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” Lucid waters and lush mountains can continuously bring 

mountains of gold and silver, and the evergreen trees we 

plant are cash cows.” 
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ABSTRACT 
 

The need to further unlock productivity of forestry operations urges the increase 

of forestry automation. Many essential operations in forest production, such as 

harvesting, forwarding, planting, etc., have the potential to be automated and 

obtain benefits such as improved production efficiency, reduced operating costs, 

and an improved working environment. In view of the fact that forestry 

operations are performed in forest environments, the automation of forestry 

operations is thus complex and extremely challenging. To build the ability of 

forest machine automation, it is necessary to construct an environmental 

cognitive ability of the forest machine as basis. Through a combination of 

exteroceptive sensors and algorithms, forest machine vision can be realized. 

Using new and off-the-shelf solutions for detecting, locating, classifying and 

analyzing the status of objects of concern surrounding the machine during 

forestry operations in combination with smart judgement and control, forest 

operations can be automated. This thesis focuses on the introduction of vision 

systems on an unmanned forest platform, aiming to create the foundation for 

autonomous decision-making and execution in forestry operations. Initially, the 

vision system is designed to work on an unmanned forest machine platform, to 

create necessary conditions to either assist operators or to realize automatic 

operation as a further step. 

In this thesis, vision systems based on stereo camera sensing are designed and 

deployed on an unmanned forest machine platform and the functions of 

detection, localization and pose estimation of objects that surround the machine 

are developed and evaluated. These mainly include a positioning function for 

forest terrain obstacles such as stones and stumps based on stereo camera data and 

deep learning, and a localization and pose estimation function for ground logs 

based on stereo camera and deep learning with added functionality of color 

difference comparison. By testing these systems’ performance in realistic 

scenarios, this thesis describe the feasibility of improving the automation level of 

forest machine operation by building a vision system. In addition, the thesis also 

demonstrate that the accuracy of stump detection can be improved without 

significantly increasing the processing load by introducing depth information into 

training and execution. 
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CHAPTER 1. 

 

Introduction 

Current forestry operations are highly mechanized. Taking wood harvesting as 

an example, more than two-thirds of the timber volume harvested in Europe and 

North America is completed by fully mechanized means. In some Nordic 

countries, the proportion exceeds 90 percent [1]. Highly mechanized forest 

production meets the growing demand for wood and related products, and 

provides a continuous supply of many forest products such as industrial 

roundwood, sawnwood, wood-based panels, paper and wood fuel products, and 

eventually forms the common necessities in people's life, such as wooden 

building elements and furniture, tissue paper, renewable packaging, etc. Forest 

production has long been indispensable to people's lives. 

1.1. Motivation 

1.1.1. Current production 

Although the current level of forestry mechanization in different regions is 

different, the continuous improvement of mechanization level is undoubtedly 

the trend, and is accompanied by the improvement of production efficiency. 

Take Sweden for instance, which has almost fully mechanized forest production, 

the efficiency of forest production has been continuously improved since the 

inception of mechanization. Up to 2000, the efficiency of forest production, in 

terms of Gross felling (million m³) per Annual Working Units, has increased 

about four times from the mid-1970s as shown in Figure 1. 
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Figure 1. Changing efficiency in forest production, in terms of Gross felling (million m³) per 

Annual Working Units [2,3]. 

This period of time is also the stage of major changes in Swedish forest 

production. During the period from the 1970s to early 2000, forestry became 

highly mechanized, and various new types of harvesting machinery appeared and 

became popular one after another [4], gradually replacing the previous semi-

mechanized and semi-manual forest production processes based on chainsaws 

and motorized tractors which significantly improved productivity. However, 

after the 2000s, the Swedish forestry productivity has not increased, but has 

entered a period of stagnation. After the current production system was 

popularized, there has been no new significant evolution of the production 

system to further the productivity growth long-term. The stagnation of growth  

can therefore be followed by automation of forestry operations. Triggered by the 

development of electronic communication systems, the explosion of sensor 

technology and computing power, and highly mechanized platforms, it is now 

obvious that forestry operations can start to move forward into automation, and 

that various automatic or semi-automatic operational assistance functions are 

beginning to be realized on forest machines. 

 

1.1.2. Operator as bottleneck 

The operator is considered an integral element of current forestry operations and 

an important factor affecting the efficiency [5,6,7]. The complexity of operation 

in forest production and the challenge given by the environment together restrict 

the operator's ability to work optimally in the actual production activities, which 
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affect the machine production capacity [5]. In forest production, high training 

cost, complex operational and decision-making requirements, complex and 

dangerous working environments, and long working days with high 

concentration levels are undoubtedly challenges to forestry labor manpower.  

Forest machine operators need to perform high-intensity continuous and 

intensive cognitive work, experience-based decision-making and operation 

execution in the process of performing work tasks, to ensure that the forest 

machines work efficiently. This makes it physically and mentally straining for 

them, while also the work productivity correlates largely on the experience and 

proficiency of operators [8]. At the same time, the operator works alone in the 

cab for a long time in a fixed working posture, which also makes the occurrence 

of health problems more common. Studies have shown that more than 50% of 

forestry harvester operators experience strain and pain in the arms, shoulders, and 

cervical spine [9]. 

1.1.3. The quest for automation in forestry 

Automation of forestry operations is considered a viable way to further increase 

productivity, address labor bottlenecks, and improve the working environment 

[10]. It can also reduce the training time cost for operators on the premise of 

ensuring production efficiency [11]. Sparked by advances in electronic 

communication, sensor technology and a surge in computing power, as well as 

the advances in existing, highly mechanized machine platforms, forestry 

operations has begun to implement automatic systems; a variety of automatic or 

semi-automatic operational auxiliary functions have of late become realized. For 

example, John Deere produced a commercial boom-tip control system for 

forwarders in 2013 [12], called »intelligent boom control« (IBC), which allows 

the operator to focus on controlling the grapple, or end-effector, rather than the 

boom joint movements; the “Besten med virkeskurir” system was tested in 

March 2006 in experiments conducted by Skogforsk [13], which is a prototype 

system consisting of a driverless harvester that is controlled remotely from a 

manned forwarder. The exploration of automated forestry machines can also be 

seen in some studies such as improved trajectory planning and control ability and 

posture estimation of the crane [14,15]. 

1.2. Research Objective 

Similar to the operator’s cognitive work of decision-making process during 

machine operation, so are the need for cognitive abilities of an autonomous 

system that can detect, localize, and ultimately, execute proper machine 

movements to enable both automatic decision-making and operation. 
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Relying on machine vision, the use of vision sensors to improve the 

performance of some tasks in forestry has been a growing research direction, and 

some related research results have emerged that enhances that image [16,17]. 

This thesis will focus on the exploration to improve the automation level of 

forestry operations and to design automatic perception abilities of forest machines. 

The main objective is to design a vision system that can be used in forest 

operations, which have the ability to realize object detection, localization, and 

other additional functions, i.e. identification. 

Identification, is usually understood as the confirmation of specific attributes of a 

specific object. In this thesis, for easy comprehension, identification is used to 

cover the process of detecting, locating and determining the inherent attributes 

of objects. 

1.2.1. Research Questions 

Based on the work challenges and proposed research trend described in the 

foregoing sections, the objective of the thesis has been translated into two 

research questions. 

Question 1. How can objects important for forest operations be identified? 

Perception of the environment is the premise of autonomous forestry operations, 

and object identification is an important means. Only by recognizing the specific 

contributions of object identification in forestry operations, can we better 

understand the significance of building a visual system. 

Question 2. How can a vision system be designed to enable autonomous forest 

operations? 

After determining the way of building the vision system to realize the 

environmental cognitive abilities, it is necessary to further clarify the specific 

hardware and software design and implementation of the vision system. 

1.3. Thesis Outline 

This thesis focuses on the realization of a vision system for autonomous forest 

operations. The contents of each chapter are allocated and structured as follows: 

Chapter 2. Background 

This chapter is an overall introduction to the research background, starting with 

an introduction to some of the sub-tasks of forestry operations, followed by a 

review of the vision sensors that can be used in forestry, accompanied by a 

description of learning-based object detection algorithms, and finally an 

introduction to the relationship between image and cartesian space. 

Chapter 3. Research Approach 
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This chapter is a summary and explanation of the research approach, showing the 

introduction and solution process of the problems faced by the relevant research, 

as well as the content arrangement of the thesis. 

Chapter 4. Research Main Contributions 

This chapter is a description of the research contributions and a brief 

presentation of some of the findings. 

Chapter 5. Conclusions 

This chapter summarizes and discusses the research result, addresses the research 

questions set, and makes a prospect for the further research work. 
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CHAPTER 2.  
 

Background 

2.1. Machine operations in the forest 

Forest operations using machines are mainly conducted to create and manage 

forests so that forest products can be extracted efficiently and sustainably. Except 

for forests in which trees are allowed to grow freely, such as ancient woodlands, 

highly mechanized forest operations are mainly conducted in logging and 

regeneration operations, where different forest machines participate in different 

operations. 

2.1.1.  Modern CTL Logging  

Modern Cut-to-length (CTL) logging means logging by a mechanized CTL 

harvesting system, which is common to the Nordic [18]. In Finland and Sweden 

in particular, almost all logging activities are carried out using the CTL method 

[18]. In this system, the equipment usually consists of two machines, a harvester 

and forwarder. Harvesters fell the trees, delimb and measure the trunks, and then 

cut and sort the logs. Then, forwarders follow the harvester’s path, accumulate 

the logs and transport them to the roadside. 

Harvesting 

Harvesting, that is, the felling down, delimbing and cutting of trees, is done by 

the harvester. The general form of the current harvester is based on an all-terrain 

platform equipped with an extendable articulated boom which have a tree 

cutting and processing device, commonly called as a harvester head, at the end 

(cf. end-effector [19]). A depiction of a harvester can be seen in Figure 2. 
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Figure 2. A harvester 901XC from Komatsu Forest. *Photo courtesy of Komatsu Forest: 

komatsuforest.se 

Forwarding 

Forwarding is the process of collecting, moving and sorting cut logs scattered 

around the harvested forest land. This work is done by a forwarder, which main 

design is a combination of an all-terrain platform and trailer, with an extendable 

crane and a grapple at the end that realize the function of grabbing and loading 

logs. A photo of a forwarder can be seen in Figure 3. 

 

Figure 3. A forwarder 855 from Komatsu Forest. *Photo courtesy of Komatsu Forest. 

komatsuforest.se 
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2.1.2. Regeneration 

Site preparation followed by manual outplanting of tree seedlings is a common 

form of forest regeneration in Sweden and Finland for the purpose of having 

high quality and productive forests. The harvested forest land needs to be 

afforested to restore the number of trees as soon as possible, to accelerate forest 

regeneration and restore forest reserves, which are also in Sweden regulated by 

law [20]. However, unlike harvesting, the degree of mechanization of planting is 

not high. In Sweden, the proportion of mechanized seedling planting in 2012 

was less than 1% [21], while in Finland, the mechanization rate of seedling 

planting was considered to be less than 5% [22]. Although the mechanization 

rate of seedling planting is still not high, there are still some seedling planting 

machines on the market. 

Seedling Planting 

The seedlings for both mechanized and manual planting are all cultivated in 

nurseries. At present, all mechanized tree planting machines in Sweden are 

composed of a planting device mounted on the head of a crane on a tracked 

excavator. After the operator selects the planting site, the planter can complete 

the functions of soil mounding, compaction, planting and watering at the created 

microsite. A photo of mechanized tree planter can be seen in Figure 4. 

 

Figure 4. Mechanized tree planter Bracke P11.a from Bracke Forest. *Photo courtesy of 

Bracke Forest. 

 

2.1.3. Challenges in Forestry Operations 

Whether harvesting, forwarding or planting mechanically, operators always need 

to deal with some common problems when operating forest machines to 

complete the corresponding tasks. The first issue relates to navigation and 
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traversing in forest terrain. When operating forest machines in terrain, ground 

obstacles are always needed to be identified. In forest land, remaining stumps, 

boulders and other objects after logging are obstacles in the way of efficient 

traversement. Driving over those obstacles directly may cause damage to the 

machine, so it is necessary to find the obstacles in time to avoid them. Secondly, 

the operator also needs to perceive the existence of various objects in time to 

operate auxilliary equipment properly. For example, the harvester operator needs 

to locate the target tree and determine its size, type and other factors; forwarder 

operators need to find the cut logs scattered on the ground and determine their 

position and pose. In the process of site preparation and planting, it is also 

necessary to detect and avoid obstacles, while mechanized tree planter operators 

need to find suitable planting sites, avoid objects that affect plant development 

such as stones and residual stumps, and ensure that seedlings that have been 

planted can be kept at a certain distance from each other. All these operations are 

currently performed by the operator using visual feedback. It is a great challenge 

for the operator to observe, make decisions and perform corresponding 

operations continually, which will greatly consume the driver's energy and 

attention. 

2.2. Using vision sensors in forestry 

The design of forest machine vision requires the ability to perceive the 

surrounding environment, and this requirement inevitably requires the use of 

vision sensors. Therefore, the use of vision sensors is an important means to 

obtain environmental cognitive ability. Because of their different working 

principles and characteristics, different vision sensors will show different 

advantages and disadvantages when obtaining environmental information. The 

selection and use of vision sensor is mandated by the specific need of the 

application, and relates to, e.g., high resolution, color information, depth 

extraction, ambient light interference resistance, etc. 

Conventional visual cameras are fairly common and widely used visible range 

vision sensor are mature and relatively inexpensive. This kind of sensor can have 

extremely high resolution and has great advantages in color and detail of 

recorded objects. However, the use of this kind of camera also has obvious 

limitations, such as its imaging performance being greatly affected by ambient 

light. Good imaging results require appropriate ambient light conditions; too 

bright or too dark will cause serious deterioration in image quality. Furthermore, 

visible light imaging can only show visible light characteristics of the subject. 

Light Detection and Ranging (LIDAR) is a kind of vision sensor which is widely 

used to measure spatial structure of surroundings. By using laser to illuminate a 

target and measure its reflection, the target’s spatial characteristics can be 



12 | P a g e  
 

obtained, and shapes can be outlined in the form of point clouds. By analyzing 

the amplitude, frequency and phase of the returning signal, the spatial structure 

of the target object can be accurately calculated. LIDAR has benefits like high 

detection accuracy, long work distance, wide field of view, and not being 

affected by varying lighting conditions. But it also has the disadvantages of high 

price, large size, low resolution, and cannot show color information and details. 

Structured light cameras uses invisible infrared laser as the light source to project 

light with certain structural characteristics to the object to get the depth 

information from the surroundings. The light emitted by it is projected on the 

object through a certain code and by analyzing the distortion of the returned 

code pattern spatial information of the surroundings can be obtained. Compared 

to LIDAR, a structured light camera is cheaper, the work distance is shorter but 

the resolution could be higher, and similar to LIDAR can work well in dark 

conditions with no light, but lack color sensing. But its structured light 

projection will be obscured by infrared signals in sunlight, rendering worse 

performance in sunlit environments. 

3D Time-of-flight (TOF) cameras works by illuminating a scene with a 

modulated light source, often in the IR spectrum, and receiving reflected light to 

obtain depth information of the scene by measuring the phase shift or calculated 

time of flight between illumination and reflection and converting to distance. 

The working performance of a TOF camera is limited by the illumination level 

of the light source, which usually makes it unable to have a long working 

distance and is vulnerable to errors caused by the different reflection levels of 

different illuminated objects. A TOF camera has benefits like acceptable 

resolution, the detection error changes little with the further distance of the 

detected object, cheaper than LIDAR, work well in dark environments, and can 

still work reasonably well in sunlit conditions, but has no ability to obtain the 

color of the surrounding objects or features. 

Stereo cameras are working based on the principle of parallax, like human eyes. 

By calculating the position deviation between corresponding points in two 

images of the measured object from different known positions, three-

dimensional geometric information of the surroundings can be obtained. Unlike 

TOF or structured light cameras, it does not have an active light source and 

completely relies on two pictures to calculate the depth. Stereo cameras are 

relatively inexpensive, have extremely high pixel-level depth information 

resolution, and can simultaneously obtain color information and depth 

information of objects. However, its imaging is naturally affected by ambient 

light, which has the same shortcomings as conventional visual cameras. 
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Moreover, because of the working principle, the detection error of its depth 

signal will be amplified with the distance to the object. 

These types of sensors all have variety of applications and have been tested in 

forestry related operations. For example, a conventional visual camera was used 

to detect trees [23], LIDAR was used to estimate the diameter of trees in the 

forest [24], structured light camera was used to estimate the pose of logs [25], a 

TOF camera was used for branch identification [26], a stereo camera was used to 

measure the length of logs [27]. As mentioned earlier, the choice of different 

sensors depends on the task to be accomplished and the requirement for different 

sensor features and functions. 

In the work covered in this paper, the stereo camera was chosen as the vision 

sensor to be used. Although it cannot bring absolutely ideal work performance 

due to its own limitations, considering the cost and the demand for real-time 

synchronous high-resolution color and depth signals, stereo cameras are still a 

suitable sensor for completing the tasks at hand. 

2.3. Learning based object detection 

Object detection is an important, and nowadays major, field in computer vision 

research. Its realization is finding predefined target objects in image data, 

determine the location and scope, and clearly define the target or assign class 

labels. Object detection is the basis of advanced vision tasks and an important 

part of object identification, which is an indispensable function of machine vision 

system design. 

Generally, methods for object detection is divided into conventional methods 

and neural network-based methods according to whether neural networks are 

introduced or not. 

Conventional non-neural network methods are also customarily classified as 

machine learning methods, while the detection implementation of such methods 

does not involve the neural network framework. To use this kind of method to 

detect objects, it is necessary to first define and extract the features of the target 

objects, using features such as Histogram of oriented gradient (HOG) features 

[28], Haar features [29], Aggregate channel features (ACF) [30], Local binary 

pattern (LBP) [31], Scale-invariant feature transform (SIFT) [32] and so on. 

Feature-based classification is done by classifiers such as cascade classifiers [33] 

and support vector machines (SVM) [34]. In the detection process, the selection 

of the detected region is often achieved by using the so-called sliding window 

techniques [35, 36]. 

Neural network-based methods are also commonly referred to as deep learning-

based methods, although they are also part of the machine learning family in a 
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broad sense, but usually distinguished from non-neural network machine 

learning methods. The use of neural networks makes it possible to automatically 

learn feature representations from data, enabling end-to-end object detection 

without the need to specifically define features. Moreover, with the support of 

sufficient training sets and utilization of GPU parallelization, the detection 

performance of neural network-based detection can be much better than the 

conventional methods-based detection. Under this technical umbrella, 

convolutional neural networks (CNNs) is the most common and typical neural 

network model in neural network-based object detection. This is the result of 

continuous development and improvement since the CNNs was proposed in the 

1980s [37] and successfully applied to object detection by Girshick et al. in 2014 

[38]. 

Deep learning-based object detection can be grouped into two genres according 

to the different forms of how to realize location and classification of objects: 

"two-stage detection framework", which includes the preprocessing step of 

generating object proposals to form a coarse-to-fine process, and "one-stage 

detection framework" which does not separate the process of region proposal 

detection to “complete the work in one step”. Because the framework does not 

include the region proposal generation or post classification sections, the "one-

stage detection framework" has a lower computational cost than the "two-stage 

detection framework", which makes it have better real-time performance, but 

the detection accuracy will be slightly reduced. Among the subdivision methods 

under their respective genres, "two-stage detection framework" has 

representative methods such as RCNN [38], Fast RCNN [39] and Faster 

RCNN [40], while "one-stage detection" has representative methods such as 

You only look once (YOLO) series [41,42,43] and single-shot multi-box 

detector (SSD) [44]. 

The selection of method needs to consider the specific use requirements. In the 

vision system design work presented in this thesis, the object detection method is 

used as the core basis for realizing machine vision, and the selection of specific 

methods has also undergone changes according to the different requirements and 

software and hardware conditions. 

2.4. From depth to spatial coordinates 

Object detection can be used to obtain pixel coordinate positions of the detected 

object in a color image, and corresponding depth map can be used to determine 

the depth information of a specific pixel position. To realize environment 

cognition, it is necessary to estimate the real position of objects in the imaging 

scene, but the pixel coordinates and depth information cannot directly reflect the 

actual position of objects relative to the camera (and thus the machine) in 
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cartesian space, so it is necessary to deduce the position from the image to 

cartesian space based on the relationship between the spatial position and the 

image. 

In order to calculate the three-dimensional position corresponding to two-

dimensional pixels, it is necessary to model the camera according to the pinhole 

camera model [45] to obtain the corresponding relationship between cartesian 

coordinates and pixel coordinates imaged on the camera. Consider the process of 

mapping a spatial point M in a cartesian coordinate system to an image pixel 

point m under the pinhole camera model, as shown in Figure 5. 

 

Figure 5. Pinhole camera geometry and top view projection showing the x-z plane with an 

object in front of the camera (one can do exactly the same for y and v of y-z plane). 

It can be deduced that the relationship between the coordinates of a three-

dimensional space point [X, Y, Z] and the pixel coordinates of its two-

dimensional image projection [u, v] is given by Equation 2.1. 

𝑍 [
𝑢
𝑣
1

] = [
𝑓𝑥 0 𝑐𝑥

0 𝑓𝑦 𝑐𝑦

0 0 1

] [𝑅 𝑡] [

𝑋
𝑌
𝑍
1

] (2.1) 

where R and t are the rotation and translation, also called as external reference 

matrix, which relate the world coordinate system to the camera coordinate 

system; fx and fy denote the focal length of the camera in X-axis and Y-axis, and 

cx and cy denote the centre of the camera’s aperture.  

For the external parameter matrix, since there is no translation or rotation, gives 

Equation 2.2. 



16 | P a g e  
 

[𝑅 𝑡] =  [
1 0 0 0
0 1 0 0
0 0 1 0

] (2.2) 

Then it can further be deduced from the above formulae Equation 2.3.  

[
𝑋
𝑌

] = 𝑍 ∙ [
(𝑢 − 𝑐𝑥) 𝑓𝑥⁄

(𝑣 − 𝑐𝑦) 𝑓𝑦⁄
] (2.3) 

In Equation 2.3, except that the X and Y of the target point in the spatial 

coordinates are unknown, other parameters including Z, pixel depth, the pixel 

coordinates u and v, and the camera intrinsic parameters fx, fy, cx and cy are all 

known (The camera parameters fx, fy, cx and cy are often provided by the camera 

manufacturer). The calculated coordinates are related to the camera position, 

meaning that forward kinematics can be used to relate the coordinates to any 

coordinate system on the machine using further information for rotations and 

translations.  
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CHAPTER 3.  
 

Research Approach 

In this chapter, the design process of the forest machine vision system is 

introduced. The process of building a vision system is a process of continuous 

implementation through a series of iterations. The design and improvement of 

the vision system include the creation of the detector, the configuration and 

improvement of the hardware architecture, the deployment of the vision system 

on the forest machine platform, the realization of object detection and object 

location function, and the realization of additional functions. 

3.1. System function definition 

Before putting the design of vision system into practice, it is necessary to clarify 

the specific functions of the machine vision system to be installed on the forest 

machine platform for actual testing, and to clarify the related common problems 

in today’s forest operations. 

All kinds of forest machine operators need to deal with some object detection 

tasks. For example, whether in harvesting, forwarding or mechanized planting, 

objects in forest terrain always need to be detected and located to ensure that the 

forest machine can consider them when traversing. Objects on the ground in 

target areas also need to be identified to know what they are and where they are 

during the planting operation so that seedlings can be planted at the appropriate 

planting site, and so that preceding site preparation is conducted satisfactorily. 

For the forwarding operation, it is also necessary to identify logs scattered on the 

ground to know their location and pose so that the forwarder can complete the 

log grabbing process. It is clear that the ability to detect, locate, and acquire 

other information of object such as pose is necessary in the various forest 

machine operations, whether it is related to the machine movements or its 

auxilliary equipment. The correspondence between requirements of detection 

and various forestry operations is shown in Figure 6. 
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Figure 6. Visual tasks involved in forestry operations of manually controlled machines. 

3.2. System structure definition 

In the design of a forest machine vision system at software and hardware level, 

the connection between its various sub-parts and the workflow of full function 

realization should be clearly defined as a complete vision system. To realize 

detection and localization of different objects and some additional functions such 

as pose estimation of logs, the choice of hardware and software chosen was a 

stereo camera as a sensor, and ROS (Robotic Operating System) [46] as the 

main operating environment, with other additional sensors connected to the 

computing unit for data processing and calculation. Ultimately, obtained data 

results are output to the control unit of the forest machine. In Figure 7, the 

structure of the vision system is depicted and further specified in Paper B and C. 



19 | P a g e  
 

 

Figure 7. Vision system structure 

The two core function modules of the vision system are the “Object Detection” 

module and the “Custom function” module. The main part of the object 

detection module is the detector, which is selected according to different task 

requirements. The custom function module contains the object localization 

function and the additional functions that can be expanded or modified 

according to needs. This structural arrangement is mainly designed to facilitate 

the replacement of different detectors and to realize different additional functions, 

ensuring that the whole system remains basically unchanged. 

3.3. Thesis contribution 

The design of the vision system has experienced a gradual improvement process, 

from the first design of a detector, to the realization of detection and location of 

ground obstacles such as stones or stumps, to a final realization of the location 

and pose analysis of logs (as added functionality). All the details of the work 

involved are shown in the papers as in Figure 8. 

 

Figure 8. Design of the visual system in relation to the paper  
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CHAPTER 4.  
 

Research Main Contributions 

This section is a summary of the main results of the A-C papers, showing the 

relevant contributions of their respective results. The specific contributions 

covered by each paper, distinguished by the functionality implemented, can be 

summarized as shown in Figure 9. 

  

Figure 9. Papers’ contribution based on evaluated and implemented functions. Further 

specificity are added in coming sections. 

4.1. Object Detection 

The effective detection of objects of interest is the basic premise to ensure the 

working ability of the vision system, thus a suitable detector is sought. The 

selection and training of detectors should take into account the specific ability 

needs of related tasks, and here select appropriate types of detectors and carry out 

appropriate training when facing different task requirements. 

In paper A, the core purpose of the detector is to achieve stump detection and 

explore the impact of adding depth texture in the training data. As not real-time 

operation is considered, a non-neural network detector was chosen and 
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implemented in MATLAB. In paper B and C, real-time operation is required, 

thus the detector was replaced by a neural network detector. Specific detector 

types was identified, and with adequate training the detector performance met 

the requirements of subsequent functionality. In paper B, the detector test results 

are evaluated, shown in Table 1, which can be considered as effectively meeting 

the use requirements. These are further specified in paper B.  

Table 1. The percentage of successful detection in paper B. 

Track 1 Track 2 

Run 1 Run 2 Run 3 Run 1 Run 2 Run 3 

97.7% 97.4% 96.1% 98.9% 97.7% 97.9% 

Aggregated 

97.1% 98.2% 
 

In paper C, an effective detector is obtained to realize log detection. At the same 

time, these two detectors in paper B and paper C also lay a foundation for the 

next function of object localization, where object locations in the image data in 

combination with depth data to calculate object locations in real-time. 

4.2. Object Localization 

The detection results, combined with the principle of depth to spatial-coordinate 

mapping based on the pinhole camera model described in Chapter 2, the spatial 

position of any pixel in the image can be calculated into cartesian coordinates. If 

necessary, the local position coordinates can be further converted to the required 

coordinate system by using coordinate system transformation utilizing the GNSS 

and a forward kinematics model of the forest machine (Localization node in 

Figure 7). 

In paper B, the results of automatic object (stumps and surface stones) 

localization of the target are presented, and a visualization example of the 

localization results can be seen in Figure 10. The tests in paper B were 

conducted on two selected terrain tracks, with a total of three runs on each track. 

An analysis of the localization accuracy is described in Table 2. 
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Figure 10. Visualization of detection and localization results (A) The display of image 

detection; (B) Isometric display of the scene as point cloud; (C) Isometric display of object 

center points; (D) The combination of B and C. 

 

Table 2. Errors between automatic localization and manual measurements presented as means and 

standard deviations (SDs) of absolute values in meters. 

Track Run N 𝑀𝑒𝑎𝑛𝑠𝑒𝑟𝑟𝑜𝑟 [m] 𝑆𝐷𝑒𝑟𝑟𝑜𝑟 [m] 

1 1 520 0.35 0.42 

2 606 0.35 0.35 

3 544 0.40 0.35 

All 1670 0.36 0.38 

2 1 797 0.33 0.26 

2 736 0.34 0.25 

3 796 0.28 0.19 

All 2329 0.32 0.23 

 
In paper C, log localization results are presented, and the accuracy is enough to 

support automatic grabbing of log by means of a forest crane. The results are 

shown in Table 3. 
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Table 3. Distances from the actual position of target log to all measured positions presented as means 

and standard deviations (SD) for each round. N is the number of measurements in each round of test 

ROUND N 𝑀𝑒𝑎𝑛𝑠𝑒𝑟𝑟𝑜𝑟 [m] 𝑆𝐷𝑒𝑟𝑟𝑜𝑟 [m] 

1 21 0.180 0.078 

2 21 0.128 0.026 

3 21 0.265 0.029 

4 21 0.241 0.024 

 

In papers B and C, the object positioning performance has reached a level where 

it now can be implemented to provide operational basis for automation of 

functions in forestry machines. 

4.3. Additional Functions 

Realized in paper C, log pose estimation is an additional function of the vision 

system besides object detection and localization, which is a further step towards 

enabling autonomous operation. The realizations of log pose estimation, 

combined with log localization, were considered fully able to guide the crane to 

complete the automatic grabbing of logs. The overall performance of log pose 

estimation is shown in Table 4. 

Table 4. The difference between the estimated angle and actual angle presented as means and 

standard deviations (SD) for all pose estimations in each round. N is the number of estimations in 

each round of test 

ROUND N 𝑀𝑒𝑎𝑛𝑠𝑒𝑟𝑟𝑜𝑟 [degree] 𝑆𝐷𝑒𝑟𝑟𝑜𝑟 [degree] 

1 26 2.478 1.46 

2 26 2.83 2.69 

3 26 0.19 0.17 

4 26 1.66 1.03 

 

A comparison of the measured values of the log angles in pose estimation with 

the actual values are shown in Figure 11. 
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Figure 11. The pose estimation and actual angle between target log and machine for four rounds 
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CHAPTER 5.  
 

Conclusions 

This thesis reports the process of designing a machine vision system for forest 

machines with a purpose to ultimately replace some or all operator activities, to 

automate positioning and analysis of objects around the machine, and to improve 

the automation level of forestry operations. The motivation for this study comes 

from the current situation that the efficiency of forestry operation has halted, and 

in today’sproduction, operators use object identification in their daily work. 

With continuous development of machine vision, it is worth evaluating how to 

replace parts of the manual operation or even achieve complete automation of 

forest operations by building a machine vision system. The work presented in 

this thesis and the content covered by the additional papers is the initiation of a 

machine vision system to gradually improve the level of forest machine automation. 

5.1. Research Questions 

The research questions raised previously can be answered through the work 

involved in the thesis. 

Question 1. How can objects important for forest operations be identified? 

In forestry operations, the complexity of the working environment affects the 

specific implementation of the operation, and the complexity of the 

environment is caused by the existence of a variety of objects in the forest 

environment. Whether by machine or manually, it is necessary to constantly 

recognize the types, sizes, positions, postures, and other information of objects in 

the surrounding environment during forestry operations, and to arrange 

subsequent specific actions on this basis. In the work of this thesis, the automatic 

detection and localization of different forest objects, such as tree stumps, stones 

and logs, are realized by building a vision system with basis in different learning 

based object detection methods. In addition to that, the acquisition of object 

attributes, such as pose information of logs, has been realized. The results 

obtained can be said to have shown the basic ability to identify objects on forest 

land, and it is clear that the results can actually give a certain basis to the 

operations of obstacle avoidance, log grabbing, planting point selection and so on. 

In addition, object identification has been successfully implemented and tested in 

real field conditions. 

Question 2. How can a vision system be designed to enable autonomous forest 

operations? 
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What is shown in this thesis is the design and implementation of a vision system 

that can be deployed on a forestry machine to automate forestry operations. The 

design start from clarifies the specific content of the operation that needs the 

participation of the vision system in forestry operations, and to clarify the 

corresponding functional requirements. After the functional requirements are 

clear, appropriate sensors and vision methods are selected according to the 

requirements to realize the construction of the vision system.  

The vision system described in this thesis combines the functions of detection, 

localization and pose estimation of the target object to meet the needs of 

localization of wood, stone and log and pose estimation of the log. The need of 

high-resolution color images and depth information makes a stereo camera is 

selected as the vision sensor. The requirements of computing power and real-

time performance determine the chosen of detector and the selection of 

computing units. Finally, the overall construction of the whole vision system is 

realized. 

5.2. Summary 

Overall, it can be shown that the machine vision system based on vision sensors 

can be used to assist the object cognition of forest machine operators, or even 

replace the operator to complete the object detection and localization work to a 

certain extent, elevating the automation level of forest machines. Although the 

current research results in this thesis are still not sufficient to realize the vision of 

full automation, the methods proposed here are still a step forward in this 

direction. At least, the design process of the vision system in this paper reflects 

that the process of continuous improvement of the system combined with 

specific needs is feasible. The vision system applied to the forest machine can be 

further developed. 

5.3. Future Work 

Future work will focus on further improving the applicability and ease of use of 

the vision system, improving the implementation of additional functions, and 

improving the real-time performance of the system. Different detectors can be 

designed and trained to enhance the cognitive ability of the surrounding 

environment. Furthermore, the object classes that can be detected can be 

increased according to needs. Detection can also be improve using segmentation 

techniques that classify images on pixel-level. For the object localization function, 

it is also possible to further optimize its calculation method and improve its 

ability to position the whole object in order to obtain higher positioning 

accuracy, for example, multiple sets of position information of the same object 

can be processed and filtered again. The further improvement of additional 
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functions is also a major focus of future work, where specific tasks involved in 

forestry operations can be analyzed to expand the additional functions, so that 

the entire vision system can be more fully involved in all aspects of forest 

operations, but utilizing the same machine vision system and hardware setup. 
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