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Abstract

Planting new saplings at clear-felled areas is an expensive and demanding task for forest owners. To improve
e�ciency and consistency, S�odra Skogs�agarna has initiated a project to develop an autonomous vehicle to plant
new saplings in clear-felled areas. A crucial function of the system is how to select the planting spots.

This thesis aims to create a deep learning-based computer vision model to locate favorable planting spots.
A stereo camera that provides RGB-D data from di�erent scenes, where a sapling should be planted, will
be used. The created model takes this data as input and returns the coordinates of two proposed plant-
ing spots. The model is based on a YOLO network for object detection and two di�erent implementations
of U-Net networks for segmentation. The algorithm was able to �nd good planting spots in 81% of the test cases.

A discussion of the most common reasons why the model occasionally proposes invalid planting spots and
suggestions on how to solve these problems are given. Suggestions are also given on how the project group could
proceed with the project and improve the system. The main conclusions are that a better suited camera than the
one used in this thesis should be used and that more data should be collected to increase the models robustness.

The code for the �nal system can be found in the repository https://github.com/Birken666/Master-Thesis.

Keywords: Computer Vision, Stereo Vision, Machine Learning, Object Detection, Semantic Segmentation,
Forestry, Tree Planting
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Nomenclature

RGB-D Red Green Blue - Depth
ANN Arti�cial Neural Networks
CNN Convolutional Neural Networks
Pixel Picture Element
kNN k-Nearest Neighbour
IoU Intersection over Union
NMS Non-Max Suppression
API Application Programming Interface
YOLO You Only Look Once
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1 Introduction

Sweden has a vast forest cover with abundant forest resources, where almost 70% of the land area is covered
by woodland [1]. Since early industrialization, forests have played an important role in Sweden's economic
development, and, among many di�erent purposes, trees can be used to produce paper, clothing, bio-fuels and
energy [2]. The largest forest owners association in Sweden is called S•odra, an international forest industry
group with more than 5000 forest owners [3]. In 2018 the members collectively owned 2.5 million hectares of
forest, and their trees are regularly felled and replanted to make use of the renewable material [4].

After clearing an area of trees, S•odras current method for planting new trees involves using a machine
to prepare the soil and then manually placing the saplings on the prepared ground. While this method provides
good conditions for saplings to grow, both present di�culties for both S•odra and the vegetation. For example,
common methods for soil preparation, such as harrowing, often prepare an excessive amount of ground and
cause unnecessary damage to surrounding vegetation, signi�cantly reducing the presence of lichens [5]. Manual
planting of saplings, on the other hand, does not damage the area, but is dependent both on the availability of
workers and on their ability to identify good planting spots [6]. To solve these problems, S•odra initiated a
project called BraSatt in 2020, whose objective is to develop an autonomous planting vehicle. The planting
vehicle, calledE-Beaver, is an 8-wheeled machine, split into a front and rear half, using what is called an
articulated steering system to navigate. A large excavator is mounted on the back of the E-Beaver, from where
the preparation and planting of the saplings will be carried out. The goal of the project is for the vehicle to
autonomously navigate through the terrain, select a valid planting spot, prepare the speci�c patch, and lastly
place a sapling at the prepared area.

Among the six other companies working on the complete project [7], the engineering and consult agency
Bit Addict AB is in charge of developing the control system and automating the navigation and planting
aspects of the vehicle. The purpose of this report is to, under the supervision of Bit Addict AB, develop a
method that autonomously identi�es good planting spots that o�er the saplings good conditions to grow.

1.1 Purpose and Scope

The E-Beaver uses an excavator mounted on the robot to dig planting holes and then plant the saplings. The
planting spot is prepared by pressing the excavator bucket down into the ground, and if the resistance passes a
certain threshold, the machine stops and assumes that it cannot dig in this particular area. Trying to dig in a
spot can be both time and energy consuming, and it is therefore desirable to make as few failed attempts as
possible. To reduce the risk of encountering invalid spots, a stick can be inserted into the ground to perform a
small-scale test before trying to dig. Although this saves some time and energy, this system can be taken one step
further. Instead of blindly inserting the stick into the ground at di�erent locations, the system can gather and
analyze image data from the scene before selecting a spot. For areas where it is possible to see common obstacles
or other undesired obstructions from above ground, a camera can be used to directly infer these areas as invalid.

This is where this thesis project comes in - by using computer vision methods, the goal is to identify,
locate, and propose valid planting spots to be validated by the stick. The purpose is to make the system more
e�cient in time and energy than inserting the stick into blindly selected areas. Furthermore, using computer
vision, the system can also try to �nd optimal planting spots and not just valid planting spots, in an attempt
to optimize the growing conditions for the sapling. For example, convex areas usually indicate a lower risk of
drowning the plant, and therefore planting a sapling in such an area can increase the probability of it surviving.

1.2 Limitations

The ambition from S•odra is for the entire planting cycle to last approximately 30 seconds on average per
sapling. At each location where the E-beaver stops, the goal is to plant two saplings. This means that a total
of one minute can be spent moving from one location to the next, selecting two planting spots, and �nally
planting two saplings. Furthermore, each planting spot should be at least 0:45x0:80 meters, as these are the
dimensions of the excavator bucket needed to prepare the area. The two planting spots also need to be at least
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one meter apart from each other, to prevent the trees from interfering with each other when they eventually grow.

The aim of this thesis is to provide a proof of concept, which means that the proposed method can be
optimized further. As no suitable preexisting data sets was found, a custom data set was made to train the
machine learning models. A major limitation with the custom data set is that the data, collected in clear-felled
areas, could only be collected during two di�erent days and at two di�erent locations. Therefore, the weather
and lighting conditions are very limited in the data set, only containing images from those two days.

1.3 Optimal Planting Spots

The task of �nding good planting spots in clear-felled areas can be di�cult. The areas are often �lled with
many di�erent visible obstacles, such as stumps, rocks, and felled trees. Additionally, there can also be more
objects below the ground that are not visible from above, which also restricts the ability to dig planting holes.
Although the presence of these underground obstructions can be di�cult or even impossible to determine using
only computer vision, visible objects can be identi�ed and ruled out to create a list of possible valid planting
spots: a list of places where it should bepossibleto plant a sapling. However, if the location and types of
obstacles in the scene can be determined, it may be possible to compare these spots not only to �nd a possible
planting spot, but also an optimal spot; a planting spot that provides conditions that increase the long-term
survival of the sapling. An optimal planting spot can be de�ned by following a few rules:

Planting close to a stump is a good rule of thumb that can overrule many other cues. If there is a stump
at a certain location, it means that there has been a tree that has grown at the same spot earlier. Natu-
rally, this leads to the conclusion that the conditions for growing a tree are good enough at that location.
Evidence that this is a good planting spot is already there, and no guessing or inference should be made
about whether the planting spot is good or not. With this information in mind, although stumps need to
be avoided directly, it is still desirable to plant close to them. However, a problem with stumps is that
even if the body of the stump is avoided and the excavator tries to plant close to the stump, there can be
large roots below ground that belong to the stump but are not visible. Sometimes, the beginning of these
roots can be seen on the stump as they descend into the ground; see Figure 1.1. In these cases, it is possi-
ble to locate them and then try to plant in an area close to the stump, for example, between two visible root legs.

Figure 1.1: An example of a stump with visible roots above ground. These roots continue down underground,
and can not be seen in the image. While they need to be avoided, it is still favorable to plant a sapling close to
the stump.

There are also a few common obstacles that usually lie above the ground and that simply need to be
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avoided. The �rst are rocks that lie above the ground. They can vary in size, and it is important to distinguish
between small rocks and large rocks. The former will not be a problem for the excavator, whereas the larger
ones are too massive to dig through and, therefore, need to be avoided. In addition to rocks, there are also
large pieces of wood, usually sticks or felled trees. Sticks tend to be smaller, whereas fallen trees tend to be
larger. These are handled in the same way as rocks; the large ones need to be avoided, as they can hinder the
excavator from digging, whereas the smaller ones can be possible to dig through.

As mentioned above, �nding possible planting spots is only part of the problem. It is also important to
�nd a good environment for the sapling to grow. Young saplings can be weak, and, for example, planting one
where there is too much water could end up drowning the sapling. In places where it has been raining, small
pools of water can gather if there are cavities in the ground. These pools of water should be avoided, as they
otherwise could drown the sapling. However, the E-Beaver will sometimes be used during a sunny day when
there is not much water in the clear-felled area. In these cases, a sapling could accidentally be planted in a cavity
or a low spot in general, and then, when it rains, the water could gather in these spots and end up drowning
the plant. To avoid this, an easy but e�ective rule of thumb is to choose a planting spot that is as high as possible.

All of these rules can be summarized in the following list of bullet points. These have been the guidelines for
identifying an optimal planting spot throughout the project.

ˆ Avoid rocks

ˆ Avoid large sticks

ˆ Avoid fallen trees

ˆ Avoid stumps - but try to plant close to them

ˆ Avoid water

ˆ Try to plant as high up as possible

1.4 Related work

There has been a lot of research in the broad �eld of computer vision, and some of the work relates to this
project. One project that had a similar goal is the paperStereo Vision Based Tree Planting Spot Detection.
That project has a great similarity to this thesis project in some areas; however, the approach was very di�erent.
In that paper, the planting spots are inferred using a 3D Implicit Shape Model (IMS), where the 3D shape is
constructed using a Stereo Camera. Following this method, a 3D point cloud using stereo vision is created, and
then a good planting spot can be found by detecting mounds in the point cloud. Fast Point Feature Histograms
(FPFHs) are used to extract features at each position in the point cloud; then an algorithm is trained based
on these features to create a contextual system to choose the planting spot. Shortly, this works by training
a codebook, which consists of severalcodewords, where a codeword is a centroid of k-means clustering of the
FPFH features. All of these codewords will cast a vote on where it thinks the best planting spot is. Prede�ned
planting spots are used as data to train the codewords on how they should propose a planting spot, relative to
their own position. In the inferring stage, the FPFH will be calculated for all feasible points in the point cloud,
and the points will vote for the new planting spot according to the codeword to which they are assigned. This
system will then directly infer a decision for the planting spot, which will be fully based on the shape of the 3D
point cloud [8].

The ambition for this thesis, however, is to infer the planting spots by avoiding obstacles that could prevent
the machine from planting a sapling. The work in Implementation of a System for Real-Time Detection and
Localization of Terrain Objects on Harvested Forest Land investigates the possibilities of detecting objects in a
forest environment. The article was helpful at the beginning of the project, as it showed that object detection
is e�ective for the kind of objects that are relevant for this project [9].

The PhD-Thesis of Ahmed Ostovar is another relevant work. The topic of this thesis is object detection and
recognition in outdoor environments. It provides a good summary of many di�erent techniques and methods
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that can be used to detect objects in cluttered environments, similar to the forest environment that the
researchers used in these projects [10].

1.5 Contribution

While the project Stereo Vision Based Tree Planting Spot Detectionexists, which had a similar goal as this
one, this project attempts to contribute what that project was missing. One of the conclusions in that paper
was that "Additionally, most of the errors in the detection were explicable and the detection performance could
be enhanced by removing the most obvious error sources, such as tree stumps, before attempting to plant".
Although that project tries to �nd an optimal planting spot only based on 3D IMS, it does not take into
account any visual obstacles. Therefore, this project solves what this paper is lacking without re-inventing
what has already been done in that project. AlthoughStereo Vision Based Tree Planting Spot Detectionwas
the most similar project found, it is still di�cult to compare the results. The reason is that the results shown
in that project describe the performance of a model that detects mounds created by a continuously operating
spot mounder [8]. This thesis, however, shows a model that �nds planting spots in clear-felled areas where the
excavator can then dig.

Although a model is created that is able to detect and locate many obstacles in the forest, the model is
not necessarily perfect. However, since we contribute a large data set relevant to the task, this can be used to
train new models and then create even better algorithms. Therefore, the contribution of the data set, which
can be used to train object detection models, segmentation models, and testing of arbitrary models, is also an
important contribution.

Suggestions on how to continue the project are also provided. From the results of this project, indica-
tions are shown on which methods could work in the future to create a model that is supposed to locate an
optimal planting spot used in the conclusive BraSatt project. A tool was also created to create segmentation
data with a four-channel input. The tool can be used to annotate new data if the images are taken with a
similar camera and one wants to create RGB-D data as input to a single-class semantic segmentation network.

The �nal model can be seen as a proof of concept. It shows that the method proposed in this thesis
could be used to solve the task of �nding planting spots. Together with the results, the method provides an
important step toward autonomous tree planting. Although the results are not perfect, using the proposed
method as a framework, an even better model could be created by using more data and better sensors.
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2 Theory
In this project, deep learning based computer vision methods are the main subject. All the methods and results
are somehow related to the �eld of computer vision. Therefore, the most important concepts are explained in
this chapter to introduce some concepts to the reader, so that it will be easier to understand the rest of the
report. In this chapter, the theory behind the most important techniques used in this project will be presented.

2.1 Computer Vision

For many years, researchers have been working on trying to make computers able to see. This task has shown
to be much more di�cult than what was initially expected, since the way humans and other animals perceive
reality was thought to be less complicated than it actually is. Research has now been going on for many years
on the subject, and the �eld has expanded into multiple subcategories, that can be collected under the term
of computer vision [11]. To sum up the term, computer vision is a �eld of research regarding problems that
involves images or image data in general. Many di�erent kinds of problems can be included under the term,
such as object detection, person tracking and stereo matching [12]. In recent years, there has been a rapid
development and the understanding of the �eld has grown a lot. Tasks that seemed impossible earlier can now
be solved with modern methods.

Because of the greatly increased computing power and popularity of arti�cial intelligence, deep learning
(DL) has been introduced in many di�erent �elds, especially computer vision. Many state-of-the-art methods
used in the �eld are nowadays based on deep learning. These methods, however, often use concepts from the
traditional �eld of computer vision, and combine them with for example neural networks [13].

Before diving in to the modern methods of computer vision using neural networks, a few important con-
cepts from traditional computer vision will be explained.

2.1.1 Image Representation

A color image can be represented as three matrices of equal size, corresponding to the red, green and blue
(R,G,B) values of the image. Usually, the pixel values have an 8-bit depth, and therefore each matrix element
can consist of any integer value between 0 and 255, denoting the intensity of each color that should be displayed
in each pixel. If a depth mapis provided, one can also produce an RGB-D representation of an image. Here,
the fourth D-channel represents the distance (or disparity) value for that pixel, with respect to the camera.

2.1.2 Stereo Vision

When using a single camera, it is not possible to infer the 3D world coordinates of the points in the image.
When using two cameras, however, it is possible to usestereo matching to calculate the position of the point
and thus receive a depth map [12]. The principle is that, by using two cameras mounted close to each other,
two slightly di�erent images of the view can be produced. By �nding corresponding points in the two images,
one can calculate the distance to that point using triangulation, see Figure 2.1. One of the most di�cult tasks
of stereo vision is point matching, i.e. �nding the points in the two images that are corresponding.

2.1.3 Fisheye Lens

Another important concept in computer vision is the phenomenon that occurs when the camera lens has a
convex shape. This leads to an e�ect described as radial distortion, often called the �sheye e�ect, see Figure
2.2. This occurs because the convex shape of the lens bend the light di�erently depending on where the light
rays hit the lens. The lens breaks the light with a larger angle closer to the edge, and smaller angle closer to
the middle, which leads to a distorted projection of the image. A major bene�t of using a convex lens is that
the lens can acquire a very wide angle of view.

To deal with the radial distortion of the images provided by the �sheye lens, one can perform arecti�-
cation of the image. By remapping the pixels in the raw image data, a rectilinear perspective of the image can
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Figure 2.1: Illustration of how triangulation works between two images, to obtain the Z-coordinate of a point.
P is the point in the real world, and the objective is to �nd the coordinates ofP. Pl and Pr are the projections
of the point P in the left and right camera, respectively. Ol and Or are the camera centers of the left and right
camera. B is the baseline, which corresponds to the horizontal distance between the two camera centers. The
equation to �nd the Z-coordinate is then described asZ = fB

B � c , where f is the focal length of the cameras andc
is the distance betweenPl and Pr .

Figure 2.2: Illustration of how the �sheye lens breaks the light di�erently depending on where it hit the lens. In
practice, the light usually go through a few more lenses before projecting the image. Note that the rays that
enter from a very wide angle are still able to hit the lens, and break into the receptive �eld, due to the convex
shape of the lens.

be acquired. The radial distortion is governed by the following in�nite sum:

� x = x(k1r 2 + k2r 4 + :::)

� y = y(k1r 2 + k2r 4 + :::)

where r 2 = x2 + y2 and k1; k2; ::: are radial distortion parameters: One or two are usually enough to model
distortion for real-life applications. These equations can then be used to correct the distortion using interpolation
[14].

2.2 Arti�cial Neural Networks

An Arti�cial Neural Network (ANN) is a computational network that, in a gross manner, attempts to mimic
the inner workings of a mammals central nervous system [15]. As the name implies, it is a network of multiple
neurons, through which the data is propagated. A network can have multiple layers of neurons, calledhidden
layers, with a varying number of neurons per layer. A standard ANN propagates in a linear fashion, where
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each neuron receives its input from the output of all of the neurons in the layer before it. This raw input is
then multiplied by an individual weight, which in turn are summarized, and abias is added. Lastly, this value
is passed through a non-linearactivation function . A schematic overview of how a single neuron works can be
seen in Figure 2.3. Figure 2.4 depict a schematic overview of afully connected deepneural network, with 3
input neurons, 2 hidden layers with 5 neurons each and 2 output neurons. The network is described as fully
connected, clarifying the general structure of all neurons in a layer being connected to all layers in the previous
layer. It is also described as deep, meaning that there are multiple layers between the input and output layer
[16].

Figure 2.3: Schematic overview of the mathematical operations being executed when propagating input through a
neuron.

Figure 2.4: Schematic overview of an example of a neural network with 3 input neurons, 2 hidden layers, with
5 neurons each, and 2 output neurons.x and y are the inputs and outputs, respectively, whileW (n ) and b (n )

corresponds to the weights and biases for layers(n ) .

The activation function, denoted ' in Figure 2.3, is needed to introduce non-linearity to the equation. Without
it, the neural network could essentially be reduced to a linear regression model that would not be able to
capture non-linear patterns. There are many di�erent activation functions, but some of the most common are
the hyperbolic function tanh, the sigmoid functions, and Recti�ed Linear Unit (ReLU); see Figure 2.5.

7



Figure 2.5: Comparison between three common activation functions: ReLU (max(0; x)), Sigmoid ( 1
1+ e� x ) and

tanh(x).

In total, the value of a neuron s is de�ned as:

s = '

0

@
X

j

Wj x j + b

1

A (2.1)

Unlike other conventional algorithms, ANNs can solve a wide variety of complex problems, such as non-linear
or stochastic problems, while using simple computational operators, such as addition and multiplication [17].
The correctness of the network predictions is calculated using aloss function, a metric to quantify the di�erence
between a known ground truth value t and the output of the network y . A common choice of loss function is
Mean Squared Error (MSE), de�ned as

L =
1
2

X

i

(t i � yi )
2 (2.2)

The weights between the neurons, and thebiasesof each neuron, are often randomly initialized and then
iteratively updated to converge towards a local minimum of the loss function using some sort of optimization
method. This update process is calledbackpropagation, and the weights are updated with respect to the loss
function. A common optimization method is gradient descent, which increments the weights in the following
manner:

�W (k )
mn = � �

@L

@W(k )
mn

(2.3)

Here, the small parameter� > 0 is a predetermined learning rate that scales the magnitude of each descent.
The derivatives of the loss function are evaluated using the chain rule: for the last weightW (3) in Figure 2.4,
the chain rule is applied once to obtain:
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And then once again:
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Which can be written as:
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Here, � im is the Kronecker delta: � im = 1 if i = m, and zero otherwise. The biases are updated in a similar
way:

�b(k )
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For b (2) , this yields:
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2.2.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are a class of ANNs, often used for object recognition and pattern
detection in image data. While regular fully connected ANNs can be applied to solve a broad variety of
problems, its major drawback is the large number of parameters, often leading to excessive complexity which,
in turn, can penalize the overall learning of the network. To combat this, CNNs are mainly based on a di�erent
type of layer, namely convolutional layers. The purpose of the convolutional layer is to extract speci�c features
of the input image and reduce its dimensionality, often applying a fully connected layer in the end to perform
the actual task at hand.

Through the convolutional layer, the input image is gradually exposed to kernels, (sometimes called�l-
ters), and the dot product between the image patch and a kernel is calculated. Using backpropagation, each
kernel learns to recognize certain patterns or features, such as edges or squares. Since these features occur in
multiple parts of the images, the same kernel and its corresponding values are used on all parts of the input,
leading to a greatly reduced complexity compared to a fully connected ANN. Figure 2.6 illustrates how a kernel
is gradually applied to an input image.

Figure 2.6: A 4x4x3 RGB input image is being passed through a2x2x3 kernel, yielding a single value as output
per patch. A pre-determined stride determines how much the kernel will shift each step. Here, the stride is set
to 2 and the complete output will be a2x2 matrix.

One of the most straightforward applications of a CNN is to classify an image. For example, it can be used to
predict whether an image contains a cat or a dog. However, classi�cation only takes into consideration a single
class for the entire input image. If there are multiple objects in the same image that need to be identi�ed, one
needs to use a method called object detection instead. Object detection is the task of detecting one or multiple
objects in an image by drawing a bounding box around them, and then classifying these boxes. The bounding
boxes both classify what object lies inside them, as well as �nding the location of the objects in the image.

2.2.2 YOLO

You Only Look Once (YOLO) is an object detection algorithm that gained a lot of attention when it was
released in 2016, due to its speed compared to other methods at the time. As the name implies, the algorithm
only passes through the image once. It is a neural network that takes an image as input and outputs bounding
box coordinates with class probabilities for each bounding box. The �rst step of the YOLO algorithm is to
divide the image into a grid of S x S cells.

Each cell tries to detect an object by proposingB bounding boxes with the corresponding con�dence scores.
The proposed bounding boxes containx- and y-coordinates of all bounding box centers,width and height of the
boxes, and acon�dence score that an object appears in the box. Furthermore, each cell predictsconditional
probabilities for each class. The con�dence score indicates both the con�dence that the predicted bounding box
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contains an object, but also how accurate the box is. The con�dence is de�ned asPr (object) � IoU truth
prediction ,

where IoU is the intersection over union, illustrated in Figure 2.7.

Figure 2.7: Intersection over Union illustrated. As the name implies, the intersection is the shared area between
both sections, while the union is the total area of both sections.

While the con�dence score estimates a general certainty thatany object is inside the box, the class probabilities
determine what particular class the objects is most likely to be in the bounding box. For a model withC
potential classes, each cell therefore returns a prediction ofB � 5 + C values [18]. The predictions are then
processed usingnon-maximum suppression(NMS), an algorithm to �lter out the best predictions among all
proposed bounding boxes [19]. The NMS algorithm can be summarized by the following steps, given a list of
all proposed boxesB tot and an initially empty list of �ltered proposals D :

ˆ Select the proposal with the highest con�dence score fromB tot and move it to D .

ˆ Calculate the IoU between the selected box and all other proposed boxes. If the IoU is greater than a
preset threshold value, the other prediction is removed fromB tot as it is assumed to represent the same
object, but with less accuracy.

ˆ Repeat this process untilB tot is empty.

The end result acquired from NMS is a �ltered list of predicted bounding boxes, where only the best-�tting
bounding box per object is saved; see Figure 2.8. Additionally, a preset con�dence threshold is often used to
�lter out predictions with low con�dence scores.

Figure 2.8: Proposed bounding boxes before (left) and after (right) non-maximum suppression is applied. Only
the box with the highest accuracy score is kept, while the others are discarded.
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2.2.3 YOLOv5

Ever since the �rst version of YOLO was published, the general method has been improved and new versions of
YOLO have been released. The latest major release is called YOLOv5, which is an open source repository where
constant changes are steadily being pushed. As of April 2022, the latest version of YOLOv5 is v6.1, which is
the version used for the �nal algorithm in this thesis. Among di�erent improvements from the original YOLO,
YOLOv5 also allows a selection of di�erent network sizes, ranging from a small-scaled nano to a large-scaled
XL version. The main di�erence between the sizes is the amount of kernels in the convolutional layers. Larger
scaled versions generally provide more accurate predictions, but take longer to train and infer [19].

Anchor Boxes

A feature that was not used in the original YOLO version is the use ofanchor boxes. The idea behind the
anchor boxes is that instead of the model creating a bounding box from nothing, it uses prede�ned anchor
boxes for each cell, which can be seen as default bounding boxes. The neural network then has to predict
a small o�set that slightly changes the anchor boxes, rather than predicting the geometrical features of the
bounding box.

Since every anchor box in YOLOv5 generates a bounding box, the output size of every cell is increased
to nanchors � (nclasses + 5). Furthermore, the class and objectnessis predicted for every anchor box in every
cell instead of just one class prediction per cell. Objectness represents how accurate the bounding box created
is according to the model, where the target objectness is de�ned as the IoU between the predicted bounding
box and the ground-truth box in training.

To initialize the anchor boxes, K -means clustering is used on the training data, whereK is the amount
of desired anchor boxes. Instead of creating the clusters using Euclidean distance, the distance is calculated
using:

d(box; centroid) = 1 � IoU (box; centroid) (2.9)

After clustering the bounding boxes from the training data into K clusters, the centroid of each cluster is used
as the initial guess for the anchor boxes. After initialization, an evolutionary algorithm is used to �ne-tune the
anchors according to the loss function used in training. By using the loss function from training as the objective
function in the evolutionary algorithm, the anchor boxes are tuned to yield a smaller loss for the bounding box
prediction priors, which should lead to smaller o�sets on average to �t the boxes. This recalculation of the
anchor boxes will be executed if the best possible recall for the anchor boxes is less than 98% for the data [19].

2.2.4 The Network Architecture of YOLOv5

To understand the full structure of the YOLOv5 model, it is a good idea to begin by trying to understand the
smaller building blocks of the model, which can be seen as modules.

The Conv Module

The Conv Module consists of a normal convolutional layer, followed by abatch normalization, and lastly a
Sigmoid Linear Unit (SiLU) activation function [19]. The purpose of batch normalization is to achieve faster
and more stable training, by normalizing the mean to zero and the variance to one for each mini batch, i.e. all
the data that the loss was calculated for[20]. The SiLU activation function is a modi�ed combination of the
previously mentioned sigmoid and ReLU functions, see Figure 2.5. In practice, SiLU looks like a continuous
approximation of ReLU, which for values with large magnitude are very similar. The SiLU function is computed
by multiplying the sigmoid with its input: x� (x) [21]. See Figure 2.9 for a schematic overview of the Conv
Module.

The C3 Module

The C3 Module is a CSP bottleneck (from "Cross Stage Partial Networks[22]) with 3 convolutions. This module
is built using the formerly described Conv Module and the concept of a CSP bottleneck. The idea is that
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Figure 2.9: The Conv Module. The return function from this module is computed in the following way:
y = SiLU( BatchNorm( Convolution(x) ) )

when going fromcin channels tocout channels in this module, two di�erent paths are used to create the output
channels from the input. Some, usually 50%, of the feature maps are created by only going through one Conv
module, while the other feature maps are created by propagating through a longer path consisting of sequential
bottlenecks. Both of the parts are then concatenated to get the full amount of output channels. Then, all of
the data goes through one �nal Conv module. See Figure 2.10 for an overview of the C3 Module. To brie
y
mention the workings of the bottlenecks, they propagate the input through two Conv Modules that return the
same amount of channels as the input[19].

Figure 2.10: The C3 Module. The return function from this module is computed in the following way:
y = Conv( Concatenate( BottleneckSequence(Conv(x)), Conv(x) ))

The SPPF Module

The Spatial Pyramid Pooling (SPPF) Module is, like the C3 Module, based on the Conv Module, but also
combined with the Max-Pooling layers. The purpose of this module is to �nd features of di�erent scales. With
every Max-Pooling layer, the feature map becomes coarser and the objects or features of larger sizes are more
likely to be found. In the end, the created feature maps of all di�erent scales are concatenated to �nd objects
or features of all di�erent sizes [19].

Using these modules as building blocks, the entire architecture of the YOLOv5 model, which can be seen in
Figure 2.12, can be split up in to three parts: the Backbone, the Neck and the Head.

The Backbone Structure

Backbone is a term commonly used in the �eld of deep machine learning, which refers to the part of the network
that extracts features. The backbone of YOLOv5 is based on CSPNet, mentioned in the C3 Module. The
purpose of creating the CSPNet was to deal with three problems: strengthening the learning capacity of a CNN,
removing computational bottlenecks (evening out the amount of computations between layers) and reducing
memory cost [22]. The backbone is built by alternating between Conv Modules and C3 Modules, and �nishing
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Figure 2.11: The SPPF Module. The return function from this module is computed in the following way:
y = Conv(Concatenate((x, MaxPool(x), 2*MaxPool(x), 3*MaxPool(x))

o� with an SPPF Module.

The Neck Structure

The neck is used to createfeature pyramids, whose purpose is to identify objects on di�erent scales. In YOLOv5,
Path Aggregation Network (PANet) is used as the neck of the model [19]. This method downsamples with
convolutional layers and then upsamples(increases thex-y-dimension of the image) the image data back and
forth between high resolution and low resolution to �nd objects/features on di�erent scales. In other words,
this method tries to use the information from all feature levels in the network rather than just using the
information from the last feature state. The motivation for the architecture is that early layers are usually
able to extract simple patterns and textures, while succeeding layers usually are able to extract more intricate
features representing speci�c objects. In the end, all kinds of features help classify the data; therefore, the
information from the early layers is also utilized when making the predictions. The neck uses ResNet as the
basic structure[19], wheref P2; P3; P4; P5g denotes feature levels of di�erent resolution generated by the feature
pyramid, with P2 as the highest resolution andP5 as the lowest. The idea is that larger objects will be found
in the coarser structures, i.e. larger P-levels, and smaller objects in the �ner grids, i.e. smaller P-levels.

By looking at the structure in Figure 2.12, one can see that the neck begins by stepwise upsampling, taking the
8x8 (P5) resolution output from the backbone and then upsampling it to 32x32 (P3). It then uses this P3
state, concatenates it with the P3 state from the backbone, and proposes bounding boxes on this latent state.
After this, the network downsamples the resolution with convolutions down to P4 and concatenates it with
the other P4 state in the neck, and proposes bounding boxes on this latent state. Lastly, it downsamples the
resolution with convolutions down to P5 and concatenates it with the other P5 state in the neck, and proposes
the last bounding boxes. This means that, prior to the bounding box proposals for every resolution stage, two
collections of feature maps of the same resolution are concatenated. The feature maps from a state that was
achieved by upsampling get concatenated with a state that was achieved from downsampling. The idea is
that the feature maps created by the downsampling will have more detailed information since the features are
created from convolutions on a higher resolution. On the contrary, the feature maps that are achieved from the
upsampling hopefully contain more contextual information, since they are created by upsampling coarser and
richer feature maps.

The Head structure

The Head calculates the �nal detections of the model. This is where the anchor boxes are applied, together
with the features to create the �nal output. As can be seen in Figure 2.12, the head detects bounding boxes at
three di�erent scales: P4, P4, and P5.
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Figure 2.12: Structure of the YOLOv5 network, built up by the Conv, C3 and SPPF modules. The numbers P2
- P5 represent the size of the feature maps at that stage, where feature maps at P5 are the smallest, consisting
of 8x8 matrices, and feature maps at P2 are the highest, consisting of 64x64 matrices. The bounding box
predictions are proposed at three di�erent scales: P3, P4, and P5, from the last three C3 Modules.

2.2.5 Semantic Segmentation

While object detection is an e�cient way to localize an object in an image, it does so by proposing a bounding
box around the item. Semantic segmentation, on the other hand, attempts to locate the exact position of
an item by classifying each pixel in an image as belonging to either a speci�c class or the background. An
illustration of the di�erence between semantic segmentation and object detection can be seen in Figure 3.1.

2.2.6 U-Net

U-Net is a well-established model architecture used for semantic segmentation [23]. The initial U-Net architecture
was introduced in 2015, but the original structure is often slightly modi�ed depending on the application. An
example of the network architecture can be seen in Figure 2.13. The general architecture of the network can be
split into two main parts: a contracting (or encoding) part on the left side, followed by an almost symmetrical
expansive (or decoding) part on the right side, yielding a U-shaped network. In the contracting part, the
input image is gradually being convoluted to a smaller latent space, resembling the architecture of a typical
convolutional network by applying regular convolutional layers with ReLU activation, followed by max-pooling
layers. In each step, thex-y-dimension of the input is reduced, while thez-dimension, or the number of feature
channels, is doubled. In the expansive part, the input is gradually passed through an upsampling layer, a
concatenation with the corresponding output from the contracting path, and convolutional layers with ReLU
activation. At each step in the expansive path, thex-y-dimension of the input is increased using the upsampling
layer, while the number of feature channels is halved using the convolutional layer. In Figure 2.13, the �nal
layer of the network uses a 1x1 convolution to map each 64-component feature vector to a single class integer.
Therefore, the �nal output of the network has the same x-y-shape as the input, but with a single integer value
denoting the pixels class index.
A major di�erence between U-Net and similar networks is the use of the copy and concatenating part, represented
by gray arrows in Figure 2.13. This connection provides information from multiple scales of the image size,
allowing the successive convolutional layer to assemble a more precise output based on this information [23].
Additionally, instead of assembling and training the network from scratch, a pre-trained CNN classi�er is often
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used for the encoding part, to help extract features to a latent space. Popular choices for encoder architectures
include state-of-the-art classi�ers such as Inceptionv3 [24], di�erent variations of ResNet [25], or VGG-16 [26].
They are often pre-trained on large-scale datasets, such as ImageNet [27]. The �nal classi�cation layer of
these networks is removed, so that the output of the encoding part only contains the feature extraction, rather
than the class prediction. The aim of the pre-trained classi�er, often calledbackbone, is to produce a better
feature extraction than an encoder trained from scratch and thus, by the use of transfer learning, increase the
performance of the U-Net network.

Figure 2.13: An example overview of how an U-Net architecture can look like. The input image is gradually
convoluted to a smallerx-y-size, while the depth (number of feature maps, denoted at the top or bottom of each
box), gradually increases on its way to the bottle neck. The di�erent operations are described in the bottom right
corner. In this example, the input of each convolution is padded so that the input and output have the same
x-y-shape. Adaptation of original image in [23].
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3 Method

The aim of the thesis can be divided into two main subtasks: (1) collecting and annotating a data set for
training and evaluating data-driven methods and (2) developing a method to identify valid planting spots based
on the collected data.

To create a custom data set for this project, it was important to keep all the potential obstacles in mind
when creating the data set. The approach to solve the subtasks was to begin by conceiving a rough idea of
what methods could be used to locate valid planting spots, then create a data set suited for these methods,
and �nally train and implement all parts of the model. Note that there were still many opportunities to test
di�erent architectures and models, although the type of method was decided. For example, images annotated
with bounding boxes are limited to models that predict bounding boxes, but there are many di�erent methods
and model architectures that can be applied to make such predictions.

3.1 Locating a Valid Planting Spot

The task of identifying valid planting spots can be de�ned in two di�erent ways: (1): Create a model that
directly recognizes an area as a valid planting spot, or (2): create a model that recognizes an invalid planting
area and then classi�es all other areas in the scene as valid planting areas. A decision was made to use the
latter method, since it is more straightforward to de�ne recurring obstacles than valid spots immediately. Later,
two more steps were added to �nd the optimal planting spot among the valid ones. In the end, the general
approach consisted of the following three steps:

1. Identify all visible obstacles and areas where the excavator cannot dig, such as large rocks, stumps,
and other common objects in the forest. These areas are ruled out, while the rest remain as possible planting
spots.

2. If there is a stump at the current location, try to locate an area close to it while still avoiding its
exact position, as it is expected that there are favorable growing conditions close to stumps as described in
Section 1.3. If a large enough area is found, without interfering with other obstacles, choose this as an optimal
planting spot.

3. The next step after trying to plant between the root stems is to spread the rest of the proposed planting
spots over the valid planting area. These proposals are ranked based on their altitude; spots that are higher up
are better, as explained in Section 1.3.

The goal is to plant two saplings at each location. Since it is likely that some proposed planting spots
will be invalid in practice, the model also needs to propose and rank additional planting spots as backup, in
cases where the excavator fails to plant at the proposed spot.

3.2 Non-Deep Learning Approaches

Many of the state-of-the-art deep learning methods can be computationally expensive to train and infer.
Because they are so complicated, it can be di�cult to analyze if something goes wrong, or why the method isn't
working. Therefore, using an interpretable model where one can understand what happens is usually preferable,
both because it is possible to understand the inner workings and because it is usually computationally cheaper.
Initially, a lot of time was spent trying to use di�erent interpretable machine learning models without neural
networks and other more straightforward techniques. An example of a non-deep learning method that was
investigated was clustering. By grouping the RGB-D data into di�erent clusters, based on similarities in color
or height above ground, it could be possible to group all pixels into di�erent subsets. The intention was for
each of these subsets to correspond to a speci�c type of obstacle. Another method that was explored was
thresholding: Since the stumps usually stick out a bit, the idea was that thresholding using the depth data
would be su�cient to �nd stumps. However, none of these methods yielded any good results. Furthermore, no
previous work showing successful results was found for similar tasks. Therefore, this project turned to deep
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learning methods since earlier work was found that showed successful results when using deep learning to solve
similar tasks.

3.3 Selecting Deep Learning Models

Detecting and locating objects in an image is a common task in computer vision. Two common types of output
that can be obtained from deep learning models are bounding boxes and segmentation masks, see Figure 3.1.
Bounding boxes are rectangular and provide general information about the position of an object. However,
they do not provide detailed information about the exact pixels that the object covers. This means that it is
unknown where the contours and edges of the object are located; it can only be concluded that the object is
located somewhere inside the bounding box. The semantic segmentation output, on the other hand, attempts
to provide much more precise information and classi�es each pixel in an image to belong to a speci�c object
type.

Figure 3.1: Example of detecting a stick with a bounding box compared to segmenting the stick with a semantic
segmentation network. As seen, the area of the segmentation mask is much smaller than the area of the bounding
box.

Both types of models have their advantages. An obvious perk of using a semantic segmentation model is that
it yields more exact information about the location of an object in the input image. If bounding boxes are
predicted, all pixels inside the bounding box must be classi�ed as invalid planting spots, while the segmentation
model only rules out the exact pixels as invalid. Bounding boxes, on the other hand, are much more time-e�cient
to annotate when creating a training set for the model. Drawing a bounding box around an object is generally
much faster and easier than making a detailed trace around an object.

In the end, bounding boxes were considered su�cient to detect rocks and pools of water, since these ob-
stacles generally �t well within a bounding box without the bounding box occupying a larger area than
necessary. Additionally, obstacles such as rocks and pools of water often occupy or a�ect an additional area
beneath the ground, not visible to the camera. Therefore, having an additional margin on the location of these
objects can be bene�cial.

On the contrary, large sticks and fallen trees usually have a di�erent kind of geometry: they tend to be
elongated and completely above ground. A bounding box around these obstacles tends to cover a lot of area to
�t around the stick, with a lot of empty space inside the box, especially if the stick lies diagonally in the image
as shown in Figure 3.1. With this in mind, a decision was made to use semantic segmentation to handle this
type of obstacle.

As mentioned above, it is favorable to plant saplings close to a stump since it yields a good nutritional
source and, in turn, good growing conditions for the tree. However, stumps often incorporate large roots above
and below the ground, which pose obstacles to the excavator. Since the camera is unable to visually detect
anything below ground, the position of the below ground roots have to be estimated based on the information
above ground. A straightforward approach is to identify where the stump transitions from the stump stem
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to the above ground roots, which can usually be seen from above ground almost as legs slithering down in
the ground from the stump; see Figure 1.1. Since identifying areas close to stumps is a crucial part of the
project, it is important to detect the correct area. To increase the accuracy of the segmentation and reduce
the risk of incorrectly classifying other obstacles as stumps, a combination of object detection and semantic
segmentation was used. First, the general position of a stump is predicted using a bounding box. The isolated
area is then passed through a segmentation network that classi�es each pixel individually. Additionally, this
method reduces the risk that the roots of the stump are classi�ed as sticks despite their similarities, since the
object detection algorithm will be trained to �nd all parts of the stump. To minimize the risk of encountering
roots below ground while still planting close to a stump, it is best to place the plant between two root legs.

Object Detection

Since the project has a time constraint on the algorithm, a fast model was needed for the object detection task.
In the end, a YOLOv5 model was used for this task. YOLO has a good trade-o� between inference time and
performance, which was suitable for this project.

Semantic segmentation

Many di�erent segmentation models were trained, using di�erent backbones, loss functions, optimizers, and
other parameters; however, they all had a U-Net-inspired architecture. The reason for using a U-Net architecture
for the segmentation models was that this has shown good performance for many other segmentation tasks [23].

3.4 Gathering Images

The camera used in this project is called Omega and was developed by Arcure. It is a stereo camera made for
tough and harsh environments [28]. This camera was chosen because the E-Beaver, to which the camera is
attached, will be used outdoors in a forest environment. Therefore, the camera must withstand rain, minor
shocks, and vibrations. The use of a stereo camera also made it possible to infer 3D coordinates of points in the
images using stereo matching; see Section 2.1.2. This is necessary to provide the excavator with information
about where the planting spots are located in the E-Beavers global coordinate system.

To use the Omega camera, an Application Programming Interface (API) was provided that enabled communi-
cation with, for example, a computer. The stereoscopic camera makes several di�erent types of data available
via the API, such as di�erent camera parameters and di�erent kinds of images. The programming interface is
written in C++ and consists of several functions that were utilized to create a small program that saved all the
necessary image data by pressing a button on the computer.

The camera has two �sheye lenses, and as mentioned previously, each call to the API can return several
types of data. The data types used in this project were the following three: (1) an unmodi�ed image produced
by the �sheye lens without any manipulation, (2) a recti�ed version of the �sheye image and (3) a disparity
map of every pixel in the recti�ed image, see Figure 3.2. By closely examining Figure 3.2, one can see that
the quality of the unmodi�ed �sheye image is higher than the slightly more blurred recti�ed version. The
reason is that the data in the recti�ed image is the result after applying the interpolation to rectify the
image, which in turn creates arti�cial data; see Section 2.1.3. Since the non-recti�ed image data is of higher
quality, one could hypothesize that this data would yield better results for training a neural network to
recognize objects. However, since the non-recti�ed image has a radial distortion, all of the objects will show less
consistency in their geometry. For example, if a stump is close to the edge of the image, it will look di�erent com-
pared to how it would look in the middle of the image. With this in mind, the recti�ed images were used instead.

The images were supposed to look as similar as possible to the images that the camera will obtain when
it is mounted on the E-beaver. To mimic the real situation as closely as possible, the same camera was
used for all images. When taking the images, the camera also had the same geometrical conditions as it
is planned to have on the robot. All images were acquired at locations where the robot will be used, that
is, clear-felled areas on �elds owned by S•odra Skogs•agarna. The range of the excavator is about 3 meters.
Therefore, it is not necessary to capture an image that covers a range much larger than 3x3 meters, since
the excavator will not reach further than that. However, some additional margin in each direction can be
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Figure 3.2: The three data types obtained from the camera. At the top is the raw �sheye image, the lower left
the recti�ed version of the same image, and to the right the disparity map of the recti�ed image.

bene�cial, since it will help analyze the area near the edge-cases of the excavators reach. The camera is angled
so that the principal axis of the camera is parallel to the direction of the gravitational �eld. This is important
for two reasons: First, since the cameras use �sheye lenses, the angle of view is very large. Because of this,
a slight tilt of the camera causes the camera to suddenly capture points that are very far away. When this
happens, the image is �lled with unnecessary data, and the model has to handle irrelevant data points. When
the covered area is too large, it can also cause problems with the exposure time of the camera and in turn
yield an overexposed image. This happens because the probability that there are diverse light conditions
in the image increases because points that are farther away from each other are less likely to be equally
bright. The other important reason for having the principal axis parallel to the gravitational �eld is the
depth information from the camera. The disparity data represent the distance along the principal axis; if
the axis is parallel to the gravitational �eld, the disparity linearly relates to the altitude of the points in the image.

The images were collected during two di�erent days. From this point forward, the data collected on the
�rst day will be referred to as "subset 1", while the data from the second day will be referred to as "subset 2".
Naturally, the union of these two subsets will be referred to as "subset 1+2", representing all the image data
from both days. More information on the di�erences between the two sets is provided in 4.

3.5 Creating the Object Detection Data Set

As previously mentioned, two important parts of the model are object detection with bounding boxes and
semantic segmentation. Therefore, after specifying the machine learning methods, the next step in building the
data set was to annotate the data for these tasks. First, the data were annotated to train an object detection
model. Annotation was done using Robo
ow's built-in tools to draw bounding boxes around all items that
should be detected by the object detection model; see Figure 3.3 [29]. By doing this, text �les containing labels
were generated for all images. Using these labels as ground truth, an object detection model can be trained to
detect these objects.

When detecting rocks, the larger ones are more important to identify, as they pose immediate obstructions to
the excavator. Small rocks, on the other hand, can often be moved by the excavator without complication.
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Figure 3.3: Example of an annotated image: Purple bounding boxes mark out stumps, pink bounding boxes mark
out water, and yellow bounding boxes mark out stones.

However, when annotating the images, the decision was made to annotateall rocks, regardless of their size.
There are two reasons for this: Firstly, it can be di�cult to create a model that generalizes the appearance of
only large rocks. If only large rocks are annotated, the model would be punished during training if it predicted
the location of a small rock. Secondly, since the object detection model is trained and inferred exclusively on
RGB data, it is impossible for the model to derive the actual size of an object. For these two reasons, the object
detection model was trained to detect all rocks of all di�erent sizes. The smaller ones can then be �ltered out
in a later stage of the full algorithm, before selecting a planting spot.

After annotating all objects with bounding boxes, the images were resized by stretching them to a size
of 640x640. The images were also augmented in a few di�erent ways. First, the images were 
ipped both
horizontally and vertically. Then the hue was changed using random values between -20 and +20 degrees; the
purpose of this was to simulate warmer and colder days. The images were also augmented by manipulating
the saturation to simulate a wider range of humidity in the scene. Lastly, the brightness was also changed to
simulate brighter or darker days. The augmentations were carried out using Robo
ow's built in tools [29].

3.6 Training the Object Detection Model

To evaluate how YOLOv5 performed depending on the data, three models based on the same YOLOv5 class
were created and trained, using three di�erent data sets. The �rst model was trained exclusively on subset 1,
i.e. data from the cloudy day. The second model was trained on subset 2, i.e. data from the sunny day, and
the third model was trained on the combined data set of both subset 1 and subset 2. Throughout all training
sets, a pre-trained YOLOv5 XL model was used and trained for 30 epochs.

When training a model, the training script automatically saves two instances of the model weights: the
weights from the last training epoch, as well as the weights that produced the lowest validation loss across all
epochs. By always saving the weights that yield the lowest loss on the validation data, the risk of over�tting
the �nal model is greatly reduced, since a backup of the best weights is saved. The approach was therefore to
run enough epochs to be con�dent that a new, better set of weights would not be found by running additional
epochs, i.e., when the loss values had stagnated, and then restore the weights from the epoch with the lowest
validation loss.

3.6.1 Loss Function

The YOLO loss function is a linear combination of three losses: abox loss, an objectness lossand a class loss.
The box loss is used to ensure that the network learns to predict the correct coordinates of the bounding boxes.
The purpose of objectness loss is to train the network to correctly estimate whether or not there is an object in
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the proposed bounding box, where the target value is the IoU between the ground-truth bounding box and the
predicted bounding box. Finally, the class loss is used to train the network to predict the correct class of the
object inside the bounding box. Two important metrics that are used to evaluate object detection models are
recall and precision, which will be brie
y described below.

3.6.2 Precision and Recall

When talking about precision in the context of object detection, one usually refers to how many of the proposed
bounding boxes are correct. This is de�ned as the ratio between the number of correct bounding boxes and the
number of all proposed bounding boxes, as illustrated in Figure 3.4b. The quantity is described as T P

T P + F P ,
where TP denotes the number of true positives, andFP denotes the number of false positives; see Figure 3.4a.
Recall, on the other hand, is a measure of how many objects were found, that is, how many ground truth boxes
the model predicted, as illustrated in Figure 3.4c. The de�nition of recall can be written as T P

T P + F N , where
FN denotes the number of false negatives; again visualized in Figure 3.4a.

(a) The four outcomes of a pre-
diction: True Positive (TP),
False Positive (FP), False Neg-
ative (FN) and True Negative
(TN).

(b) The precision is measured
by calculating the number of
true positive predictions di-
vided by the number of all the
positive predictions.

(c) Recall is measured by tak-
ing the number of true posi-
tives divided by the number of
all the ground truth positives.

Figure 3.4: Visualisation of the precision and recall metrics. Adaptation of original image in [30].

3.7 Creating the Segmentation Data Set

As explained in 2.2.6, semantic segmentation is the task of classifying each individual pixel in an input image
into a class. Both stumps and sticks are segmented using such a model. In practice, the two obstacles could be
trained and predicted using the same semantic segmentation model. However, instead of combining the two
obstacles into a single model, the two obstacles are trained on individual models. There are many reasons to
use separate networks; as previously mentioned, the approach to segment stumps is two-fold, as a bounding
box of its general location is �rst predicted using YOLOv5, before the isolated bounding box area is passed
on to the segmentation network. On the contrary, the entire frame is used as input to segment sticks. The
aim of isolating the location of stumps prior to segmenting the obstacle is to increase precision and decrease
the risk of classifying root stems as sticks, despite their similar shapes. Therefore, the desired output of each
semantic segmentation model is aWxH x1 mask, whereW and H denote the width and height of the input
image. Each pixel in the output mask acts as a binary response variable with only two classes, namely (1) the
object at hand for the speci�c model, i.e., stump or stick, and (2) background/other. To train such a model, a
substantial amount of training data needs to be created that matches the desired output for each training input.

Training data for the stick segmentation model was created using the AC295-�nal-project-JWI library [31].
This library o�ered tools that made it easy to trace around the edges of objects, thereby classifying the correct
pixels; see Figure 3.5. This library was used on large pieces of wood, such as felled trees and large sticks. After
annotating an image, the library creates a segmentation mask with the same dimensions, where each pixel
value in the mask is either 0, representing the background, or 1, representing a large stick/felled tree. A U-Net
based semantic segmentation model can then be trained on the data, where the resized RGB image is used as
input and the created mask is used as ground truth.
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Figure 3.5: Example of an annotated image for segmentation of larger pieces of wood using the AC295 library.
The pixels that are marked with blue illustrate large sticks. The acquired mask for this image will have the same
x-y-shape as the image, where the blue parts will have a mask value of 1 (corresponding to class index of large
sticks) while the rest of the values will be 0 (corresponding to background).

To create training data for the stump segmentation model, a di�erent approach was used. Since the desired
input is an isolated stump and not the entire image, the images needed to be cropped before creating a mask.
Additionally, since the main part of a stump is often elevated from the ground, the disparity map generally
holds additional information on its location. Instead of using only the RGB image as input for the segmentation
model, the U-Net architecture can be modi�ed to accommodate four-channel (RGB-D) input with the intent of
the disparity supplying additional information. Due to this, the AC295-�nal-project-JWI library was deemed
insu�cient to create training data, since it only considers full RGB images. Instead, a custom annotation
graphical user interface (GUI) tool was developed to create the data. The custom tool works in the following
way:

ˆ Given a full RGB image, and the corresponding RGB representation of the disparity map, select a region
of interest, i.e. a bounding box of the object; see Figure 3.6.

ˆ Save the isolated RGB area and isolate the same area in the RGB disparity map.

ˆ Convert the RGB disparity map pixels to single integers using the provided Look Up Table (LUT) from
the cameras user manual.

ˆ Resize the disparity integers, as well as the isolated RGB area, to a pre-set dimension ofWxH to �t
model requirements.

ˆ Draw a free-hand marking on the selected area; see Figure 3.7.

ˆ Create a WxHx 1 segmentation mask of the drawn area, where each pixel value in the mask is either 0,
denoting the background, or 1 where the user has drawn, denoting stump.

ˆ Concatenate the selected RGB area and the disparity integers into a singleWxHx 4 array.

The resulting WxHx 4 RGBD array can then be used as input for a segmentation model, while the created
segmentation mask is used as the ground truth.
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