

Mathematical Formula:

[PNG|

10U(P,G) = g

Where:

e P is the predicted mask (pixels classified as belonging to the target class by
the model).

e ( is the ground truth mask (pixels labeled as belonging to the target class in
the dataset).
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e |P n G| is the number of pixels correctly predicted as belonging to the target
class (true positives).

e |P U G| is the total number of pixels in either P or G (union of true positives,
false positives, and false negatives).

3.6.2 Dice Coefficient

The Dice Coefficient, also known as the Sarensen-Dice Index, measures the
similarity between the predicted and ground truth masks. It emphasizes the overlap
between the two masks and penalizes discrepancies, such as false positives and
false negatives.

The Dice Coefficient ranges from 0 to 1, where 1 indicates perfect agreement
between the predicted and ground truth masks. Higher Dice scores imply better
segmentation performance.

Mathematical Formula:

Dice = —ZEnGL

~|P|+]G]
Where:

P is the predicted mask.

G is the ground truth mask.

|P| the number of pixels in the predicted mask (total predicted positives).

|G| is the number of pixels in the ground truth mask (total actual positives).

[P n G| is the number of pixels correctly classified as belonging to the target
class.

3.6.3 Pixel Accuracy

Pixel Accuracy measures the proportion of correctly classified pixels (both
positive and negative) to the total number of pixels in the image. It provides a global
measure of model performance over the entire image.

Pixel Accuracy values range from 0 to 1, with 1 indicating all pixels are correctly
classified.

TP+ TN
TP+TN+FP+FN

Pixel Accuracy =

Where:

e TP is True positives (pixels correctly predicted as the target class).
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e TNis True negatives (pixels correctly predicted as background or other

classes).

e [P is False positives (background pixels incorrectly classified as the target
class).

e FN is False negatives (target class pixels incorrectly classified as
background).

3.6.4 Precision

Precision measures the proportion of pixels predicted as belonging to the
vine-row class that are actually correct, quantifying how many of the predicted row
pixels correspond to real rows rather than false detections.

Precision values range from 0 to 1, with 1 indicating that every pixel predicted as a
row is indeed part of a row.

TP

Precision = TP+ FP)

Where TP and FP are as defined in Section 3.6.3.

3.6.5 Recall

Recall, also referred to as Sensitivity, measures the proportion of actual row
pixels that were correctly identified by the model, quantifying how much of the true
row area was successfully detected.

Recall values range from 0 to 1, with 1 indicating that every true row pixel was
correctly detected.

TP
TP+FN

Recall =

Where TP and FN are as defined in Section 3.6.3.
3.6.6 F1-Score

The F1-score is the harmonic mean of Precision and Recall, providing a single
measure that balances the cost of false positives against the cost of false negatives.

F1-score values range from 0 to 1, with 1 indicating perfect precision and recall
simultaneously.

(Precision X Recall)
= *
F1 2 (Precision + Recall)

Where Precision and Recall are as defined in Sections 3.6.4 and 3.6.5.
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3.6.7 Specificity

Specificity measures the proportion of actual background pixels that were
correctly identified as background, quantifying the model's ability to avoid false
positive row predictions.

Specificity values range from 0 to 1, with 1 indicating that every true background pixel
was correctly classified.

Specificity =

TN
(TN + FP)

Where TN and FP are as defined in Section 3.6.3.

The motivation of each metric, as well as its strengths and weaknesses, are detailed

in Table 1.
Metric Purpose Strengths Weaknesses
loU Quantifies the Balances false Sensitive to small
overlap between positives and false regions or imbalances.
predicted and negatives.
ground truth
masks.
Dice Emphasizes Effective for Less interpretable for
Coefficient overlap and imbalanced classes. minor class errors.
penalizes false
positives/negatives.
Pixel Measures overall Simple and intuitive Fails to highlight
Accuracy classification metric. issues in imbalanced
performance data.
across all pixels.
Precision Measures how Directly penalizes Ignores missed
many predicted row false positives. detections (false
pixels are actually negatives).
correct.
Recall Measures how Directly penalizes Ignores false

much of the true
row area was
detected.

missed detections.

positives; can be
inflated by
over-predicting.
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F1-Score | Balances precision | Useful single summary | Can mask which of
and recall into a when both false precision or recall is

single score. positives and driving a low score.
negatives matter.

Specificity | Measures how well Highlights Can appear high by
background pixels false-positive default in imbalanced
are correctly avoidance on the data even with poor

identified. majority class. row detection.

Table 1: Comparison between different evaluation metrics

4. Experiments and Results
4.1 Experimental Setup

Each of the four spectral channel combinations described in Section 3.2 was
used to train and evaluate both segmentation architectures independently, allowing
their performance to be compared under identical training conditions while varying
only the spectral input.

For each channel combination, the dataset was split into training, validation, and test
sets in a 70/20/10 ratio, yielding 11,544 training, 3,296 validation, and 1,656 test
image - label pairs (16,496 patches in total, pooled across the three simulated
altitude scales and eight augmentation variants described in Section 3.4). Since
every original patch was augmented through rotation and flipping prior to splitting,
augmented variants of the same patch were kept together within a single split,
ensuring that no transformed copy of a training image could appear in the validation
or test sets.

Both architectures were trained using the Adam optimizer with an initial learning rate
of 0.001, reduced by half whenever validation loss failed to improve for two
consecutive epochs, down to a minimum of 1e-6. All model weights were randomly
initialized (He normal for U-Net, Glorot uniform for Dense U-Net) rather than
pretrained, so each model learned entirely from the training data used in this study.
Training was limited to a maximum of 10 epochs, with early stopping applied if
validation loss did not improve for six consecutive epochs, restoring the weights from
the best-performing epoch. A dropout rate of 0.1 was applied throughout both
networks to reduce overfitting (Section 3.5.6).

As the vine-row class occupies a minority of pixels in most patches, a combined

binary cross-entropy and Dice loss was used for training rather than binary
cross-entropy alone. Specifically, across the pooled test set, row pixels account for
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approximately 22% of all pixels, with roughly one in five test patches containing no
row pixels at all. Under this imbalance, metrics computed primarily on the majority
class - such as pixel accuracy and specificity - can appear misleadingly high even for
a classifier that performs poorly at detecting rows. Dice coefficient, loU, precision,
recall, and F1-score are therefore emphasized as the primary measures of
segmentation quality in this work, with pixel accuracy and specificity reported for
completeness (see Table 1 for a discussion of each metric's sensitivity to class
imbalance).

Due to GPU memory constraints, batch size of 2 was used across experiments.
Training was performed on a SLURM-managed GPU computing cluster, using a
single NVIDIA GeForce RTX 2080 Ti GPU (11 GB GDDRG®) per job, with 4 CPU cores
(Intel Xeon Gold 6226) and 10 GB of RAM allocated, running Ubuntu Server 20.04
LTS with CUDA 11.2 and mixed-precision computation - in which most operations
use lower-precision (16-bit) floating-point numbers while numerically sensitive
operations retain full (32-bit) precision, reducing memory usage and training time. All
eight channel-and-architecture configurations were trained sequentially within this
allocation.

Following training, each model was evaluated on its corresponding test set using
Intersection over Union, Dice coefficient, pixel accuracy, precision, recall, F1-score,
and specificity, computed per patch and aggregated across the test set.

All models were implemented and trained using TensorFlow with its Keras API.
Experiment tracking, including the logging of evaluation metrics and trained models
for each configuration, was handled using MLflow. Training was carried out on a
SLURM-managed GPU computing cluster, allowing multiple channel-and-architecture
configurations to be trained as separate jobs.

4.2 Results and Analysis

Table 2 reports the test-set performance of both architectures across all four
spectral channel combinations introduced in Section 3.3. As expected for binary
segmentation, the Dice coefficient and F1-score are computed from an algebraically
equivalent formulation and therefore coincide numerically throughout the table, both
are reported for consistency with Table 1.
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Channel | Archit | loU Dice Pixel | Precis | Recall | F1 Specifi

combina | ecture Acc. ion city

tion

RGB-NIR | U-Net [0.7995 (0.8886 | 0.9520 [ 0.9172 | 0.8616 | 0.8886 | 0.9778

RGB-NIR | Dense | 0.7984 | 0.8879 [ 0.9499 [ 0.8815 [ 0.8944 | 0.8879 | 0.9657
U-Net

RGB-RE |U-Net [0.7983 [(0.8878 | 0.9519 [ 0.9195 | 0.8583 | 0.8878 | 0.9786

RGB-RE |Dense | 0.7981 | 0.8877 [ 0.9521 [ 0.9252 | 0.8532 | 0.8877 | 0.9803
U-Net

Green-R [ U-Net [0.8052 | 0.8921 | 0.9530 | 0.9067 | 0.8780 | 0.8921 | 0.9743

E-NIR

Green-R [ Dense [ 0.7831 | 0.8783 | 0.9472 | 0.8972 | 0.8602 | 0.8783 | 0.9720

E-NIR U-Net

RGB U-Net |0.7519 [0.8584 | 0.9423 | 0.9392 | 0.7904 | 0.8584 | 0.9855

RGB Dense | 0.5916 [ 0.7434 | 0.9073 | 0.9589 | 0.6070 | 0.7434 | 0.9926
U-Net

Table 2: Test-set evaluation metrics for all eight trained configurations.

Figure 14 visualizes the Dice coefficient and loU across all eight configurations,
grouped by spectral channel combination.
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Figure 14: Test-set Dice coefficient and loU across all eight trained configurations, grouped
by spectral channel combination and colored by architecture.

Effect of spectral channel combination

The three combinations that include a near-infrared or red-edge band, marked
as RGB-NIR, RGB-RE, and Green-RE-NIR - achieved consistently high and closely
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clustered performance (Dice between 0.878 and 0.892, loU between 0.783 and
0.805) regardless of architecture. This is consistent with the spectral properties
discussed in Section 3.3: healthy vine canopy reflects strongly in the near-infrared
and red-edge regions relative to soil and inter-row background, which produces a
stronger and more separable signal for the segmentation model to exploit than the
visible spectrum alone provides. The pure RGB combination, which lacks any such
band, achieved a visibly lower Dice coefficient with both architectures (0.858 with
U-Net, 0.743 with Dense U-Net), supporting the interpretation that access to a
near-infrared or red-edge band is the primary driver of segmentation quality in this
task, more so than the specific choice of architecture.

Effect of architecture

U-Net outperformed Dense U-Net on every one of the four channel
combinations tested, though the size of the gap varied considerably: negligible for
RGB-NIR and RGB-RE (differences below 0.001 in Dice), moderate for
Green-RE-NIR (0.014), and substantial for RGB (0.115). This pattern suggests that
the additional representational capacity of the densely connected blocks did not
translate into a modelling advantage for this task, and that Dense U-Net's larger
memory footprint and deeper block structure may have made it more susceptible to
the training instability discussed below.

The RGB + Dense U-Net result

This configuration stands out as a clear outlier, with the lowest scores on
every metric except precision and specificity, where it is in fact the highest of all eight
configurations (precision 0.9589, specificity 0.9926). Combined with its markedly
lower recall (0.607, the lowest of all configurations), this indicates that the model did
not become confused about the appearance of a vine row; when it predicted the row
class, it was correct more often than any other configuration. Rather, it became
overly conservative, failing to detect a substantial share of the true row area. This
asymmetric failure mode - high precision, low recall - is more consistent with a model
whose training was disrupted before it could converge to a confident decision
boundary than with a model that learned an incorrect representation of the input.

Training dynamics and overfitting

Figure 15 compares the per-epoch training and validation curves (loss and
Dice coefficient) of the best-performing configuration (Green-RE-NIR + U-Net)
against the RGB + Dense U-Net run. In the well-behaved run, training and validation
curves remain close throughout all ten epochs, with the validation curve showing the
ordinary epoch-to-epoch noise expected from a limited validation set but no
systematic widening gap - indicating that overfitting was not a significant concern
under the regularization settings used (dropout of 0.1 and early stopping, Section
4.1). The RGB + Dense U-Net run shows the same healthy behaviour through epoch
eight, with training and validation curves tracking closely. In the final two epochs,
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however, validation loss rises sharply (from 0.325 to 0.569) and validation Dice
collapses (from 0.839 to 0.694), while the training curve continues its smooth,
unremarkable trend. This late, abrupt divergence - rather than a gradual widening
gap from early in training - is not the signature typically associated with overfitting,
and is instead consistent with an external disruption to the training process late in the
run rather than a genuine failure of the model to generalize. This is discussed further
as a limitation below.

Green-RE-NIR + U-Net (best-performing configuration) RGB + Dense U-Net (disrupted training run)
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Figure 15: Per-epoch training and validation curves (loss and Dice coefficient) for the

best-performing configuration (Green-RE-NIR + U-Net, left) compared against the RGB +
Dense U-Net run (right), illustrating the late-epoch divergence in the latter.

Qualitative results

Figure 16 shows predictions from the best-performing configuration
(Green-RE-NIR + U-Net) on five test patches spanning a range of ground-truth row
coverage, selected by percentile rank rather than manual curation. For patches
containing no rows, isolated row segments, or a single large row spanning most of
the patch, the predicted mask closely matches the ground truth in both presence and
approximate geometry. The intermediate examples illustrate the two main sources of
residual error observed across the test set: for patches containing several oblique
row segments, the model correctly locates each region but does not always
reproduce its precise boundary or extent; and for a patch containing a single small,
irregularly shaped row occupying a minor part of the patch, the model detects only a
fragment of the true row area. This latter behaviour is consistent with the per-image
variability discussed below, and indicates that segmentation quality degrades on
small or atypically shaped row instances even in the best-performing configuration.

35



Figure 16: Qualitative segmentation examples from the best-performing configuration
(Green-RE-NIR + U-Net) on five test patches spanning a range of ground-truth row
coverage. Columns show, left to right: input image, ground truth mask, and predicted mask.

Per-image variability

In addition to the pooled test-set metrics in Table 2, per-patch metrics were
also computed and averaged across the 1,656 test images for each configuration.
This per-image analysis confirms the overall ranking of configurations but reveals
substantially larger variability for RGB + Dense U-Net (mean per-image loU of 0.583
with a standard deviation of 0.308) compared to the other seven configurations
(standard deviations of 0.26-0.29 on a higher mean), indicating that its lower
aggregate performance stems partly from a subset of images segmented
considerably worse than average, rather than a uniformly moderate degradation
across the entire test set.

To assess whether segmentation quality is sensitive to the drone altitude simulated
through the patch-scale augmentation described in Section 3.4, the best-performing
model's test-set predictions were also broken down by source patch size. Table 3
reports pooled evaluation metrics separately for patches upsampled from 256x256
(simulating lower altitude), native 512x512 patches, and patches downsampled from
1024x1024 (simulating higher altitude). For computational feasibility, the native and
256%256 groups were evaluated on a random sample of 300 test patches each, while
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the 1024x1024 group - comprising only 72 test patches in total - was evaluated in
full.

Simulated Source scale | n loU Dice [ Precisi | Recall | Specif

altitude on icity

Lower altitude |256—512 300 |0.805 | 0.892 | 0.911 0.874 |(0.974
(upsampled)

Native 512 300 [0.820 | 0.901 [0.905 |0.898 |0.975

(unmodified)

Higher altitude | 1024—512 72 |10.777 | 0.875 [0.844 |0.908 |(0.970
(downsampled)

Table 3: Test-set metrics for the best-performing configuration (Green-RE-NIR + U-Net),
broken down by simulated flight altitude.

Native-resolution patches achieved the highest scores, with the upsampled
(lower-altitude) patches close behind and the downsampled (higher-altitude) patches
showing the largest, though still modest, drop in loU and Dice. This asymmetry is
consistent with the nature of the two resizing operations: upsampling from 256x256
interpolates from genuinely finer real-world detail, whereas downsampling from
1024x1024 averages multiple real pixels into one, discarding fine boundary
information between rows and inter-row soil that the model relies on. Figure 17
illustrates this qualitatively for one representative test patch per altitude group,
showing the predicted mask decomposed into true positive, false positive, and false
negative regions: the proportion of boundary-region errors (false positives and false
negatives) visibly increases at the higher simulated altitude, while the core of each
detected row remains correctly classified across all three altitude conditions. This
indicates that the model's overall ability to locate vine rows is robust across the
tested range of simulated altitudes, with boundary precision being the primary factor
affected by reduced source resolution.
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Ovarlap
Ground truth Predicted mask (green=TP, red=FP, blue=FN)

Input image

256->512 (lower altitude)

512 native
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Figure 17: Prediction overlap by simulated flight altitude, for one representative test patch per
altitude group (Green-RE-NIR + U-Net). Rows correspond to lower altitude (256—512, top),
native resolution (middle), and higher altitude (1024—512, bottom). Columns show, left to
right: input image, ground truth, predicted mask, and the prediction-ground truth overlap
(green = true positive, red = false positive, blue = false negative).

5. Conclusion and Future Work

Experimental results presented in Chapter 4 show that spectral bands
sensitive to vegetation health, near-infrared and red-edge, enable substantially more
accurate row segmentation than visible-spectrum imagery alone, with the best
configuration reaching a Dice coefficient of 0.89 on held-out test data. These findings
offer a concrete basis for selecting sensor and model configurations when deploying
such a system for real-world UGV navigation.

Precision agriculture increasingly depends on the ability of autonomous
systems to perceive their environment accurately enough to act on it. This thesis
addressed one concrete instance of that challenge: teaching a segmentation model
to reliably distinguish vineyard rows from surrounding soil and vegetation in UAV
imagery, as a foundation for guiding an unmanned ground vehicle through the
vineyard's inter-row spaces. Two encoder-decoder architectures, U-Net and Dense
U-Net, were trained and evaluated across four spectral channel combinations: RGB,



RGB-NIR, RGB-RE, and Green-RE-NIR - using manually digitized vine-row polygons
as ground truth.

The results point to a clear, actionable conclusion: the presence of a near-infrared or
red-edge band, not the choice between U-Net and Dense U-Net, is what determines
segmentation quality in this task. All three channel combinations incorporating such a
band reached Dice coefficients above 0.87, tightly clustered regardless of
architecture, while the purely visible-spectrum RGB combination performed
measurably worse - consistent with the well-established spectral distinctiveness of
healthy vine canopy in the near-infrared and red-edge regions relative to soil and
inter-row background. Between the two architectures, U-Net matched or
outperformed the more complex Dense U-Net on every channel combination tested,
suggesting that for this task, architectural complexity is a less productive investment
than sensor selection.

These findings are not without qualification. Each configuration was trained once
rather than across multiple random seeds, so the narrow spread among the three
near-infrared/red-edge combinations (Dice coefficients between 0.878 and 0.892)
should be read as a close grouping rather than a definitive ranking. Training was also
carried out on a shared GPU cluster, and the RGB + Dense U-Net run in particular
was disrupted late in training - visible as a sharp divergence between training and
validation performance in its final two epochs - meaning its comparatively low score
likely understates what that combination could achieve under stable conditions.
Evaluation was further limited to a single study site and acquisition campaign, leaving
generalization to other vineyards, growth stages, and seasons untested.

Addressing these limitations - repeated training runs for statistical confidence, a
clean re-run of the disrupted configuration, and evaluation across additional sites -
would sharpen the conclusions drawn here. But the core result already stands on
solid ground: reliable, high-accuracy row detection is achievable from UAV imagery
with a comparatively simple architecture, provided the sensor captures the right part
of the spectrum. Coupled with a path-planning layer and validated through field trials,
this positions row segmentation as a practical, near-term building block for
autonomous navigation in precision viticulture - bringing the vineyard a step closer to
the technology-assisted future imagined at the outset of this work, without losing
sight of the tradition it is built on.
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