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doctoral studies of a selected student. This thesis was supervised by companies 

Ponsse Oyj and Metsäteho Oy, both operating in the field of forestry. When I 

originally applied for the doctoral studies to this program, I had already worked few 

years outside the academia. For that reason, making the decision for returning and 

committing to be a student for the next four years was not easy for me. However, 

the research subject was very interesting, and I took it as a once-in-a-lifetime 

opportunity. Taking the challenge turned out to be one of the best decisions I have 

made, and now this project is near its end. Obviously, I have not worked alone during 

these years, so it is time to give credit for several extraordinary people that have 

supported my work. 

First of all, this thesis would never be finished in its current form without the 

great supervision and guidance of my academic supervisor Professor Risto Ritala. 

He has offered me many new viewpoints, all the support I have needed for 

conducting my research, and very interesting discussions and lessons during the 

years. In addition, my industrial supervisors Kalle Einola and Jarmo Hämäläinen 

have very determinedly pointed me to the right direction, arranged possibilities for 

field tests and reminded me about the realities of the forestry applications in those 

numerous meetings we have had during the thesis. Thank you all for offering me 

this possibility, constantly encouraging me to continue and providing very interesting 

research setting for my dissertation. 

Of course, there has been many other people contributing to my work. I want to 

thank Markus Strandström from Metsäteho for being a great co-author in the second 

publication in this thesis and for helping me with the data collection in the forest. 

Similarly, many colleagues from Luke (Natural Resources Institute Finland) have 

enabled my research outputs by kindly offering huge amount of relevant forestry 

data and a possibility to participate to the meetings of related projects. My 

compliments also to many forest operation contractors/machine operators that have 
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school times, and you have become lifelong friends that I could not survive without. 

So big thanks especially for the friends in Karvakopla ry., you have kept me going 

with all the humor, late-night beer drinking and friendship. I want to also separately 

thank all my friends I’ve been honored to study with during my Master’s degree 

studies starting from 2007.  

Then the most important thing in my life, my family. I would have never reached 

this milestone without my loving parents, who have always been there for me when 

I have needed any help and who have encouraged me to pursue my studies in the 

subject that I have been most interested in. The grounding for everything has come 

from the caring home, where I have learned perseverance and to appreciate science, 

technology and humanity. So, I want to thank you, my parents and my sister, for all 
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by their curiosity that everything in the world can and should be questioned. I hope 

you and your new little brother will keep that curiosity and find your own way in life. 

 

Tampere, January 2021 

Lari Melander 

 

 
  



vii 

ABSTRACT 

Publicly available data describing forest environments has increased considerably in 

the past decade, mainly due to the development of the remote sensing technologies 

in the field. In Finland, information about tree properties and forest soil is available 

for the whole country with a resolution of 16m × 16m grid cells. At the same time, 

most of the logging in the world is performed with fully mechanized equipment. The 

automation level in these machines varies considerably, but the most advanced forest 

machines, the cut-to-length machines that are common in the Nordics in particular, 

are close to becoming autonomous robots. Such machines are designed for 

optimizing log production based on the needs of the sawmill for example, but they 

can also generate new information about the state of the forest, i.e., act as a forest 

data source. On the other hand, detailed information about the environment that the 

machine will encounter during the forest operations is valuable when optimizing the 

machine route or guiding the operator in adjusting the machine settings. 

In this thesis, the interactions between the forest machine and the forest 

environment are studied by analyzing the distinct forest data sources together. The 

thesis suggests the automatic data fusion of forest data sources for collecting new 

forest data with forest machines during forest operations and for being able to react 

in advance to environmental conditions. The effect of the varying conditions 

between forest operations is reduced by means of the forest clusters recommended 

for the forests in Finland, thus making the recorded data from forest operations 

comparable to each other. In addition, novel measurement systems are proposed for 

forest machines to improve their forest environment sensing capabilities, thus 

further increasing the amount of collected environmental data from forest 

operations. 

The results of the thesis show that the data fusion of forest data sources reliably 

enables analysis of machine and operator performance in varying environmental 

conditions. With the fusion approach, it was possible to identify statistically 

significant differences in machine signals when the forest environment changed. The 

proposed measurement systems for estimating the rut depth caused by the forest 

machine and the stoniness index of the forest ground were proved to be working 

solutions by the data collected in the thesis. 
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TIIVISTELMÄ 

Avoimesti saatavilla oleva, metsäolosuhteita kuvaava data on lisääntynyt 

merkittävästi kuluneella vuosikymmenellä, johtuen erityisesti 

kaukokartoitustekniikoiden kehittymisestä ja yleistymisestä. Suomessa tätä 

metsävaratietoa, eli tietoa puustosta ja maaperästä, on saatavilla koko maan kattavasti 

16m × 16m kokoisien ns. hilaruutujen tarkkuudella. Lisäksi suurin osa maailman 

puunkorjuusta suoritetaan koneellisesti, ja erityisesti Pohjoismaissa yleisesti käytetyt 

tavaralajimenetelmän hakkuukoneet ja metsätraktorit lähestyvät autonomisia 

ajoneuvoja niin ympäristönhavainnointi- kuin tiedonkäsittelykyvyiltäänkin. Nämä 

korkean automaatioasteen koneet on suunniteltu puutavaratuotannon optimointiin 

esimerkiksi sahalaitoksen tarpeiden mukaan, mutta koneet voivat myös tuottaa uutta 

informaatiota metsän sen hetkisestä tilasta. Toisaalta olemassa oleva tieto metsän 

tilasta on hyödyllistä esimerkiksi koneen retin ja asetusten optimoinnissa ennen 

metsäoperaatiota. 

Tässä väitöskirjassa on tutkittu metsäkoneen ja metsäympäristön välistä 

vuorovaikutusta analysoimalla metsäkoneen tuottamaa dataa yhdessä 

metsävaratiedon kanssa. Väitöskirjassa ehdotetaan menetelmää datan fuusioimiseksi, 

jotta metsäkone voisi luotettavasti tuottaa uutta tietoa metsäympäristöstä, sekä 

reagoida ennalta metsäympäristön muutoksiin. Metsäoperaatioiden välistä vertailua 

helpotetaan tutkimuksessa ryhmittelemällä Suomen metsät metsävaratiedon 

perusteella tyypillisimpiin metsätyyppeihin. Lisäksi tutkimuksessa kehitettiin uusia 

mittausjärjestelmiä, joilla parannetaan metsänkoneen kykyä aistia metsäympäristöä 

työskentelyn ohella ja tuottaa näin entistä enemmän uutta metsävaratietoa jokaisesta 

metsäoperaatioista.  

Tutkimuksen tulokset osoittavat, että datan fuusiointi ja metsäympäristön 

yleistäminen metsätyyppeihin mahdollistaa metsäkoneiden ja kuljettajien vertailun 

metsäoperaatioiden välillä erilaisesta metsäympäristöstä huolimatta. Datan 

fuusioinnilla saatiin osoitettua tilastollisesti merkittäviä eroja metsäkoneiden 

toiminnassa erilaisissa metsäympäristöissä. Väitöskirjassa ehdotetut uudet 

menetelmät urasyvyyksien ja maan kivisyyden mittaamiseksi osoitettiin toimiviksi 

tutkimuksessa kerätyn empiirisen aineiston perusteella. 
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1 INTRODUCTION 

1.1 Background and motivation 

Finland is one of the most forested countries in the world and the most forested 

country in Europe. Forests cover 75% of the Finnish land area (Lier et al., 2018) 

containing a growing stock volume of 2473 million cubic meters (Luke, 2018). 

According to Luke (2018), the annual growth of the forest stock in 2017 was 107 

million cubic meters and the total drain of the stock was 87 million cubic meters, 

thus the total volume of the forest stock is increasing in Finland every year. Finnish 

forests belong mainly to the boreal forest zone, consisting mostly of pine (50%) and 

spruce (30%), while broadleaved trees (mainly birch) account for 20% of the forest 

area. 

The forest resources have a very significant role in the Finnish economy. The 

gross value of forest industry products is approximately 20 billion euros, making it 

the second most important industrial sector in Finland. The forest economy is also 

a significant source of income for thousands of forest owners in Finland, as 64% of 

the forest resources is privately owned. The state owns 21% of the growing tree 

stock and the rest is under the ownership of companies, municipalities, and 

associations (15%) (Luke, 2018). The importance of forest resources for the 

industrial sector creates a constant pressure to increase the felling of the forests in 

Finland. In 2018, a total of 78 million cubic meters of roundwood was felled from 

Finnish forests (Luke, 2019c) and Luke (2017) estimates that felling could be 

increased to 85 million cubic meters in the period 2015-2024, while still maintaining 

sustainable growth. At the same time, global climate change necessitates actions 

against increased carbon levels in the atmosphere, and trees are in a key position with 

their ability to capture carbon and store it in their tree mass (Luke, 2019b). In 

addition, the biodiversity of the forests is suffering from large-scale logging (Luke, 

2019a). There are no obvious solutions to this complex problem. However, 

improving the efficiency of the wood procurement process in general increases the 

value of a single tree and thus relieves the pressure for additional timber cutting. 

Furthermore, understanding the sensitivity of the forest and the environment-



 

20 

machine interactions in forest operations better will reduce direct damage to the 

forest ecosystem.  

Currently, two thirds of the total tree volume harvested in the world is obtained 

with fully mechanized equipment (Lundbäck et al., 2018). This logging equipment 

varies considerably depending on the forest management procedures applied and on 

the forest environment characteristics. In Finland and in other Nordic countries, 

trees are typically processed directly into logs at the stand where they are felled, 

according to the needs of the sawmill. This type of logging is known as the cut-to-

length (CTL) method, typically using harvesters to process the trees and forwarders 

to transport them to the roadside. The CTL method necessitates sophisticated 

machines that are able to measure accurately the trees being processed, have good 

information processing capabilities, and can retrieve cutting instructions via an 

internet connection. Thanks to these capabilities, CTL machines offer a suitable 

platform for adopting new technology solutions that can increase the efficiency of 

forestry operations (Lindroos et al., 2019). The number of CTL machines is 

continuing to grow globally. In Sweden alone, more than 300 forwarders are sold 

annually (Nordfjell et al., 2019) and Asikainen et al. (2011) have estimated that 21 600 

new forwarders will be needed in the European Union region by 2030. CTL logging 

machines are not the only machines needed in the overall wood procurement supply 

chain, as typically simpler excavator- or tractor-based machinery is needed for 

planting or soil cultivation tasks.  

Forest resource data, also called forest inventories, have been collected 

throughout the world for centuries for describing the current state of forests 

(Tomppo et al., 2010). Earlier, information on forest resources was gathered for local 

areas of interest, but later national forest inventories (NFIs) were developed for 

enabling forestry planning at national level. NFI is traditionally produced by the 

statistical sampling of forests, that is to say, surveying the tree properties in some 

forest areas and generalizing the results for the unvisited locations. This is still a valid 

method, but modern sensing technology, remote sensing in particular, has made data 

collection more comprehensive and automatic. Lately, some of the forest data have 

been made publicly available (Kangas et al., 2018). In Finland, NFI datasets are 

publicly available for the whole country, together with many other detailed datasets 

describing some of the forest parameters, such as soil or tree properties. 

Publicly available and accurate forest data together with intelligent forest 

machinery in Finland enable a new, big data-driven approach for studying the 

interactions between machinery and the environment. Knowing these interactions 

improves decision-making at many levels, such as operations planning, driver 
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assistance, and vehicle routing, as the behavior of the machine and the environment 

can be predicted. The idea of utilizing forest data for decision-making in forest 

operations is not new; in the era of remote sensing of forest parameters, it is generally 

referred to as precision forestry. This thesis takes a more machine-centric viewpoint 

to the idea of precision forestry and suggests new methods for machine perception 

and data fusion of machine and forest data. 

1.2 Objectives and scientific contribution 

This thesis aims to answer the following research questions: 

1. What kind of benefit could be gained from using available multi-dimensional 
forest inventory data and forest machine fieldbus data together? 

2. What kind of automatic sensor system could reliably measure/estimate the key 
parameters of the forest ground during operation? 

3. Is it possible to create added value for DSS (Decision Support Systems) by 
analyzing machine-environment interactions with the above-mentioned 
information sources and big data analysis? 

The approach of the thesis was to collect data from forest machines during their 

normal work, combine it with the data from geoinformation systems, and apply data 

analysis methods to find associations between the datasets and enrich the 

geoinformation. Furthermore, the thesis aims to verify novel environment 

perception methods with empirical evidence collected from forest operations. Thus, 

the main scientific contributions of this thesis are: 

1. proposing and validating novel measurement systems for perceiving forest soil 
properties, namely soil rutting and stoniness; 

2. developing an automatic method for analyzing forest machine fieldbus data 
together with forest resource data; and 

3. suggesting new measures for comparing the performance of forest machines 
and their operators fairly, taking into account the working environment. 

1.3 Structure of the thesis 

The structure of the thesis is arranged as follows. Chapter 2 presents the forest 

operations in wood procurement today and introduces the adopted future vision of 
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forest operations, which serves as a guideline for the research in this thesis. Chapter 

3 is dedicated to explaining the current research on big data in forestry and related 

domains. Chapter 4 reviews current research in measurement technology on sensing 

the forest environment, as this thesis proposes new sensing methods. Finally, in 

Chapter 5, the contribution of this thesis to fusing forest data and developing novel 

environment perception methods is presented. Chapter 6 then draws the final 

conclusions and answers the research questions presented in Section 1.2. 
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2 FOREST OPERATIONS 

Forest operations refer to concrete actions for treating the forest, in terms of some 

given goals. Typically, forest operations in forestry aim to cultivate or fell forests for 

timber production purposes. Throughout the world, forest operations vary 

significantly for many reasons, including for example the forest type, topography of 

the forests, seasonal conditions, and traditions. These regional differences dictate the 

preferred forest management type and logging methods, consequently affecting the 

required forest machinery as well.  

2.1 Goals of forest operations 

The value of forest resources can be viewed from different perspectives. Forests can 

be considered, for example, as a source of timber production, a carbon sink for 

reducing emissions from the atmosphere, or a place for people to relax. This thesis 

concentrates on forest management that aims at the sustainable use of forests in 

wood procurement for industrial uses. Sustainability here refers to the idea of not 

significantly reducing forest resources, thus conserving timber production 

possibilities in the long term, and conserving the diversity of the forests by 

mimicking the natural renewal processes. In Finland, these priorities have been laid 

down in the general forest management recommendations (Äijälä et al., 2014). 

Taking these targets into consideration, the following goals for forest operations are 

identified in this thesis as: 

• Economic wood procurement operations 

• Maximized tree growth and quality 

• Minimized damage for the environment and forest machines 

Obviously, these goals may be in contradiction with each other. For example, wood 

procurement that is most profitable in the short-term could be harmful for the 

environment or interfere with the best tree growth by damaging the soil or trees left 
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behind. In general, the regional properties of the forests and the selected forest 

management regime can significantly determine which of the goals are emphasized. 

The aim of this thesis is not to select between the objectives or to optimize a single 

goal, but to provide methods for gaining a better understanding of the interactions 

in forest operations and thus a stronger basis for deciding on an improved balance 

between the goals. 

2.2 Forest management and logging methods 

In forest management for wood procurement, forest ecosystems are manipulated in 

order to promote timber production for industrial uses. Forest management regimes 

can be roughly divided into two main types: even-aged rotation forest management 

(RFM) and continuous cover forestry (CCF). In addition, there is a combination of 

the two, referred to as all-aged forest management (AAF) (Pukkala, 2016). In RFM, 

forests are regenerated by soil preparation and planting. The forest is then cultivated 

so that the most viable individual trees are left to grow, and others are removed 

either by tending with a clearing saw or by thinning operations. Typically, two 

thinning operations are performed during the lifespan of a forest, for example 30 

and 50 years after planting, yielding smaller raw wood and enhancing the growth of 

the remaining trees. Finally, the forest is clear-cut at the age of 40 to 100 years, and 

the regeneration process can start again (Äijälä et al., 2014). This results in a forest 

where most of the trees are of the same age. In contrast, the CFF regime aims to 

keep the forest in a state where trees of all ages are represented. In CFF, timber is 

procured only by means of thinning operations, and no clear-cutting is performed. 

For this reason, the forest is continuously left with some tree cover, promoting 

natural renewal. 

The most common forest management type in Finland, and in the world, is RFM 

(Puettmann et al., 2015), although there is increasing interest in CFF and AAF (Laiho 

et al., 2011). Due to its widespread occurrence, this thesis considers the forest 

operations typical for RFM forest management, from soil cultivation operations to 

clear-cutting. However, this is by no means to claim that the RFM type is superior 

to other forest management regimes given the goals mentioned. In fact, most of the 

methods in this thesis are beneficial especially in the CFF management type, where 

selective thinning operations need well-defined operations to avoid damaging the 

remaining trees and the soil.  
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In addition to the forest management regime, several options exist for the tree 

logging phase. As pointed out in the first chapter, two thirds of the world’s harvested 

tree volume is collected with forest machines in a fully mechanized manner.  The 

tree harvesting methods in a fully mechanized setting can be divided further into 

three categories: the cut-to-length method (CTL), the whole-tree method (WT), and 

the tree-length method (TL) (Fodor, 2017; Gellerstedt & Dahlin, 1999; Nurminen et 

al., 2006). In WT, trees are felled and transported as whole trees to the nearest 

processing area. TL is similar, but the trees are first delimbed at the felling site. The 

machines in these methods comprise typically feller-bunchers for tree felling and 

skidders for hauling the trees to the processing site. The processing site near roads 

necessitates processors to cross-cut and possibly delimb the trees for long-distance 

transportation. In CTL, trees are processed into log assortments immediately during 

felling, according to the demands set by the sawmill. This method has been widely 

adopted in the Nordic countries, in particular in Finland and Sweden, where almost 

all of the logging is executed with CTL systems (Gellerstedt & Dahlin, 1999; 

Nurminen et al., 2006). It is also the main harvesting method in many other 

European countries, and in Australia, Uruguay and Brazil, among others (Lundbäck 

et al., 2018). The cut-to-length method incorporates typically two machines: a 

harvester and a forwarder (Nurminen et al., 2006). The harvester generates a logging 

road by felling, processing, and sorting the logs along it. The forwarder then carries 

the logs to a landing for long-distance transportation. The CTL method necessitates 

more sophisticated machines than other types of logging, as it aims at a very 

controlled and efficient wood procurement process (Gellerstedt & Dahlin, 1999). 

The CTL method is also known to have lower emissions and cause less damage to 

the environment than other methods (Cudzik et al., 2016; Fuente et al., 2017). 

Mechanized forest operations in the RFM forest management regime with the 

CTL logging method include at least the following tasks that require decision making 

at the planning and operational level: 

• Cultivation of the forest soil before planting: decision on the cultivation method 
(e.g., mounding, scarifying, or harrowing), and intensity and locations of tilling. 

• Seeding or planting of the trees: decision on the methods (e.g., manual or 
automatic planting), selection of tree species, and planting intensity. 

• Several thinning operations with harvesters and forwarders: decision on the best 
machine routes, thinning intensity, and selection of the individual harvested 
trees. 

• Regeneration felling with harvesters and forwarders: decision on the optimal 
route, log transportation, and selection of individual retention trees. 
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2.3 Forest machines 

In this thesis, a forest machine is defined as a fully mechanized piece of equipment 

that is utilized in forest operations for manipulating the forest environment. This 

definition is somewhat wider than the general idea of forest machines; traditionally 

forest machines are understood to be the machines responsible for the felling and 

collection of trees. The wider definition also includes for example the excavators and 

planting machines utilized in the forest regeneration phase. The publications in this 

thesis consider the equipment common in Finnish forest operations: the CTL 

framework machines (harvesters and forwarders) and excavators in mounding 

operations (Rantala et al., 2010). These machines are typical in forest operations 

through the Nordic countries, although many purpose-built machines exist especially 

for the forest regeneration phase that are not included in the current research (see 

e.g., Londo and Mroz 2001; Luoranen et al., 2011; Löf et al., 2012, 2015; Saksa et al., 

2018). Furthermore, tree planting continues to be mostly manual work, at least in 

Finland and Sweden (Ersson, 2014; Laine & Rantala, 2013), so planting machines 

are not discussed here further.  

Forest machines have varying environment manipulation and information 

processing capabilities (Lindroos et al., 2019). Simpler machines, such as the 

excavators employed in the forest regeneration phase, for example in mounding 

operations, usually have limited information processing potential, although the 

number of sensors has increased in these machines as well. Forest harvesters on the 

other hand, particularly CTL machines, are capable of handling and analyzing 

hundreds of measurements and other data in near real time, and can be considered 

as cyber-physical systems (CPS). CPS refers to systems where physical components 

are tightly integrated to computational algorithms; for understanding the behavior 

of a CPS, one should consider both functions working together (Rajkumar et al., 

2016).  Intelligent forest machines, in respect of data handling, can provide processed 

and detailed forest data, but even the simpler machines can contribute to knowledge 

about the forest environment. Forest machines spend hours manipulating the forest 

environment each day, regardless of the machine type, and can thus be considered 

as moving forest sensors.  
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2.4 Important tree and environmental parameters 

In forestry, certain forest parameters are considered important, and knowing their 

values accurately in the target area would enable better decisions while planning and 

conducting operations. Individual trees are typically described by the species, height, 

diameter at different heights of the tree, for example top height diameter or 

diameter-at-breast height (DBH), and crown area (Choi et al., 2007; Dong, 2009; 

Holmgren & Persson, 2004; Hyyppä et al., 2001). In forest inventories, grid-based 

forest areas can be described with summary statistics of single-tree parameters and 

some other measures, such as the stem count for describing the density of trees, 

basal area, biomass, and tree volume (Kankare et al., 2013; Leeuwen & Nieuwenhuis, 

2010).  

In forest operations, the condition of the forest ground is important when the 

machines need to avoid sinking, in particular on soft soils. The condition of the soil 

is affected most importantly by the soil type, water content, soil topography, 

temperature and thickness of the organic layer, but also by the number of passes of 

heavy vehicles (see e.g., Vega-nieva et al., 2009; Ampoorter et al., 2010; Cambi et al., 

2015; Sirén et al., 2019). As the physics behind the rutting caused by a vehicle is 

rather complex, the rut depth itself is commonly an important soil parameter to 

measure (Haas et al., 2016; Marra et al., 2018; Salmivaara et al., 2018). The stone 

content of the soil is important as it affects the load carrying capacity, soil hydrology, 

and thus the potential for forest timber production (C. P. Eriksson & Holmgren, 

1996; Stendahl et al., 2009). Furthermore, high stoniness negatively affects the 

mechanical preparation of the soil in the forest regeneration phase. 

2.5 Vision of future operations 

This thesis adopts a vision of future forest operations and seeks to optimize the value 

of the proposed methods with respect to it. According to this vision, forest-related 

data, such as the key tree and environmental parameters, are expected to become 

available in ever larger quantities and with improved accuracy. Satellites, forest 

machines, and unmanned aerial vehicles (UAV) will acquire this data directly and 

automatically. The stakeholders of forest operations will be able to access most of 

this data. Forest machines will become more and more autonomous, and thus must 

be equipped with increasing information processing capabilities and new systems to 
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perceive the environment. At the same time, tighter regulations will be set to restrict 

the felled tree volume and the environmental damage caused by forest machines.  

These trends, already present today, will change the way forest machines operate 

in the future. The most striking development will be that forest machines will no 

longer be isolated entities in the forest but rather connected components of a large 

forest operation ecosystem. Based on forest and machine fleet data, the best 

allocation of machines to worksites will be selected, and for each machine its 

parameters, route, and tasks will be planned in detail beforehand for each forest 

operation. At the forest site the machines will further adapt to the forest conditions 

according to the new information perceived. In the near future, forest machine 

operators will be advised automatically about optimal ways in routing and adapting 

to the forest environment. Eventually the machines will function autonomously. 

Each operation in the forest will generate new forest and forestry data, which will be 

uploaded to the platforms that distribute the data to all the stakeholders. 

The transformation from state-of-the-art forest operations to this vision requires 

identification of the cause and effect patterns between the forest environment, forest 

machine, and actions to be carried out in the forest. Situation awareness (SA) theory 

is a framework that systemizes the increased intelligence, cognitive capabilities, and 

autonomy in this transformation. It describes the ability of an agent to perceive and 

comprehend its environment and understand and predict the consequences of its 

actions. The best known and one of the first comprehensive definitions of SA was 

given by Endsley (1995). The main idea in Endsley’s SA model is to divide situation 

awareness into three cognitive levels: perception (level 1), comprehension (level 2), 

and prediction (level 3). In this model, agents make decisions based on a mental 

model and the feedback coming from the environment (Figure 1). Other definitions 

and refinements of Endsley’s approach include Franke and Brynielsson’s (2014) and 

Endsley’s (2015). 

Figure 1.  Situation awareness model according to Endsley (1995) 
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The ability of an actor to understand the state of its environment and the 

consequences of the performed actions can be reflected in forest operations as 

follows. The first level means the ability of perceiving the forest environment, for 

example with measurements made by the forest machine itself or by remote sensing. 

At the second level, these measurements are translated into an understanding of the 

overall state of the forest trees and the soil, for example whether the yield of the logs 

will be as expected or whether the soil is trafficable. Ultimately, at the third level, the 

machine will be able to predict the outcomes of the intended actions and to choose 

the best way of working; for example, how much fuel will the forest machine 

consume in the intended operation, or how severe the damage would be for the 

environment. 

The pace at which the industry will move towards this vision and many aspects 

of the vision itself are uncertain and subject to criticism. However, the vision is 

presented here to explain the motivation of this thesis: the thesis seeks to develop 

methods that pave the way towards situational awareness in forest operations by 

applying machine learning to versatile forest data.  
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3 BIG DATA ANALYSIS IN FOREST OPERATIONS 

3.1 Big data 

Big data (BD) is a term largely employed in the literature, in both scientific and 

commercial contexts. The term has no unambiguous definition, but generally data is 

understood to be BD when it cannot be processed with traditional data processing 

methods due to the substantial size of the recorded data (M. Chen et al., 2014; Mauro 

et al., 2016). One of the most cited definition is that of the three Vs, initially coined 

by Douglas (2001) and later extended to six Vs (Dijcks, 2012; Gandomi & Haider, 

2015; Schroeck et al., 2013). This definition describes the characteristics of BD that 

make analysis and storing difficult: 

• Volume (V1): The increasing amount or scale of data. 

• Velocity (V2): The short time interval in which new data is created and should 
be stored or analyzed.  

• Variety (V3): Variation of data types (e.g., videos, images, geographical data, 
sensor data, text), structure or dimensions of data. 

• Veracity (V4): The changing quality and accuracy of data. 

• Valorization or value (V5): The varying meaningfulness or economic value of 
the data inside the data mass. 

• Variability (V6): The changing velocity of the arriving data.  

These are the general characteristics usually present in BD datasets, but are not 

necessary for the data to be considered as BD, as the occurrence of any of them can 

cause challenges for applications utilizing the data. Although this is not the only 

definition nor a comprehensive one, it has been accepted as a common framework 

for many other definitions (Gandomi & Haider, 2015). In addition to the 

characteristics of the data itself, BD has also been defined as the entire process in 

which data provides insight for decision-making (Kalyvas & Overly, 2014). 

Indeed, the process of transforming data into information and knowledge is 

important since a massive dataset of itself has no value. Gandomi and Haider (2015) 
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divide the process into two phases: data management and analytics. The former 

includes acquisition, storing, and preparation of the data for analysis and the latter 

involves modeling, analysis, and interpretation. The management of large datasets 

requires distributed and scalable computing resources, such as Hadoop and 

MapReduce, capable of constantly providing data for analysis (M. Chen et al., 2014; 

Singh & Reddy, 2014). In this thesis, the emphasis is on the analysis of the data rather 

than on data management.  

The analysis methods for BD depend on the data and application, but often they 

consist of statistical methods, including machine learning (ML) and data mining 

(DM) techniques (Gandomi & Haider, 2015; Qiu et al., 2016). Statistical methods 

can be roughly divided into descriptive and inferential statistics, where the former 

includes a wide spectrum of techniques that aim to describe and summarize sets of 

data, and the latter aims to draw conclusions and derive estimates based on the 

underlying probability distribution. Most ML and DM methods are strongly based 

on statistical methods, and there is a significant overlap between the two. DM 

methods seek to find patterns and underlying structures by exploring large datasets, 

whereas ML techniques aim to detect patterns in data and either predict future data 

or optimize decision making under uncertainty (K. P. Murphy, 2012). The fields of 

ML and DM comprise partly the same algorithms, in particular in identifying 

structure in data. Recently, Rossit et al. (2019) reviewed BD analysis methods in the 

forestry domain and concluded that research in this area is still rather limited. In the 

reviewed literature, methods were applied such as linear regression, neural networks, 

regression trees, mixed models, association rules, and support vector machines. 

Furthermore, the authors proposed decision trees and k-means clustering for 

evaluating the productivity of forest harvesters. Kamilaris et al. (2017) have earlier 

reviewed BD studies in the closely related domain of agriculture and, although the 

domain holds a larger basis for BD literature, the methods found for analyzing BD 

are mostly the same. 

3.2 Machine learning 

The goal of ML is to use the right features in data for constructing the right models 

to solve the right tasks (Flach, 2012). In particular, ML provides automated methods 

for analyzing BD (K. P. Murphy, 2012), making the field essential for this thesis. The 

majority of ML methods can be divided into three categories: supervised learning, 

unsupervised learning, and reinforcement learning. The first category, also termed 
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predictive learning, aims to learn the mapping between input and output variables 

from a given set of input-output pairs, also called the training set. Thus, such 

algorithms require for the learning process a set of input-output data, referred to as 

labeled data, as the correct output values are given for each input data. Unsupervised 

learning, also known as descriptive learning, comprises algorithms that search for 

structures in data without any prior knowledge of the correct outputs, or labels. 

Therefore, since most data in the world is unlabeled, unsupervised learning is more 

widely applicable, but also a harder analysis problem due to its unconditioned nature 

(K. P. Murphy, 2012). In the third category, reinforcement learning, the algorithms 

aim to learn how to act optimally in an environment that yields reward or 

punishment signals according to the performed actions (K. P. Murphy, 2012). 

Reinforcement learning algorithms were not utilized in this thesis, and compared to 

the first two categories, these algorithms are few in number.  

Further, ML algorithms can be classified according to the underlying principles 

of the model they generate. One such categorization is into three groups of models: 

logical models, including tree and rule based models; geometric models, including 

linear and distance based models; and probabilistic models (Flach, 2012). However, 

according to Flach (2012), these groups may overlap as models can include 

properties from several categories. The performance of any ML algorithm varies 

depending on the dataset. A result known as the ‘no free lunch theorem’ states that, 

if a certain learning algorithm is applied to all possible datasets, the performance of 

the algorithm is no better than random guessing, i.e., no algorithm can outperform 

another universally (Wolpert & Macready, 1997). For this reason, given any single 

problem, no algorithm should be blindly favored; instead the performance of several 

algorithms needs to be compared. 

In real-life applications, a single machine learning algorithm may not solve the 

problem with satisfactory results, so several algorithms should be applied in 

sequence. For example, many supervised algorithms perform poorly with a high 

number of dimensions, because increasing the number of parameters being fitted 

without adding more data leads to increased uncertainty of the parameters, a 

problem also known as the curse of dimensionality (K. P. Murphy, 2012). Thus, quite 

commonly, applying a dimensionality reduction algorithm to the data prior to 

supervised learning can improve the prediction performance through decreased 

uncertainty of the fitted parameters in the final model. Furthermore, some 

applications may require identification of the data structure before prediction, or 

sequential predictions. 



 

33 

As DM shares many of the same methods as ML, in particular within the 

unsupervised learning family, all the learning or mining algorithms in this thesis are 

referred to as ML methods without further distinction between ML and DM. 

3.2.1 Supervised machine learning 

The goal of a supervised ML algorithm is to create a model that approximates the 

function relating inputs to outputs. The algorithms can be further divided into 

classification and regression algorithms based on the type of predicted output 

variables. If the desired output is a categorical variable, the learning task is a 

classification problem, whereas real-valued output labels call for regression 

algorithms. Many, but not all, supervised algorithms have variants for both learning 

problems.  

The basic problem in supervised machine learning, independently of the 

algorithm, is to determine the complexity of the model so that the essence of the 

underlying function between the inputs and outputs is captured in the model. If the 

model is too complex, it may also model the noise in the training data, and in that 

case the model is said to be overfitted. An overfitted model is not generalizable to 

new data, making it useless in practice. For this reason, models are evaluated by their 

accuracy with respect to data other than training data, i.e., test data. Table 1 presents 

an overview of the algorithms used in this thesis. 

 

Table 1.  Overview of the supervised algorithms utilized in this thesis                  

Supervised algorithms Logical (L), geometric 
(G) or probabilistic (P) 

Classification (C)  
or regression (R) 

Publication 

Artificial neural networks L, P C II 

Binary decision trees L C II 

Random forest L R III 

K-nearest neighbors G C II 

Linear discriminant analysis G C II 

Quadratic discriminant analysis G C II 

Linear regression G R III, IV 

Naïve Bayes P C II 

Quadratic discriminant analysis G C II 

Support vector machines G C II 
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The number of existing supervised algorithms is large, if not enormous, and the 

reader can find good reviews from textbooks (see e.g., Flach 2012; Murphy 2012).  

3.2.2 Unsupervised machine learning 

Unsupervised learning algorithms search for structure or patterns in data. Compared 

to supervised learning, the problem statement is less rigorous, and the accuracy of 

the model is not easily measured. The most common unsupervised learning setting 

is clustering, where groups of similar samples are identified from the data.  

Clustering algorithms typically search for similarities between individual data 

points by comparing them with a predetermined similarity measure. However, the 

scaling of the data affects the similarity, making the normalization of data an 

important aspect in the analysis, in particular with multidimensional datasets with 

differing scaling of the variables. There are many techniques for setting the scale 

either based on the distribution of the variable in the dataset or based on the domain 

knowledge. The simplest scaling technique for continuous variables is linear 

mapping into an interval of zero to one, with zero representing the smallest value of 

the dataset and one representing the largest value. If the values of a variable can be 

assumed to be normally distributed, values can be normalized by centering on the 

mean and dividing by the standard deviation, a process called standardization. 

Categorical variables are often preprocessed with the so-called one-hot encoding 

process, which generates an auxiliary variable for each categorical value of the 

variable and assigns a value of one when the category is active and zero otherwise. 

Furthermore, the similarity measure as an inverse of distance has many alternatives 

depending on the type of data. For example, distance in continuous data can be 

measured with the Euclidean or Manhattan distance functions and the similarity of 

categorical variables with the Jaccard similarity or Hamming distance functions. 

The general goal of a clustering algorithm is to find clusters that maximize the 

similarity measure inside the clusters but minimize the similarity between the 

clusters. The most well-known clustering algorithm is the K-means (Jain, 2010), 

which determines clusters by repeatedly calculating means in a variable space and 

assigning individual samples to their closest mean until the clusters have stabilized. 

The K-means algorithm is designed for continuous variables, but it can be modified 

for categorical variables, known as the K-modes algorithm (Chaturvedi et al., 2001). 

In these algorithms, the number of clusters needs to be specified in advance and the 

final model can allocate any new data vector to one of these clusters. Hierarchical 
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clustering methods are descriptive, as they model the data according to some 

distance function, resulting in a tree-like representation of the similarities between 

the samples (Seber, 1984). These models, together with density-based clustering 

models (e.g., DBSCAN (Ester et al., 1996)), can better reveal the structure of a 

dataset, but cannot directly predict cluster labels for new data without remodeling 

the entire data. 

Other common unsupervised methods include dimensionality reduction or 

finding associations in the data (Flach, 2012). The dimensions of a dataset can be 

reduced by projecting the data into a lower dimensioned space so that the loss of 

information is minimized based on some criteria. Common algorithms for 

dimension reduction include principal component analysis (PCA), t-distributed 

stochastic neighbor embedding (t-SNE), and linear discriminant analysis (LDA). 

PCA lowers the dimensions by projecting the data to new axes of maximized 

variation, called principal components. These principal components allow the 

reduction of dimensions while keeping most of the variation, but can also reveal 

hidden relationships as the new axes have domain-specific meanings. Table 2 

summarizes the unsupervised algorithms that were used in this thesis. 

 

Table 2.  Overview of the unsupervised algorithms utilized in this thesis  

Unsupervised algorithms Clustering (C) or 
dimensionality reduction (D) 

Publication 

Agglomerative hierarchical 
clustering 

C III 

K-means C III, IV 

K-modes C IV 

PCA D III, IV 

3.3 Data sources for the forest machine 

Sources for BD are typically multifold, and forestry data is no exception. BD sources 

in forestry have been reviewed by Zou et al. (2019), emphasizing the remotely 

collected and frequently updated spatial attributes of forests, i.e., forest inventory 

data. In addition, one of the most important sources for BD are CTL forest 

machines, as pointed out by Rossit et al. (2019), and meta-data on the forest 

operations themselves (Li et al., 2017). This thesis considers BD from the viewpoint 

of a forest machine, where the data sources can be divided into three categories: 

1. the fieldbus data of the forest machine, 
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2. the forest data available from external sources over a network, and 

3. sensors for perceiving the working environment. 

The categorization of the data sources is necessary due to the different characteristics 

of the data, taking into account BD analysis as well as understanding the availability 

of certain type of data in different types of forest machines.  

3.3.1 Fieldbus data 

The first data source group consists of the signals typically conveyed between 

sensors and actuators in a control system for the basic functions of forest machines. 

These data is transferred via a fieldbus, a digital two-way communication link for 

connecting devices in an automation system. Several fieldbus standards exist (e.g., 

Profibus, Modbus, and DeviceNet), as industrial domains have varying needs for the 

communication link, but a typical standard in vehicle systems is the Controller Area 

Network (CAN) (Sen, 2014). It is considered to be a simple and very reliable 

communication technique, and many CTL forest machines adopt it as a primary 

communication link for connecting the on-board devices. 

In forest machines, data carried in the fieldbus consists of signals related for 

example to the motor, transmission, hydraulics, and steering of the machine. The 

sampling interval in the fieldbus lies typically between a few to a hundred 

milliseconds, so new datapoints are generated at a relatively high speed. Depending 

on the capabilities of the forest machine, the value of the fieldbus data for the BD 

analysis varies. For example, CTL forest machines have from hundreds to a few 

thousands of measurements conveyed through the fieldbus every fraction of a 

second due to the extensive functionality offered by the machines, whereas 

technically simpler machines, such as excavators, have much fewer functions and 

measurements. 

Cars have evolved into cyber-physical systems as the number of sensors has 

increased and networking capabilities improved (Massaro et al., 2017), making them 

an appropriate point of reference for similar development in forest machines. The 

collection of CAN bus data from cars enables, for example, vehicle health and driver 

behavior analysis (Nkenyereye & Jang, 2017), the latter being one of the most studied 

in the field over recent years (see e.g., Choi et al., 2007; Wang et al., 2014; Carmona 

et al., 2015; Fugiglando et al., 2017). Most recently, Fugiglando et al. (2019) identified 

driving behavior from CAN bus data with a clustering approach, while Zhang et al. 
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(2019) proposed a deep learning framework for the same task. In addition to driving 

behavior analysis, CAN bus data has been utilized, for example, when predicting fuel 

consumption (Zeng et al., 2015) and detecting intrusions (Tian, 2017). In this thesis, 

the fieldbus is an important data source. Many of the control system measurements 

of a forest machine reflect the conditions of the forest environment and are thus 

considered as indirect measurements of the environment. Furthermore, the behavior 

of the operator can be analyzed similarly to what has been presented in studies of 

passenger cars. 

Fieldbus data in forest machines is traditionally not recorded for further use, as 

the signals are primarily intended for the control system to act according to the 

overall goals of the machine, and moreover, the recording of all the signals would 

require considerable efforts in data warehousing. Currently, a specific datalogger is 

often needed for recording the fieldbus data while the machine is working. However, 

CTL machines produce and record summaries of the fieldbus data related to 

production, according to the StanForD communication standard (Skogforsk, 2019). 

These records include, for example, reports of log production, quality assurance, and 

operational monitoring. Many studies have exploited these summaries to assess the 

productivity of forest machines (M. Eriksson & Lindroos, 2017; Olivera et al., 2016; 

Rossit et al., 2019; Strandgard et al., 2013) or the properties of the processed trees 

(Lu et al., 2018; Shan et al., 2019), but research on direct data analysis of fieldbus 

signals in forest machines has been rather limited. Table 3 presents an overview of 

the signals typically available in a CTL harvester. 

 

Table 3.  Example of fieldbus signals 

 Measurement and 
control signals 
(fieldbus) 

Positioning signals 
(GNSS) 

Production log 
(StanForD) 

Typical sampling 
interval 

0.01 – 0.1 seconds 1 second 1 – 100 seconds 

(for each cut tree) 

Number of signals >1000 2-10 ~10 

Data type Evenly spaced time series Evenly spaced time series Unevenly spaced time 
series 

Typical amount of 
data recorded in 8 
hours 

>1 GB 50 MB 100 kB 



 

38 

3.3.2 External data sources 

The second group consists mainly of forest data available from public sources but 

could also include aggregated data for example from the forest machine 

manufacturer’s own databases. Public sources for forest data can consist for example 

of NFI data, maintained by many European countries, Brazil, Canada, China, USA, 

Russia and New Zealand, among others, to provide accurate information for forest 

management (Tomppo et al., 2010). Public data sources vary considerably between 

countries, as some have consistently opened forest inventory data for public use, in 

the Nordic countries for example, (Kangas et al., 2018), while some other countries 

have no such development. In Finland, most of the forest data collected with public 

resources is openly available and supports automatic downloading (Hämäläinen, 

2016; Rajala & Ritala, 2016; Venäläinen et al., 2015). This forest data includes NFI 

data, but also more detailed data collected with airborne laser scanning (ALS) 

(Maltamo & Packalen, 2014). 

The characteristics of the described public forest data are fundamentally different 

from fieldbus data. As fieldbus data forms a time series for a relative short period in 

time, with a sampling interval of some milliseconds covering a few hours, forest 

inventory data is updated rarely, on a yearly basis, and changes slowly as the forest 

grows or is harvested. Forest inventory data is represented either in raster or vector 

data models, depending on the characteristics of the data. In vector representation, 

forest resources are modeled as points, lines, or polygons, each having their own 

coordinates, whereas in the raster model a regularly spaced grid holds the resource 

data values for a specific square area in the forest. In addition, forest inventory data 

covers a wide geographic area, but fieldbus data is very local and can describe only 

the environment on the route of the forest machine. However, based on forest 

machine data, forest inventory data could be updated locally as the forest operations 

change the status of the forest resources (Caccamo et al., 2018; Fischer et al., 2018; 

G. Murphy et al., 2006; Stendahl & Dahlin, 2010). 

In detail, open forest data in Finland includes forest inventory data, such as the 

statistical dimensions of the trees, the tree and soil type, and soil moisture 

information inside a 16m×16m grid cell. In addition, weather data and trafficability 

estimates are available on the same grid. Table 4 shows an overview of the forest 

data available in Finland. 
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The internet connection from the machine is an important aspect when utilizing 

external data sources in forest machines. For such data sources, an internet 

connection would be needed in the most remote forest sites as well. In Finland, 

internet coverage is very good even in remote locations, but this is not necessarily 

the case in some other countries. If such issues with the internet connection exist, 

larger sets of forest data need to be downloaded at one time when the connection is 

available to cover such gaps. 

3.3.3 Sensors for perceiving the environment  

The third data group is data from sensors perceiving the forest environment directly. 

These sensor systems are designed for measuring and understanding the 

surroundings of the forest machine for additional environment awareness but are 

not yet considered as standard forest machine functions. Such sensor systems are 

currently under development; some research studies have been published, but the 

systems are generally not yet ready for large scale production (Lindroos et al., 2019). 

The data from these sensors are typically images or point clouds but could also be 

vibration data from inertial measurement units (IMU), for example. 

Concerning BD in forest machines, the data from these sensors is of a different 

type than the data conveyed in the fieldbus and will most probably necessitate other 

data analysis algorithms. 

Table 4.  Overview of the forest-related data available in Finland 

 Tree inventory 
data  

Soil related 
data 

Elevation data Derived 
condition data 
(e.g., 
trafficability) 

Weather data 

Typical 
sampling rate 

1-5 years 1-5 years 5-10 years 1-5 years < 1 day 

Number of 
variables 

>50 >10 1-5 2-5 2-5 

Data type Continuous/ 

categorical 
variables in 
16m×16m grid 
cells 

Continuous/ 

categorical 
variables in 
16m×16m grid 
cells 

Originally in 
2m×2m and 10 
m×10m grid cells, 
adapted to 
16m×16m grid 
cells 

Categorical 
variables in 
16m×16m grid 
cells 

Continuous 
variables for each 
weather station, 
interpolated to 
16m×16m grid 
cells 
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Additional sensors measure the prevailing conditions in the forest accurately 

during operation but are restricted to the route of the forest machine. However, 

these sensors are needed for complementing the information gaps that are left after 

considering the fieldbus data and other external data sources. The research on 

sensing methods is extensive, and thus presented in more detail in Chapter 4, which 

considers the perception of the environment during operation. 
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4 SENSING THE FOREST ENVIRONMENT DURING 
OPERATION 

Information about the forest environment can be collected by many techniques. 

Forest parameters can be determined for example by a forest researcher visiting 

individual forest sites, an airplane with laser-based measurement methods, or a forest 

machine while conducting wood procurement operations. Traditional field sampling 

is costly and needs generalization of the measurements for larger forest areas. 

Similarly, overflights for mapping large forest areas are expensive and time 

consuming. These techniques are important for collecting data on a large scale for 

the planning of forest operations, but due to the long time span between the data 

collections, such measurements alone cannot give enough of the data needed for 

guiding forest machine routing at stand level, for example. Therefore, a great 

potential exists for detailed stand data collection by means of forest machines. In 

this chapter, direct and indirect methods for sensing the environment during 

operation are reviewed. In general, the sensed environment attributes can be divided 

into two categories: the properties and behavior of the forest floor, and the 

characteristics of the surrounding trees. Table 5 shows an overview of the methods 

for sensing the environment in the publications of this thesis.  

 

Table 5.  Sensing techniques in the publications of this thesis 

Sensing method Sensed environment, 
soil (S) or trees (T) 

Publication 

Camera-based  S I 

Inertial measurement units S II 

Fused fieldbus and forest data S, T III, IV 

4.1 Forest machine as a sensor 

CTL forest machines have numerous sensors that transmit measurements with a 

high transmission rate through a fieldbus. These sensors measure the performance 

of the transmission system, various machine temperatures, the position and 
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movement of the machine, and the dimensions of the processed trees, for example. 

Although the measurements are primarily for machine control, assisting the operator 

or documenting the production, they also indirectly describe the forest environment. 

For example, if the machine is sensed to be in a tilted position, the underlying cause 

is usually the topography of the forest ground or the bogginess of the soil. Similarly, 

new information about the forest stand is generated when the trees are processed by 

the harvester, as the logs are labeled by tree species and their diameters are measured. 

Earlier, fieldbus signals have not been widely studied as a source for describing 

soil conditions. However, some promising results were found by Suvinen and 

Saarilahti (2006) when they recorded transmission related signals from the fieldbus 

in order to estimate total resistance force and wheel slip in varying forest terrain 

conditions. Correspondingly, Ala-Ilomäki et al. (2012) found a connection between 

the experienced motion resistance and how much harvester wheels sank into the 

ground. 

CTL harvesters measure the dimensions of the cut trees in order to report the log 

production. For each processed log, the length, volume, and diameter along the tree 

trunk are measured. In addition, tree species and timber assortment information are 

typically saved for each record entry. These records enable the reconstruction of the 

dimensions of whole trees, as recently shown by Shan et al. (2019) and Lu et al. 

(2018). 

The Global Navigation Satellite System (GNSS) receiver is an essential sensor 

found in many forest machines, including all CTL machines and, in increasing 

numbers, some simpler forest equipment. GNSS positioning systems are maintained 

by several countries, including the United States’ Global Positioning System (GPS), 

Russia’s Global Navigation Satellite System (GLONASS), the European Union’s 

Galileo and China’s Beidou. With GNSS, the global position of the machine in the 

forest can be measured, thus locating the machine’s observations about the 

environment in global coordinates. This enables data fusion of the measurements 

and other positioned forest data. Accurate positioning of the machine during logging 

operations enables better tracking of the harvester head and thus the positioning of 

the individual trees being harvested (Hauglin et al., 2017; Lindroos et al., 2015). 

However, in forestry operations, the forest canopy may block or reflect the 

positioning signals from satellites, causing problems for GNSS systems (Andersen 

et al., 2009; Blum et al., 2016; Brach & Zasada, 2014). This is a highly researched 

problem and various technical solutions have been proposed, including Real-Time 

Kinematic (RTK) (Bakuła et al., 2015; Kaartinen et al., 2015), differential GNSS 

(DGNSS) (Ringdahl et al., 2011), and simultaneous localization and mapping 
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(SLAM) (Miettinen et al., 2007; Qian et al., 2017; Tang et al., 2015). These techniques 

need either constant connection to an accurately positioned base station, post-

processing of data or the mounting of additional sensors, making many of them 

economically infeasible for most forest machines. In CTL machines, an increasing 

number of sensors will probably make the SLAM-based solutions the most 

promising technique, as the same system would be able to produce information 

about the forest environment. 

4.2 Laser-based sensing 

One of the most commonly applied technology for measuring forest environment 

parameters directly is LiDAR (light detection and ranging), a 3D laser scanning 

system. In the LiDAR system, distances are measured by illuminating the target with 

laser light and determining the time it takes for the light to be reflected back to the 

sensor. By moving the laser, a cloud of multiple measurement points is created of 

the target environment. Based on these point clouds, the measured objects can be 

constructed into a 3D map, or tree/soil attributes can be modeled. One of the main 

advantages of LiDAR is the long range of measurements, so that the forest can be 

measured from airplanes. Furthermore, LiDAR has the capability of penetrating 

some of the forest canopy and it works in all lighting conditions. These advantages 

over other technologies have made laser-based solutions the most studied 

measurement technology in forestry in the past decade. 

Aerial remote sensing with LiDAR, namely ALS, has changed forest inventory 

mapping completely (Holopainen et al., 2014; Maltamo & Packalen, 2014) as LiDAR 

technology enables detailed mapping of ground elevations and forest environment 

parameters such as vegetation and tree heights. In Finland, ALS data, in combination 

with other data sources, has been used for forest inventories since the early years of 

the 21st century (Holopainen et al., 2014; Maltamo & Packalen, 2014). LiDAR 

technology enables measurements of the forest environment on ground level, inside 

forests. In terrestrial laser scanning (TLS), a static LiDAR system, commonly 

standing on a tripod, collects a point cloud of the surrounding environment. With 

TLS, tree-by-tree measurements for the use of forest inventories, traditionally 

measured with simple manual tools, can be automated (Liang et al., 2016). These 

measurements include tree height, diameter at breast height (DBH), volume, 

biomass, and stem curve (Liang et al., 2016, 2018; Moskal & Zheng, 2012; Wilkes et 

al., 2017). TLS has been widely researched for forest inventories in recent decades, 
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but as concluded by Liang et al. (2016) and later by Liang et al. (2018), TLS has not 

yet replaced conventional forest inventory methods due to difficulties in automating 

point cloud processing. TLS has also been applied for ground surface measurements 

(Koreň et al., 2015; Stenberg et al., 2016). 

Mobile laser scanning (MLS) and SLAM-based applications are the most relevant 

laser measurement concepts for forest machines. In MLS, the LiDAR system is 

mounted on a moving platform and typically positioned with GNSS and IMU. MLS 

allows more measured points of the environment to be collected as the platform is 

moving, but makes the accuracy of the measurements dependent on the accuracy of 

positioning, and thus on the visibility of satellites (Liang et al., 2016). MLS has been 

exploited extensively, for instance in mapping urban road environments (Guan et 

al., 2016; Kukko et al., 2009; Yan et al., 2016). In forestry, MLS has been studied for 

measuring tree attributes for forest inventories (Holopainen et al., 2013; Liang et al., 

2016; Lin et al., 2010), and for soil related parameters similar to road mapping: 

Salmivaara et al. (2018) measured the rut depths formed after a forwarder pass with 

a laser sensor attached to the rear of the forwarder. LiDARs, together with GNSS 

and IMUs, enable simultaneous localization of the forest machine, improving 

positioning under forest canopies and mapping of the tree positions. As recently 

shown by various authors (Kukko et al., 2017; Pierzchała et al., 2018; Qian et al., 

2017; Tang et al., 2015), positioning accuracy can be significantly improved, yielding 

accurate tree maps, and improving tree diameter measurements (S. W. Chen et al., 

2020; Pierzchała et al., 2018). 

4.3 Camera-based sensing 

Competing technologies for laser-based three-dimensional sensing include camera-

based solutions, namely photogrammetry, which is applied to images taken with 

regular cameras (Iglhaut et al., 2019), stereo cameras taking two images with known, 

slightly different points of view (Giancola et al., 2018), and time-of-flight (TOF) 

depth cameras (Giancola et al., 2018). In photogrammetry, a 3D representation of 

the scene is constructed from overlapping images, recorded with one or several 

digital cameras. The reconstruction of the scene is achieved by triangulation, either 

by knowing the exact camera parameters and offsets or by identifying corresponding 

objects in the images. The reconstruction is either a post processing operation for a 

set of images or an almost real-time operation with a stereo camera for an image 

pair.  
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Photogrammetry has enabled remote and close-range sensing applications in 

forest and environmental sensing, similarly to LiDAR systems (Iglhaut et al., 2019). 

Although camera-based solutions still set higher requirements for the illumination 

conditions and have limited visibility through forest canopies, advances in image 

processing algorithms and hardware have recently reduced the gap in accuracy 

between laser- and camera-based measurement solutions (Liang et al., 2015). Two 

main approaches, both common in the field of computer vision (Kyle et al., 2013), 

can be identified: stereo image processing with a stereo camera, and multi-image 

processing with a moving camera, also known as structure from motion (SfM). 

Iglhaut et al. (2019) comprehensively reviewed studies with the SfM approach in 

forestry and found that there exists a great potential in estimating the key parameters 

of trees with photogrammetry. However, the reviewed studies mostly did not 

concern forest machine mounted systems, but rather static systems, similar to TLS, 

and UAV mounted systems. Stereo vision has lately been used in fusion with other 

sensors (Aicardi et al., 2016; St-Onge et al., 2008; Jixian Zhang & Lin, 2017) and for 

measuring tree diameters in a close-range setting (Hapca et al., 2008; Rodríguez-

García et al., 2014). Pierzchata et al. (2016) and Marra et al. (2018) have modeled 

forest floor topography in a close-range setting with the SfM measurements. A 

similar study was carried out by Haas et al. (2016), with a stereo camera. The aim of 

these studies was to model the wheel rutting caused by a forest machine, but neither 

of these measurement systems were mounted on a forest machine. Such mobile 

measurement systems would have similar issues with global positioning as MLS, see 

above. Furthermore, all camera-based measurements require illumination with 

visible light, either daylight or artificial illumination. 

TOF cameras provide depth information similarly to LiDARs, as the cameras 

measure the time it takes for light to travel from the sensor to the target and back. 

The scene is actively illuminated, typically with infrared light in order to reduce 

daylight interference (Giancola et al., 2018). In contrast to LiDARs, TOF cameras 

measure the whole array of points at once, and they can therefore produce a point 

cloud of the scene with a single image. Many of the commercial TOF devices include 

a regular camera for the color perception of the measured points, to be overlaid on 

the depth data. However, as active illumination is required in TOF depth 

measurements, the downside of the technology is the low depth measurement range 

(typically between 1 and 20 meters), limiting the number of feasible use cases. 

TOF cameras have been studied much less than LiDAR or photogrammetry for 

sensing the forest environment. Some research exists in other fields, mainly due to 

the introduction of a consumer-grade TOF camera, Kinect for Xbox One (later 
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Kinect 2 for Windows), in 2013. In agriculture, Andújar et al. (2016) estimated weed 

volume with a tractor-mounted Kinect camera, Rosell-Polo et al. (2017) studied its 

use in measuring grape wines, and Yandun et al. (2016) used it to classify soil 

surfaces. Furthermore, Kinect has successfully been applied to the close-range 

modeling of land surfaces (Butkiewicz, 2014) and in robotics for navigation and 

obstacle detection (Fankhauser et al., 2015; Hernandez-Aceituno et al., 2016; Pagliari 

et al., 2016).  

Compared to photogrammetry, TOF cameras are close to stereo cameras in their 

applicability to forest machines, with an additional advantage of not needing visible 

illumination due to the infrared light measurement principle. However, the most 

recent consumer-grade TOF cameras are designed for a very short range and for 

indoor applications, for example in robotics, diminishing their research capabilities 

for forestry applications. In contrast, TOF cameras designed for industrial use are 

durable and have longer measurement ranges, but their sensor pixel resolution is 

typically low and the cost high.  

4.4 Inertial measurement units 

Inertial measurement units are a combination of sensors, typically accelerometers, 

gyroscopes and magnetometers, for measuring the orientation and movement of the 

unit. IMUs are widely adopted in applications where movements or vibrations need 

to be closely monitored or controlled. For example, virtually all mobile phones have 

IMUs for perceiving their posture and movements. The extensive use of IMUs in 

such consumer electronics applications has made the number of manufactured IMUs 

high, leading to both small and inexpensive sensors. Recently, they have been 

exploited in activity recognition not only for humans (see e.g., Lara and Labrador 

2013; Ronao and Cho 2016; Ignatov 2018) but also for heavy machinery (Akhavian 

& Behzadan, 2015). 

In forestry, the most advanced machines exploit IMUs for the detection of 

movements and the position of the entire machine or its components. CTL forest 

machines typically apply IMUs in controlling the leveling of the operator’s cab in 

uneven forest terrain and controlling the movements of the boom. In published 

studies, IMUs have mostly been exploited in SLAM applications for sensing the 

movements of the forest machine. IMUs can help in positioning the machine, and 

thus environmental measurements, more accurately without the use of LiDARs 

(Kaartinen et al., 2015). This approach is known as the inertial navigation system 
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(INS). However, IMUs can also sense the environment directly. Several studies have 

been conducted on classifying terrain type or roughness based on IMU data (Bai et 

al., 2019; Mei et al., 2019; Oliveira et al., 2017). In these studies, gravel, sand, and 

grass terrains, for example, were identified with IMU data alone. Although the 

measurements were conducted with relatively small rovers, the results suggest that 

similar applications could be possible in the forestry domain as well. 

4.5 Other sensors 

The sensor types discussed are not the only ones found in the literature capable of 

sensing the properties of trees or forest soil. Ultrasonic sensors can measure 

distances and composition of materials in short ranges. An ultrasound-based sensor 

has been used in detecting weeds in agriculture (Andújar et al., 2012) and defects in 

trees (Leininger et al., 2001). In addition, acoustic sensors have been proposed for 

sensing the interaction between vehicle and terrain (Libby & Stentz, 2012). Lin et al. 

(2013) and Adão et al. (2017) have shown hyperspectral imaging to be beneficial in 

mobile platforms for measuring more detailed parameters of trees. Similarly, ground 

penetrating radar (GPR) can be installed on mobile platforms to measure detailed 

terrain characteristics, such as soil moisture or tree roots for example (Ferrara et al., 

2017; Jonard et al., 2011).  

However, the measurement solution needs both features: an acceptable cost and 

the ability to sense during operation. In forest operations, the measurement system 

should consist of non-contact sensors capable of measuring the targets from a short 

distance without interfering with wood procurement tasks. For example, in the field 

of agriculture, numerous sensor systems have been developed to sense the 

agricultural environment, such as soil composition or crops (Pajares et al., 2013), but 

they can rarely sense without direct contact with the object being measured. 

Furthermore, the cost makes many of these measurement systems infeasible as a 

standard accessory in forest machines. 
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5 UNDERSTANDING MACHINE–ENVIRONMENT 
RELATIONSHIPS  

The architecture of future information systems in forestry should allow the flow of 

forest information in both directions: forest machines should be able to constantly 

retrieve forest data from external databases in order to optimize individual forest 

operations, and new information generated while performing the operations should 

enrich the existing forest information in the databases. The data-centric vision of 

future forest operations, introduced in Chapter 2, requires large amounts of data to 

be collected from forest machines during forest operations. Data can be stored partly 

in the forest machine but longer records of machine data, namely fieldbus data and 

data from environmental sensors, cannot feasibly be stored in the forest machines 

alone. Thus, forest machine data should be transferred to external data storage 

systems, such as those provided by cloud services. However, the amount of data 

generated during operation is too excessive for the current networking capabilities 

of forest machines.  

The compromise between the two extremes, i.e., storing all data locally in the 

forest machine and transferring everything immediately to external platforms, is to 

process the data locally, radically decreasing its size before transferring only the 

resulting information to external systems. In CTL forest harvesters and forwarders 

this is possible due to good computational resources, but some simpler machinery 

may lack the required computational and/or networking capabilities. In current 

systems, production data is an example of such processing, as summary statistics of 

the fieldbus signals related to the log cutting are calculated to describe the realized 

production. Production data is also transferred to external databases according to 

the StanForD standard. Similarly, summaries of the fieldbus signals can be calculated 

and allocated to the same grid as the environmental data and the resulting 

information can be transferred from the machine, enabling later analysis of the 

relationships between the machine and the environment.  

This chapter presents the main results of the thesis to support the vision 

introduced in Chapter 2. The sections of this chapter show how the technologies 

and method presented in Chapters 3 and 4 can be applied to enhance the information 

flow in forest operations. Section 5.1 demonstrates how fieldbus data from a forest 
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machine can be turned into valuable forest information and Section 5.2 introduces 

two suggested methods for sensing the environment directly during operation. 

Section 5.3 clarifies how the machine performance can be analyzed in respect to the 

forest environment and the operator. Section 5.4 shows how machine behavior can 

be predicted with forest data. More detailed information on each study can be found 

in the publications of this thesis. 

5.1 Fusion of forest data 

In Publication III, an automatic data fusion approach was proposed for aligning 

forest resource data to fieldbus time series data. As explained in Section 3.3, the 

nature of these two data entities is fundamentally different, as forest resource data is 

static in the time scale of the recorded fieldbus data (Figure 2). The data fusion 

approach adopts the grid-based structure of forest resource data, which in Finland 

is divided into 16m×16m sized cells. In the data fusion routine, the route of the 

forest machine is cut according to the grid cells, associating the time series of the 

fieldbus data to the forest resource data in the corresponding cell.  

Figure 2.  Relationship of forest resource data and fieldbus data in forest operations 
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As visualized in Figure 2, the forest machine route falls unevenly in the grid, and it 

may visit a grid cell multiple times or not at all. The length of the time series in each 

cell is the time the machine spends in the cell. Further, machine operations within a 

cell may vary considerably. For this reason, the proposed data fusion routine labels 

the time series at each cell according to the working mode of the forest machine and 

then samples the resulting time series type with a constant length window. The main 

steps in the proposed data fusion pipeline are: 

1. Record a time series of fieldbus variables while the machine is working. 

2. From the recorded fieldbus data (that should include the GNSS position), find 
the maximum and minimum coordinates of the visited forest area. 

3. Download the gridded forest resource data for the area between minimum and 
maximum coordinates over a remote connection. 

4. Find the corresponding grid cell ID for each time instant of fieldbus data based 
on the coordinates. 

5. Cut the fieldbus time series where the grid ID changes to intra-grid-cell time 
series. 

6. Label the resulting set of intra-grid-cell time series according to other variables 
such as the machine working mode. 
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7. Sample the resulting labeled intra-grid-cell time series with a predetermined 
window.  

8. Collect the labeled constant-length time series samples and forest data under the 
corresponding grid IDs. 

The resulting dataset offers the basis for detailed statistical analysis when searching 

for the relationships between the machine performance and the environmental 

parameters. 

5.2 Methods for sensing the forest environment 

Two novel methods were proposed for sensing the forest environment directly while 

working: an automated rut depth measurement system (Publication I) and an 

automated soil stoniness classification system (Publication II). The data from these 

measurements can be allocated to grid cells and fused with forest machine and forest 

resource data. 

Wheel ruts caused by logging machines while processing and transporting logs 

are among the most significant types of damage to the forest environment in forest 

operations. For this reason, there has recently been a lot of research on methods for 

measuring the severity of ruts. However, modeling of rut formation has so far 

concentrated either on measurements after the forest operation or on LiDAR 

measurements during operation. Publication I proposed a novel method for 

measuring wheel ruts with TOF cameras during operation (Figure 3). The study 

utilized the second version of Kinect, a TOF camera developed by Microsoft, which 

has a very low price but must be separately shielded to withstand forest conditions.  

The benefits of this technology compared to laser measurements comes from the 

high number of simultaneously measured points (see Figure 4). This makes the 

analysis of the rut depth easier computationally. Furthermore, the machine motion 

can be monitored by cross-correlating the depth images. The study showed that the 

technology is well suited for this purpose and would enable continuous collection of 

rut depths during operation. Such measurements are important for both 

documenting the damage caused and for providing the capability to react to the 

conditions prevailing in the current forest operations, eventually avoiding damage. 

In the context of this thesis, automatically collected rut depths could be fused with 

forest resource data and fieldbus data. 



 

52 

Figure 3.  Time-of-flight rut depth measurement system proposed in Publication I. The cameras are 
mounted at the end of the blue hoses above the rearmost wheels of the forwarder 

 

Figure 4.  A depth image acquired with a Kinect TOF camera showing the wheel rut after machine 
passage. White rectangles indicate the areas selected for measuring the ground surface 
base level (sides) and rut depth (middle). (Publication I) 
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The second automatic measurement system was proposed for the spot-mounding 

operation, a typical soil cultivation procedure before forest plantation. This serves as 

an example of a non-logging forest machine collecting relevant information about 

the forest site years before the first logging machines arrive. Information about the 

stone content in the topsoil of the forest is important in forest management as it 

affects the quality of the mounding or mechanical planting operations, the growth 

of the trees, and the hydrological system of the soil. However, this information is 

not currently available in Finland and methods for measuring it automatically do not 

exist. Publication II proposed continuous vibration measurements of the excavator 

boom while the machine works in the mounding operation as the basis for detecting 

the soil stoniness level (Figure 5). The results indicate that it is possible to build a 

classification model with the measured vibration data and ML methods for 

classifying forest areas into low, moderate, and high stoniness classes (Figure 6). 

Figure 5.  Measurement system (marked with red circle) for detecting stoniness class from the 
vibrations of the excavator boom in spot-mounding operations 

 

Figure 6.  Map of a mounding site showing manually measured (circles and diamonds) and predicted 
(grid) stoniness classes. The predictions are based on the vibrations measured from the 
excavator boom. (Publication II) 
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5.3 Impact of the forest environment and the operator on 
machine performance 

In Publications III and IV, the benefits of the proposed data fusion approach were 

demonstrated by collecting fieldbus data from working CTL forest machines and 

generating combined datasets with environmental and machine data. The 

correlations in the datasets were analyzed and ML methods were developed for 

inferring relationships between the machine, its operator, and the environment. The 

results in Publication III indicate that some of the transmission signals of the forest 

machine correlate with forest data and that the soil type affects both the transmission 

signals and the fuel consumption of the machine (Figure 7). Such results alone are 

probably not that surprising. However, without the data fusion method it would be 
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hard to prove such associations or show their magnitude, which is highly relevant 

information when evaluating their impact on machine performance.  

Figure 7.  Correlation matrix between forest resource data and harvester fieldbus data. The forest 
resource data was reduced to four principal components with PCA before the data fusion 
process. (Publication III) 

 

Dimensionality reduction (PCA) and the K-means clustering pipeline were suggested 

in Publication III for determining the most common forest types in the forest 

resource data. In Publication IV, this idea was extended to general tree and soil types 

in Finland, and a nationwide clustering of forests was generated by systematically 

sampling the forest resource data for the whole of Finland. The result of the 

clustering analysis was to divide Finnish forest data into 45 tree clusters and seven 

soil clusters. The purpose of such clustering is not to replace earlier forest 

classification concepts, but to provide a systematic method which depends on 

available forest inventory data and describes the forest around forest machines with 

respect to all forests in Finland. At present, forest management in Finland utilizes 

forest stand classification system developed by A. K. Cajander in the early of the 
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20th century (Cajander, 1926, 1949). Cajander's system classifies forest sites based 

on the typical plant communities in certain climatical conditions. The proposed soil 

type clustering includes fertility class, which inherits its categorization from 

Cajander’s theory of forest types and a more recent harvesting trafficability class 

(Kankare et al., 2019), making the clustering model dependent also on the currently 

used classification practices. The proposed tree clustering model, on the other hand, 

includes size and species information of the trees, describing the current state of the 

forest, which is not considered by Cajander’s classification system. Use of similar 

tree data for forest classification have been proposed by various authors (see e.g. 

(Hagner & Reese, 2007; Reque & Bravo, 2008)) but forest management decisions in 

Finland are not relying on such classification models.  

The forest clusters are particularly important when comparing the performance 

of forest machines and/or operators in forest operations based on the fused data: 

the comparison is fairer provided that the machines are operating on similar forest 

clusters. The proposed clustering method does not guarantee that the residual 

variation inside the clusters would be decreased under the level of significance for 

every forest variable, but considerable portion of the variation is removed with the 

suggested solution. Furthermore, if the cluster model is available in the on-board 

computer of the forest machine, the performance can be set in the right context 

already in the forest, decreasing the need for transferring large amounts of machine 

data to external servers. 

The clustering and statistical analysis in Publications III and IV showed that the 

CTL forest machines exhibited statistically significant differences in performance 

between the varying environmental conditions as judged by the forest clusters. 

Furthermore, the collected data in Publication IV revealed significant differences in 

fuel consumption and log production between the machine-operator combinations 

even when working in the same type of environment, i.e., the same forest type 

cluster, indicating that one unit worked more efficiently than another (Figure 8). On 

the one hand, such discoveries confirm that the differences in environmental 

conditions should always be considered even when comparing the performance of a 

similar type of forest machine; on the other hand, the primary causes for the 

differences need to be identified in order to optimize the actions conducted in forest 

operations.  

Figure 8.  Performance examination (production volume per fuel consumed) of two harvester-
operator combinations in regeneration felling. The proposed data fusion and forest 
clustering methods enable fair comparisons within the forest type. (Publication IV) 
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5.4 Predicting forest machine behavior 

Fused forest machine and forest environment data enables predictive modeling with 

ML methods. The most interesting setting, concerning data availability, is predicting 

the behavior or performance of the forest machine based on forest resource data, as 

it is available before the forest operations throughout Finland. Such modeling 

requires training of the model in advance with recorded machine datasets, but 

afterwards the model would be usable for all operations. However, training such a 

model requires examples of machine data from a large range of forest conditions to 

be able to predict the machine behavior reliably in varying conditions. In Publication 

III, models were trained with linear regression and random forest algorithms to 

predict the average value of a fieldbus signal, related to the cooling of the forest 

machine, in 2-second time windows (Figure 9). The random forest model performed 

well on the test dataset: the coefficient of determination was 0.93. Forest data was 
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also shown to explain a considerable portion of the variance in other signals, 

including fuel consumption, as the coefficient of determination varied between 0.6-

0.8, especially in the cases where the forwarder was driving forward. These results 

were not applicable to the whole of Finland, due to the fact that collection of 

machine fieldbus data was only local, but they indicated the high usability of forest 

resource data in predicting machine behavior.  

Figure 9.  Performance of a random forest regression model in predicting mean values of fieldbus 
samples given the forest resource data. (Publication III) 

 

Another use of predictive modeling with the fused data is to examine the trained 

model itself in order to distinguish the most important reasons behind the changes 

in a certain signal. In Publication IV, a linear regression model was trained with both 
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machine signals and forest resource data to determine which variables had the 

highest effect on the fuel consumption of the harvester. This approach requires an 

ML model that is either transparent, such as a linear regression model with clearly 

attributable coefficients, or additional methods for discovering the importance of 

variables for the model, such as the permutation importance method. Knowledge 

on the most important variables concerning performance-related signals, such as fuel 

consumption, enable the detection of the primary reasons for the differences in 

machine performance, as proposed in Publication IV. Once again, most 

generalizable results are gained if the predictions are made according to forest type 

clustering. The results shown in Publication IV revealed that the most important 

reason for the differences in fuel consumption between the two machine-operator 

combinations that were tracked was the setting that determined the rotations per 

minute (RPM) for the diesel engine of the harvester while working (Table 6). 

Similarly, higher driving speed and increased steering movements were observed to 

be the most influential reasons for fuel consumption while the machines were being 

driven. 

 

Table 6.  The most important reasons for the higher consumption of a machine-
operator unit within forest clusters. (Publication IV) 

Cluster 
number 

Reason 1 Reason 2 Reason 3 

Soil clustering 

1 Higher speed Increased steering movement More inclined route (front-
rear) 

2 Higher speed More inclined route (front-
rear) 

- 

4 Higher speed Increased steering movement - 

6 Higher speed Increased steering movement - 

7 Increased steering movement Higher speed - 

Tree clustering 

15 Higher diesel engine RPM 
setting 

Increased 2nd boom joint 
movement  

Increased boom extension 
movement 

17 Higher diesel engine RPM 
setting 

Increased stem count in the 
grid cell 

Increased harvester head 
rotator movement 

22 Increased feed control 
forward 

Number of cuts Increased feed control 
backward 

33 Higher diesel engine RPM 
setting 

Increased 2nd boom joint 
movement 

Increased harvester head 
rotator movement 

41 Higher diesel engine RPM 
setting 

Increased tree volume in the 
grid cell 

Increased boom extension 
movement 
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6 SUMMARY AND CONCLUSIONS 

This thesis proposed novel methods for perceiving the forest environment as well 

as a data fusion approach for aligning operational forest machine data to forest 

resource data. Development in both of these areas is expected to reduce the gap 

between the current state of forest operations and the future vision presented in 

Section 2.5. In the light of the empirical findings in the four publications of this 

thesis, the research questions are answered as follows.  

Research question 1: What kind of benefit could be gained using available multi-dimensional forest 

inventory data and forest machine fieldbus data together? 

This thesis suggests a systematic approach for creating joint datasets between 

machine and forest resource data automatically. The question is answered directly by 

showing the opportunities opened up by the fused dataset:  

1. Correlations can be calculated easily between the machine signals and the 
environmental parameters, enabling inferences that support decision making in 
forest operations. 

2. Machine performance can be studied in very detailed conditions, as the samples 
in the fused dataset are independent and can be freely selected for analysis. For 
example, only the data where a machine is climbing uphill or cutting trees of a 
specific size could be chosen for the joint analysis of machine signals and forest 
data.  

3. The fieldbus signals of the forest machine, related to its performance, can be 
predicted more accurately with the fused dataset as the forest resource data is 
taken into account.  

 

Research question 2: What kind of automatic sensor system could reliably measure/estimate the 

key parameters of the forest ground during operation? 

The question was answered by developing and validating two new methods for 

directly measuring two important forest ground parameters: the rutting caused by a 

forest machine and the stoniness of the topsoil. These two parameters are not known 
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or derivable without direct measurements, so the development of new methods is 

justified and of importance. Various authors had earlier suggested measurement 

systems for rut depth measurements, but time-of-flight camera technology had not 

earlier been studied for this purpose, despite some of its benefits. The proposed soil 

stoniness classification method is unique in the sense that no such automatic 

measurement system has been suggested in the literature before. 

Research question 3: Is it possible to create added value for DSS (Decision Support Systems) by 

analyzing machine-environment interactions with the above-mentioned information sources and big 

data analysis? 

The data fusion approach enables the prediction of machine behavior in varying 

environments. Such predictive models can be valuable for DSS when planning the 

routes of the forest machines for forest operations, for example, as difficult soil 

conditions could be avoided or operations that were not possible earlier due to soft 

soils could be realized. In addition to the suggested data fusion approach, clustering 

the forest resource data in Finland in order to find general forest types was proposed 

and demonstrated. The results show that clustered forest data can help in reducing 

the effect of differing environmental conditions when comparing forest machine 

performance. When the performance of different machine types and operators can 

be addressed fairly, the DSS will have additional information based on the forest 

type for the next forest operation being planned. For example, some operators may 

be more efficient in certain types of forest, so that training can either be arranged 

for operators about the forest types that are difficult for them, or operators can be 

allocated so that the strengths of each operator are best capitalized. In addition, it 

was shown that the reasons behind performance differences can be identified, again 

yielding valuable information for the DSS.  

Overall, the results in the thesis show that environmental data should be taken 

into serious consideration when designing new forest machines and preparing future 

forest operations. Although this work is not sufficient to realize the vision of future 

forest operations, the methods presented here are a step forward in this direction. 

The datasets generated by the proposed data fusion approach could also be applied 

for numerous useful purposes not discussed here. This thesis shows only examples 

of the many possible applications that could be achieved by analyzing fused machine 

and forest data.  

Future work should include efforts on continuous data collection to verify the 

observed machine-environment interactions, research on the best representation of 
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the fieldbus time series in the data fusion process, and improvements on the Finnish 

forest clustering procedure. Clustering of the forest stands for supporting forest 

operations can be one of the most important research directions, as it would ease 

the performance comparisons between separate operations. It is encouraged that the 

experts in the forestry domain would investigate the data for verifying the results, 

proposing more reasoned number for the forest types, and selecting the most 

meaningful variables to be included in the clustering model. In addition, the 

proposed soil stoniness measurement system would be ready for large-scale 

deployment after training and validating the classification model with more 

measured data. 
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Time-of-flight imaging for assessing soil deformations and 

improving forestry vehicle tracking accuracy 

Automatically collected forest environment data is essential when developing more accurate and 

efficient forestry operations. Reliable position-based data enables efficient wood procurement 

operations and helps to avoid damage to the forest floor. A modern forestry vehicle with 

extensive sensing capabilities could measure environmental parameters, such as soil type, 

topography or weather conditions, while carrying out other wood procurement tasks. 

Furthermore, methods to improve positioning accuracy are also called for when the positioning is 

based on global satellite navigation systems (GNSS), whose signals are often blocked by the 

forest canopy. In this paper, data is collected automatically with two of Microsoft’s Kinect v2 

time-of-flight sensors during field tests in a forest environment in Southern Finland. The aim of 

the paper is to propose methods which will improve positioning accuracy by enabling the 

movements of the forwarder to be detected and also to provide reliable measurements of any soil 

deformations caused by the vehicle in real time. The results show that Kinect v2 technology 

enables tracking of the vehicle’s movements over short distances with sub-meter accuracy, thus 

supporting the GNSS positioning during the short periods of unavailable satellite visibility. 

Kinect v2 technology has also been shown to be able to measure the depth of ruts as accurately 

as conventional manual measurements. 

Keywords: Kinect v2; time-of-flight; depth camera; heavy forestry vehicle positioning 
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Introduction 

Detailed forest resource management, or precision forestry, means that various modern 

technologies are used to gather information about the forest so that its characteristics can be 

determined accurately with high spatial resolution (Holopainen et al. 2014). Such information 

maximizes the efficiency of forestry operations and minimizes any permanent impact on the 

forest floor. Much recent research has been based on the vast amounts of positioning data 

gathered from the field operations of modern cut-to-length harvesters (Oliviera et al. 2016). One 

particular field of interest is how to combine the harvester data with data from remote sensing, 

such as airborne laser scanning (ALS), to record accurate single-tree data (Lindroos et al. 2011; 

Holopainen et al. 2014).  

A forestry vehicle is a potential platform for automatically collecting data about the forest 

environment while carrying out normal wood procurement tasks. Among the parameters of 

particular interest are the soil’s characteristics, such as its type, moisture content and topography. 

A modern forest vehicle could also collect other data on spatially or temporally varying 

parameters, such as the weather conditions. Automatically collected data about the above 

characteristics would enable the development of new applications for improving the quality of 

forest operations. For example, traversability estimates based on detailed information about the 

forest’s resources and operating conditions could be used for routing the forwarder. Data about 

soil deformations, for instance, which used to be collected manually, could be collected and 

processed automatically for real time usage and better coverage over the driven routes. 

In order for the data about the environmental parameters to be used efficiently in 

Geographical Information Systems (GIS) it must be positioned accurately. Most heavy forestry 

vehicles are positioned with one or other of the three available global navigation satellite systems 
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(GNSS): the United States’ Navstar Global Positioning System (GPS), Russia’s GLONASS and 

Europe’s Galileo system. The system used, and the receiver technologies, can have a significant 

effect on positioning accuracy, as can the forest conditions, which obviously affect how well the 

vehicle receives the satellite signals. It is well known that satellite positioning of a moving 

vehicle under a forest canopy is difficult because the signal is sometimes blocked and thus 

temporarily unavailable, resulting in sudden position jumps or multipath signals. Many studies 

have evaluated the positioning systems and the effect that the forest canopies have on their 

positioning accuracy (Holden et al. 2001; Lindroos et al. 2011; Dawidowicz & Krzan 2014; 

Bakuła et al. 2015; Kaartinen et al. 2015; Blum et al. 2016). It has been shown that systems using 

devices which combine two or more satellite systems, e.g. GPS and GLONASS, perform better 

than single-technology devices when there is virtually no direct view of the sky (Dawidowicz & 

Krzan 2014; Blum et al. 2016). Many studies have focused on achieving the sub-meter accuracy 

required for single-tree positioning (Lindroos et al. 2011; Ringdahl et al. 2011). If the exact 

position of the harvester head were known, the single-tree information gathered by a modern cut-

to-length harvester could be linked to the tree’s location. With an integrated Real-Time 

Kinematic (RTK) GNSS system on a harvester, it would indeed be possible to position single 

trees with sub-meter accuracy (Hauglin et al. 2017). It is generally accepted that for open land 

surveys, RTK-GNSS systems are the most accurate GNSS technologies available. However, so 

far no studies on RTK-GNSS devices operating under forest canopies have achieved sub-meter 

accuracy (Bakuła et al. 2015; Kaartinen et al. 2015). Nevertheless, there have been some 

significant developments. Some researchers have shown that it is possible to increase the 

positioning accuracy under a forest canopy by equipping the vehicle with additional sensors, 

such as inertial measurement units (IMUs) (Kaartinen et al. 2015) or LiDAR (Qian et al. 2017). 
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Ringdahl et al. (2011) used a gyroscope to compensate for the movement of the GNSS device 

when the vehicle is at an angle on the often uneven forest terrain. This also improves the 

accuracy of the vehicle positioning. 

So, previous studies have shown that positioning accuracy can be improved to the level 

required, but it requires either clear satellite signal paths or the installation of additional sensors 

to the vehicles. Therefore, attention is now focusing on low-cost sensor solutions for improving 

positioning accuracy. These are needed in, for example, thinning operations, during which the 

forest canopies most interfere with the GNSS positioning system. The precise position of the 

vehicle’s body is needed to obtain reliable soil measurements, whereas it is the position of the 

harvester head that is needed for single-tree positioning.  

There are a number of different sensors on the market for measuring the forest 

environment automatically during forest operations. Of particular interest is the use of laser 

scanners, which can be used to identify and measure the characteristics of individual trees and 

for measuring the terrain (Schmid et al. 2004). However, laser scanner systems are rather 

expensive components for forestry vehicles. Photogrammetric systems have been proposed for 

measuring wheel ruts (Haas et al. 2016; Pierzchata et al. 2016), but no such automated solutions 

have yet been integrated into forestry vehicles. These systems are less expensive than laser 

scanners, but their applications are restricted. They are affected by the ambient light, by their 

inability to see below the surface of any water in the wheel ruts and by the difficulty of mounting 

the cameras on the vehicle. There is another 3D measurement technology, however, which has 

not been much studied in forestry applications. This technology is time-of-flight depth imaging, 

which determines distances by illuminating the scene with modulated light and observing the 

time taken for the light to reflect back from the target (Foix et al. 2011). The travel time is 
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translated into a distance measure for each pixel in the camera sensor. Although time-of-flight 

technology shares some of the drawbacks of photogrammetry, like the inability to penetrate 

water surfaces, it is far less prone to changes in the ambient light because it utilises near-infrared 

ranges.  

The first version of Microsoft’s Kinect imaging device has been widely tested in many 

fields, including forestry and agricultural applications (Marinello et al. 2015), but the sensor did 

not use time-of-flight technology and was reported to be unusable in direct sunlight (Zennaro et 

al. 2015). The second version, Kinect (v2), uses an infrared camera and illumination for the time-

of-flight measurements and is one of the most efficient low-cost depth camera sensors available, 

see e.g. (Butkiewicz 2014; Fankhauser et al. 2015; Zennaro et al. 2015; Pagliari et al. 2016; 

Rosell-Polo et al. 2017). The Kinect v2 sells for 100-200€, which is significantly lower than the 

price of any other time-of-flight or LiDAR measurement systems on the market. The Kinect v2 

camera provides three outputs from its sensors. The color camera sensor records RGB color 

images with a resolution of 1920×1080 pixels, and the infrared sensor produces greyscale images 

and depth images with a resolution of 512×424 pixels. The fields of view are 84.1×53.8 degrees 

and 70×60 degrees, respectively (Microsoft 2017). The Kinect v2 has been tested outdoors in 

coastal mapping (Butkiewicz 2014), mobile robot navigation (Fankhauser et al. 2015), and 

terrestrial laser scanning (Rosell-Polo et al. 2017), and has proved to be much more robust than 

the first version. Pagliari et al. (2016) have reported on outdoor navigations that combine the 

Kinect v2 with GNSS measurements. Corti et al. (2016) found that the optimal Kinect v2 

measuring range is between one and three meters, with an approximate measurement accuracy of 

10mm. Furthermore, they found that the color of the target material has little effect on the 

accuracy of the measurements, although temperature variations may cause some errors. Yang et 
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al. (2015) obtained a cone model for the depth accuracy of the Kinect v2 which showed that, 

within the ranges covered in their study, it had a margin of error of less than 4 mm for indoor 

depth measurements. Before the on-machine field tests reported in this paper, the most suitable 

measuring range for Kinect sensors has been determined in preliminary forest ground 

measurements. Indeed, our preliminary tests confirmed that the Kinect v2 has the potential to 

measure outdoor terrain at distances of between one and two meters. Our preliminary 

measurements are not reported here as they are completely in line with the results from earlier 

studies (Butkiewicz 2014; Fankhauser et al. 2015; Hernandez-Aceituno et al. 2016). 

This paper presents a study of the use of the Kinect v2 time-of-flight 3D imaging device, 

(designed for indoor use), as an automated outdoor measurement device for forestry operations. 

Earlier studies do indicate that Kinect’s optimal measuring range and accuracy, and its sensitivity 

to changes in temperature and ambient light are sufficient for our intended application. 

Therefore, our overarching aim was to test whether the device can produce suitably accurate 

measurements of the relevant forest parameters when mounted on a forwarder in a real forest 

environment. The detailed aims were: i) to measure the topography of the immediate 

environment around the forwarder, in particular the wheel tracks; and, ii) estimate the velocity 

and position of the forwarder independently of the GNSS measurements, in order to improve the 

positioning accuracy under forest canopies.  

Materials and methods 

We mounted two Kinect cameras on a forwarder operating in a real forest environment in 

Southern Finland in order to carry out our field tests. We were able to confirm Kinect’s ability to 

measure forest soil topography by comparing its measurements for rut depth with manual ones. 
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In addition, its velocity and position measurements were compared to those from the forwarder 

information system and the on-board GNSS device. 

Kinect measurement system 

The measurement system for this continuous data collection consisted of two shielded Microsoft 

Kinect for Windows v2 sensor units attached to the rearmost bunk of the forwarder trailer 

(Figure 1a). There was a shielded measurement computer inside the forwarder’s body for data 

collection (Figure 1b). The Kinect sensors were protected with a purpose-built steel box with one 

side open to allow for recording the images. This open side was protected with a 6mm thick 

Lexan Margard MR5E polycarbonate sheet (SABIC 2017), identical to the protective covers 

used in the cabin windows of forestry vehicles. This window was firmly attached against the 

Kinect’s measuring face, firstly to prevent the accumulation of moisture and secondly to avoid 

infrared flash reflections from the interface between the camera lens and the protective window. 

Kinect USB and power cords were fed to the measurement computer through a plastic cable duct 

(Figure 1b). 

 

Figure 1. Kinect measurement system in the forwarder. 
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The computer was an Intel NUC minicomputer running the Ubuntu 16.04 LTS operating system. 

A Robotic Operating System (ROS) framework (Quigley et al. 2009) was used to connect the 

computer with the Kinect device. The Kinects were calibrated before the field tests and the 

image feeds were recorded with the open-source package iai_kinect2 (Wiedemeyer 2015).  

In the configuration described here, the wheel is partially blocking the Kinect’s field of 

view, but this is due to a practical constraint, i.e. the bunk above the rearmost wheels of the 

trailer can support the down-facing cameras without the need for any additional supporting 

structures. Both of the Kinects were mounted approximately 1.7 meters above the ground. The 

sensors were aligned to face down perpendicularly to the ground, thus minimizing the measuring 

distance in order to optimize the device’s outdoor performance. The sensors were 2 meters apart 

horizontally (Figure 1b), which is almost the same as the gap between the forwarder’s tracks. In 

our configuration, there is no overlap in the fields of view of the two Kinects, so there is a 

narrow strip of ground area between the wheels which is not recorded (Figure 1b). One final 

consideration is that the GNSS receiver is located on the roof of the forwarder cabin (Figure 1a), 

which means that there is an offset of up to 7.8 meters between the receiver and the Kinect 

sensors when the front part of the forwarder is in line with the trailer. 

The field tests recorded all three types of Kinect images, i.e. RGB, infrared and depth. 

The maximum sampling frequency of the Kinect v2 is 30 Hz, but in order to save disk space on 

the measurement computer a sampling frequency of 10 Hz was used. This was considered to be 

sufficient for aligning consecutive images given the speed of the forwarder. The average speed 

of the forwarder in the field tests was around 3 km/h. The RGB image was recorded at a reduced 

resolution, i.e. 960×540 pixels, which is one quarter of the full available image size; again to 

save disk space. The infrared and depth images were recorded at their full resolution. The 
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amount of data stored on the disk increased by 1.5 Gb a minute with these image sizes and 

sampling frequency. 

Test area, equipment and other measurement outputs 

The test tracks were located in Vihti, in Southern Finland. The test area was an approximately 

100-meter long forest logging road which had been opened up by a harvester 6 months earlier for 

other trials. Three 20-meter long straight test tracks were constructed along this logging road. 

The starting points of the test tracks were marked, and the 20-meter distances were measured by 

hand. A mark was painted on the ground at one-meter intervals along the tracks. The rut depths 

after the forwarder had passed were measured manually with a measurement rod. The rod was a 

160 cm-wide tool that was placed perpendicularly over the track. Then the depth of the rut was 

measured from the center of the rod using a ruler. The rut depth was measured in relation to the 

level of the surrounding ground 80 cm around from the center of the rut. The logging road was 

driven over once in both directions, giving a total of six 20-meter test track runs. The forwarder 

was an unladen Ponsse Elk 8W equipped with wheel chains. Most of the soil deformation had 

been caused by the tests which had been conducted earlier on the same track, when the tracks 

had been driven over several times by a harvester and a forwarder with medium-sized loads. 

The field tests were conducted on a typical November day in Southern Finland. The 

temperature was close to zero, the sky was dark and overcast and there was a little rain and sleet. 

However, the ground was free from snow and frost. The soil was quite sandy, which is typical of 

this area of forest. The first track was fine, sandy moraine, and the second track was medium-

fine sandy moraine. However, the third track consisted of loamy fine and medium-fine sand, so 

while the first track was dry and had not suffered from subsidence, the third one was mainly wet 
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and had suffered large deformations. The second track had been treated earlier with coniferous 

litter, so its condition was somewhere between that of the first and third tracks. 

In addition to the Kinect measurements, the forwarder’s CAN bus data with GNSS 

measurements were collected using the Ponsse Opti7 integrated on-board computer system. CAN 

bus is a communication standard for linking different devices together. It is used widely in off-

road vehicles for transferring sensor measurements and controlling actuators. The forwarder 

speed, calculated from the power transmission, was used from the CAN bus data set. The 

sampling time of the CAN bus was 20 ms. The forwarder stopped before each test track, 

allowing time for the synchronization of the Kinect images and the CAN bus measurements. 

Image-based analysis for speed and heading 

The Kinect images were analysed off-line using Matlab R2015b software, and from this analysis 

we were able to develop some algorithms which are suitable for forestry applications. 

Throughout this study, the Kinect depth data is used to construct metric measurements based on 

the acquired distances (depth image pixel values) and the field-of-view angle of the Kinect v2. 

The metric field of view for the image can be calculated using basic trigonometry as in equation 

1, 

 𝐹𝑂𝑉𝑚 = 2 ∗ 𝐷 ∗ 𝑡𝑎𝑛(
𝐹𝑂𝑉𝑎𝑛𝑔𝑙𝑒

2
) (1) 

where 𝐹𝑂𝑉𝑚 is a metric field-of-view of the image in a vertical or horizontal direction with the 

camera distance 𝐷 from the imaged target and the vertical or horizontal field-of-view angle, 

𝐹𝑂𝑉𝑎𝑛𝑔𝑙𝑒. The size of the infrared images in metres can be easily calculated with this approach, 

as the infrared and depth images are produced by the same sensor. 
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To estimate speed, the offset between the consecutive infrared images is divided by the 

time difference of the image time stamps. In this paper, the offset is evaluated with the 2D 

normalized cross-correlation function in Matlab (Lewis 1995). This function slides the compared 

images over each other pixel by pixel, calculates the cross-correlation coefficient for each step 

and normalizes the results between 0 and 1; a coefficient of 1 meaning that identical images are 

compared. Rather than computing the cross-correlation over entire images, a small region, 

referred to as the measurement region, was cross-correlated. This reduces the effect of high noise 

at the image borders. To speed up the calculation, only 10% of the measurement region is used 

from the sequential image for the cross-correlation of the preceding image. A strong peak in the 

cross-correlation suggests that the compared image areas represent the same area on the forest 

floor. In our coordinate system, the Y-axis of the image is the direction in which the forwarder is 

heading, so only the speed along this axis is used. Therefore, the rotation is not taken into 

account when calculating the displacement of the image in a single camera. The angle shifts 

between the consecutive images are small due to the high sampling frequency relative to the 

speeds of the heavy forest vehicles. 

Using two sensors allowed us to take an average of the parallel measurements for the 

final speed estimate. On the other hand, a difference in the speed measurements indicates that the 

forwarder is turning. Similarly, the difference in the distances travelled by the two rear wheels 

indicate a change in direction as in:  

 𝑠𝑖𝑛(𝛥𝛼𝑘) =
𝐷𝑙𝑒𝑓𝑡,𝑘−𝐷𝑟𝑖𝑔ℎ𝑡,𝑘

𝑑
  (2) 

where 𝛥𝛼𝑘 is the angle change of the vehicle at time 𝑘 from the parallel axis of the heading 

direction; 𝐷𝑙𝑒𝑓𝑡,𝑘 and 𝐷𝑟𝑖𝑔ℎ𝑡,𝑘 are the measured displacements of the left and right cameras; and 
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𝑑 is the distance between the cameras. Positive angles indicate the forwarder trailer is making a 

right turn, and negative angles, a left one. A horizontal position change can be estimated by 

combining the estimates for speed and the change in heading.  

The cross-correlation coefficient peak tends to vary between 0.85 and 0.98, depending on 

the image noise, camera vibration and the movement in the X-direction. Figure 2a presents a 

typical result: a clearly distinguishable peak at 0.95. The abscissa in Figure 2 is the offset in 

pixels as the cross-correlation template, created from the sequential image, slides over the 

measurement region in the preceding image. 

 

Figure 2. Examples of the normalized cross-correlation results between two consecutive infrared 

images in Y-direction: (a) typical result and (b) degenerated result. 

When the environment changes rapidly between the consecutive images, the cross-correlation 

results are poor. Figure 2b shows an example of such a degenerated cross-correlation function 

where all the coefficients fall far below 0.5, lacking a single clear peak. 
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A weak cross-correlation can cause a sudden change in the calculated image offset. Such 

a leap was taken to be an indicator of an unreliable motion measurement, in particular for the 

perpendicular direction of the forwarder motion. The motion estimate was considered unreliable 

if the change exceeded 10 pixels in the X direction or 100 pixels in the Y-direction. When one or 

other of these thresholds was exceeded, the speed estimate was held at its previous accepted 

value. Figure 3 shows the X and Y offsets from the third test track, where the puddles on the 

track occasionally rendered the cross-correlation method inaccurate. 

 

Figure 3. Detected offsets between the consecutive images in the third-track test data. 

In addition to the rapid environment changes, the varying topography of the forest ground will 

sometimes make the Kinects lean at an angle, thus differing the measurement geometry from the 

assumed perpendicular plane. Sideways inclinations are observed in the X-direction cross-

correlation results, so they are considered as unreliable measurements, as explained above. The 
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inclinations in the travel direction are visible in the Y-direction cross-correlation results as rapid 

peaks, which are removed with a median filtering. 

To improve the reliability of the measurements in such difficult conditions, the cross-

correlation was computed over three measurement regions of the infrared image. This approach 

provides three speed measurements for each image pair. In this study, the speed that was closest 

to the speed of the preceding measurement is chosen. This is justified by the high inertia of the 

heavy forestry vehicle. Figure 4 demonstrates the two different arrangements used in this study 

for the measurement regions.  

 

Figure 4. Measurement regions for computing the cross-correlation. 

The wider uniform white rectangle shows the single measurement region and the three grey 

rectangles show the three measurement regions. 
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3D mapping of the forest floor  

Kinect depth images enable the generation of 3D point clouds from the measured profile of the 

soil surface. Figure 5 presents an example of the point cloud for one depth image with the X- and 

Y-axes being the image plane, and the Z-axis the distance between the sensor and the soil. The 

entire depth image is not used due to the noise at the image edges and the forwarder wheel being 

visible in the lower part of the image. 

 

Figure 5. Soil surface profile as a 3D point cloud. The high-noise edge areas, and area with 

forwarder wheel have been removed. 

However, the sampling rate ensures that the displacement in the direction of the forwarder 

movement is less than the area of the point cloud, so all the soil surface profile data is covered. 

An Iterative Closest Point (ICP) algorithm (Besl and McKay 1992) is commonly used for 

generating stitched 3D point cloud models from several consecutive point clouds. In this study, 

the ICP algorithm in Matlab (Matlab 2017) is used for evaluating the point cloud generation of 

the continuous wheel rut model.  
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A method for measuring the resulting rut depth directly on fixed measurement areas in 

the image was investigated, as an alternative to the full 3D modeling of the soil surface profile. 

The measurements can be computed in real time with the on-board computer, which makes the 

application more feasible for a forestry domain. It is reasonable to assume that the resulting rut 

depth is measurable at the center of each depth image. However, the distance of the camera from 

the ground varies when driving over the uneven forest floor. In our study, the ground base level 

is measured on the both sides of the depth image. Due to the small-scale topographic changes of 

the forest floor and other possible disturbances, such as tree branches, a small number of pixels is 

not sufficient to describe the actual rut depth or the ground base level. Therefore, a median from 

a larger area of depth pixels was taken. The sections chosen from the depth image are shown in 

Figure 6. 

 

Figure 6. Depth image sections for the surface base level and rut depth measurements. 

The selected sections are in the middle of the image, again to reduce the effects of the noisy 

borders in outdoor measurements. Due to the slight offset of the Kinect sensor to the forwarder 

rear wheel, the areas are not exactly the middle pixels of the full depth image. 
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Results 

The RGB color images suffered from significant motion blur during the forwarder run, so they 

were less useful than the infrared images for the cross-correlation analysis, and were therefore 

discarded. The following results are based on only grayscale infrared images and the depth 

images. 

Measured travel distances and speed of the forwarder 

Table 1 shows comparison of the manual and the Kinect distance measurements every four 

meters on the different test tracks. The root-mean-square errors (RMSE) between the manual and 

Kinect measurements are also calculated to emphasize the difference between the test tracks. The 

distances reported are averages of the two Kinect sensor measurements, i.e. assuming straight 

motion. The distances are clearly more accurate with the three measurement regions, thus three 

cross-correlation results are combined, instead of just using one measurement region. 

Table 1. Distances measured with one and three measurement regions in infrared images. 

Reference 
points (m) 

Kinect measurements (m)  
1 meas. regions / 3 meas. regions 

T1 (1) T1 (2) T2 (1) T2 (2) T3 (1) T3 (2) 
4 3.90 / 3.75 4.03 / 3.96 3.96 / 3.92 4.01 / 3.89 4.36 / 3.65 10.50 / 4.38 
8 8.06 / 7.80 8.14 / 8.00 7.79 / 7.71 7.96 / 7.82 10.91 / 7.97 19.37 / 9.13 
12 12.01 / 11.67 12.41 / 12.15 12.02 / 11.84 12.11 / 11.92 17.40 / 12.06 25.27 / 12.90 
16 16.08 / 15.66 16.33 / 16.02 15.99 / 15.77 16.13 / 15.87 23.97 / 16.67 31.40 / 17.34 
20 20.65 / 20.10 20.39 / 20.03 20.44 / 20.06 20.36 / 20.03 32.25 / 21.27 35.85 / 20.87 

RMSE 0.30 / 0.26 0.30 / 0.07 0.22 / 0.19 0.18 / 0.12 7.09 / 0.66 12.93 / 0.98 
  

Track labeling: Test track 1, run 2 = T1(2) 
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Figure 7 shows the speeds recorded for the first two test tracks, where the results are 

similar using either one or three measurement regions in the infrared images. Figure 8 shows the 

differences in speed estimates for the third test track, where only the use of three measurement 

regions in the Kinect images provide results similar to the transmission system measurements 

throughout the data. 

 

Figure 7. Measured speeds on test tracks one and two. 
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Figure 8. Measured speeds on test track three, using one and three measurement regions for the 

Kinect images. 

The differences between the speed measurements are collected in Table 2. The mean of the true 

difference between the measurements is calculated to demonstrate the tendency of the Kinect and 

GNSS measurements to be lower than the forwarder transmission measurements. The standard 

deviation is calculated to show that the difference varies depending on the track and the 

measurements. The numbers are consistent with the findings in the distance measurements and 

the use of three measurement regions returns more stable results in all of the tracks and running 

directions. 

Table 2. Comparison between speed measurements. 

Test track (run) Mean difference [±Standard deviation] (m/s) 

Transmission - Kinect 

 

Transmission - GNSS 
1 meas. region 3 meas. regions 

T1 (1) 0.003 [±0.019] 0.015 [±0.021] 0.022 [±0.069] 
T1 (2) 0.001 [±0.032] 0.013 [±0.035] 0.064 [±0.200] 
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T2 (1) 0.014 [±0.027] 0.017 [±0.035] 0.035 [±0.079] 
T2 (2) 0.013 [±0.025] 0.022 [±0.025] 0.068 [±0.155] 
T3 (1) 0.004 [±0.135] 0.045 [±0.046] 0.074 [±0.090] 
T3 (2) -0.076 [±0.187] 0.052 [±0.044] 0.058 [±0.083] 

 

Position estimation of the forwarder 

Figure 9 shows the estimated tracks separately for the GNSS and the Kinect measurements to 

emphasize their different nature if calculated independently of each other. Excluding the initial 

location and heading angle, the illustrated Kinect paths are generated based on Kinect data only. 

This means that the Kinect path will eventually drift further away from the true path as the 

measurement errors accumulate. 



22 
 

 

Figure 9. Forwarder position estimates using GNSS and Kinect measurements. 

The calculated absolute difference for the final positions in the first and second runs were 

10.45 and 10.82 meters respectively. Here, the GNSS final position was corrected to correspond 

to the position of the trailer, as shown in Figure 10. Although the Kinect positioning is capable of 

following the path through a 180 degrees turn, the final position difference clearly shows the 

drift of the Kinect positions. The RMS error between the GNSS and Kinect positions was 
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calculated to show that the paths have similar differences in both running directions. The RMSE 

for the first and second runs were 7.30 and 5.84 meters respectively. As the GNSS position 

measurement itself was uncertain, the calculated RMSE should not be interpreted as the error 

between Kinect measurements and the ground truth. 

Measured wheel rut depths after the vehicle pass 

For the rut depth analysis it was not feasible to use the ICP algorithm to stitch the measured 

forest floor point clouds due to the long processing time and the increase in the memory 

requirements. With a regular desktop computer, the stitching of just two point clouds took 

several seconds while 50 point clouds took several minutes. The stitching process also 

accumulates errors, so the construction of the whole 20-meter path is not suitable for estimating 

the rut depths. 

The results of the simpler depth measurements using fixed measurement areas of the 

images are shown in Figure 10, (left Kinect camera). The results are similar for the right camera. 

Figure 10 also reveals the different profiles of the test tracks. The Kinect measurements agreed 

with the manual measurements particularly well on test track three. 
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Figure 10. Measured wheel rut depths for the left side of the test tracks.  

Table 3 presents the mean difference, standard deviation, and root-mean-square error of 

the depth measurements for each test track run. Manual measurements were taken at regular 

intervals of one meter, and the Kinect depth measurements were positioned with the Kinect 

distance estimate. The results indicate that the Kinect measurements are generally around 5 
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centimetres higher than the manual measurements and the variation in the measurements depends 

on the environmental conditions. 

Table 3. Difference between the Kinect depth measurements and the manual measurements. 

Side Mean difference [±Standard deviation] (mm) 
T1 (1) T1 (2) T2 (1) T2 (2) T3 (1) T3 (2) 

Left 35 [±36] 38 [±27] 53 [±42] 55 [±41] -4 [±56] -3 [±56] 
Right 29 [±25] 30 [±23] 72 [±73] 73 [±45] 19 [±67] -45 [±55] 

RMSE 44 42 86 77 62 62 
  

Track labeling: Test track 1, run 2 = T1(2) 
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Discussion 

The Finnish Forest is a challenging environment for any image-based analysis, as the conditions 

affecting the measurements are far from controlled. It is challenging to take into account or 

compensate for the varying light, and other seasonal effects. There are many objects blown about 

by the wind and there are plenty of other disturbances, too. One of the main problems that we 

encountered was the unstable state of the soil structures, which can collapse under a sinking 

forwarder wheel. Freely flowing water displaced by the vehicle wheels was also a problem, as 

were other rapidly moving objects like swinging tree branches. 

In spite of these challenges, the results show that at short distances of less than 20 m and 

with three measurement regions to reduce the interference of free water surfaces in the imaged 

area, Kinect is able to measure the motion of the forwarder reliably in logging road conditions. 

The accumulated distance calculated from the image displacements corresponds to the manual 

measurements with an accuracy of tens of centimetres over a distance of 20 m. As the errors of 

the distances are cumulative with our approach, the Kinect measurements should be used 

together with GNSS measurements for routing over longer distances. Our method for dealing 

with partially corrupted image data was found to be efficient. Using three measurement regions 

in the image (rather than one) improved the accuracy on all the test tracks, but it was particularly 

effective in removing all the false measurements caused by the difficult conditions on Track 3. 

Although image cross-correlation is not the ideal solution when there is rotation between the 

recorded images, the current results indicate that for slow-moving forestry vehicles, the cross-

correlation is accurate enough for most practical purposes and the data can be computed in real 

time with practical sampling rates. We also found that filtering out the sudden peaks in the speed 

measurements when they exceed a given threshold is an efficient procedure for this application. 



27 
 

As is evident from Figure 3, large shifts in the X-direction tend to co-occur with unrealistic shifts 

in the Y-direction, so filtering the Y-direction shift with the X-direction shift appears to be 

justified. 

When comparing the Kinect speed measurements to the GNSS and CAN bus 

measurements it is obvious that each of them has their own error sources. The GNSS 

measurements have errors resulting from blocked and multipath signals due to the forest 

canopies around the test tracks, but these errors are not accumulated over time. The recorded 

GNSS signal tends to jump between two points generating an erratic path and speed estimate. 

The speed estimate from the transmission system via the CAN bus is the best reference 

measurement for the Kinect speed measurements. The estimate is produced as an average of the 

wheel rotation speeds, and thus subject to integrated errors caused by slippage. As the results in 

Table 2 and Figure 8 show, the Kinect speed measurements tend to be lower than the CAN bus 

transmission measurements, in particular on the third test track. This is as expected, since the 

slipping in the soft soil causes the forwarder’s wheels to spin faster, thus resulting in higher 

speed measurements. The difference between the Kinect and CAN bus speeds is thus an 

indicator for the driver of slippage and/or the risk of the vehicle sinking. This difference can be 

computed in real time at our sampling frequency, so it is a useful warning for the driver. The 

results also show that the GNSS speed measurement is lower than the transmission measurement, 

but the variation between these measurements is much higher than it is for the Kinect 

measurements. Overall, Kinect measurements using three measurement regions seem to offer the 

best performance for measuring both the distance and the speed of the forwarder. 

The Kinect-based position estimate is also credible when the forwarder is turning. As 

long as the initial angle and position were set accurately, the forwarder path constructed from the 
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velocity measurements followed the GNSS position measurements fairly closely. As the track in 

our tests was around 100 meters long including a total turn of 180 degrees, the difference of 10 

meters in the final position is a reasonably good result. In practice, the positioning system would 

fuse the Kinect velocity measurements and the GNSS measurements into one position estimate, 

e.g. with a Kalman filter. The key to data fusion is to identify the situations where the GNSS 

measurements are compromised by the forest canopies, and in these cases the Kinect 

measurements should have a higher weight in the estimation. Further results need accurate GNSS 

measurements for the ground truth comparisons, but the results presented here suggest that 

Kinect is able to support positioning in thinning operations where the satellite signals could be 

blocked over long periods of time.  

The Kinect infrared camera has enough resolution to take detailed measurements of 

variations in the surface profile in close range applications, and even enables the construction of 

a full 3D point cloud representing the forest soil surface after the forwarder has passed. The 

consecutive 3D clouds from the test tracks were registered and stitched together with the ICP 

algorithm. This algorithm is computationally heavy and thus slow, so it would have to be a post-

processing operation in the current application. The errors are accumulated, since the consecutive 

images are stitched one after another, leading to obviously wrong results in the full 20-meter 

long test tracks. Point clouds were not directly applied for the wheel-rut depth estimation, but the 

track depth and ground base level were estimated at fixed measurement areas. The resulting 

wheel rut depth estimates were compared to the manual measurements performed for each meter 

of the test tracks. The results clearly show that the Kinect measurements return similar rut depth 

values to the manual measurements, although there seem to be some systematic errors 

throughout the compared data. The comparison in Table 3 showed that Kinect tends to 
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overestimate the depth of the ruts compared to the manual measurements. The sensor height 

could affect the measurements, since it was found that the ground base level around the resulting 

rut is barely visible on the depth images. Therefore, it is possible that in cases where the vehicle 

is sinking heavily, the base level is measured from too narrow an area compared to the manual 

measurements. 

There are other possible reasons for the systematic differences in the depth 

measurements. Firstly, the methods are slightly different. Kinect measures on top of the visible 

soil cover, which includes grass and other light organic materials. The rod and the ruler used in 

the manual measurements go deeper into the lightweight soil cover and water. This is especially 

noticeable in the depth measurements from the second test track, which had once been covered 

with coniferous litter. The third test track did not have much lightweight soil cover left, so for 

this track the systematic error is generally smaller, but other disturbances on the track produced a 

higher variance of the measurements. Secondly, both the measurement methods themselves can 

cause systematic errors. Kinect measures the soil surface through the shielded window, which 

can cause a permanent offset for the measurements due to the changed light travel time. The 

effect of this was minimized by making the polycarbonate window as thin and transparent as 

possible. The manual measurement process may also have shifted measurement values due to the 

methods of the measurer, e.g. where to place the ruler on uneven ground. 

Our long-term objective is that all the computation and analyses should be done in the 

on-board computer of the forestry vehicle. The positioning estimates and the environmental 

measurements produced in this way would be of great value in forestry operations. Our image 

analysis methods can be computed within the image sampling time and are thus real-time 

functionalities.  
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The shielding structure constructed for the field tests worked well. However, the 

ventilation inside it is poor, whereas when the Kinect is used in indoor applications the device is 

freely ventilated with a stream of air. Although the restricted ventilation did not cause problems 

in our field tests, which were conducted outside in low temperatures, overheating may turn out to 

be more of an issue in summer conditions, and this would need further study.  

Kinect also has the capability to record high quality color images. Although these are not 

suitable for estimating the motion of the vehicle, they could be useful in future applications for 

estimating soil properties based on color and texture for instance, or simply for documenting the 

forestry operation. 

In conclusion, the Kinect has proved itself to be a versatile sensor capable of making 

automated forest environment measurements. The dedicated image-analysis algorithms and the 

use of the two protected Kinects were able to cope with the challenges of the forest environment, 

enabling the reliable estimation of the motion of the forestry vehicle and the depths of the wheel 

ruts. These results are from short-term field tests, so further studies are still needed to cover the 

device’s performance in long- term use in different types of forest conditions. Nevertheless, 

considering that the last test track (Track 3) was in such harsh condition that it would normally 

have been avoided by a forestry vehicle driver, the results indicate that the Kinect system appears 

to be usable, at least in the Finnish forest environment.  
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• The class prediction for the soil stoniness achieved an accuracy of 70% when assigned to 

constant grid cells.

Abstract
The stoniness index of forest soil describes the stone content in the upper soil layer at depths 
of 20–30 centimeters. This index is not available in any existing map databases, and traditional 
measurements for the stoniness of the soil have always necessitated laborious soil-penetration 
methods. Knowledge of the stone content of a forest site could be of use in a variety of forestry 
operations. This paper presents a novel approach to obtaining automatic measurements of soil 
stoniness during an excavator-based mounding operation. The excavator was equipped with 
only a low-cost inertial measurement unit and a satellite navigation receiver. Using the data from 
these sensors and manually conducted soil stoniness measurements, supervised machine learning 

the most promising solution for this learning problem. The discussion includes a proposition for a 
meaningful measurement resolution of the soil’s stoniness, and a practical method for evaluating 
the variability of the stone content of the soil. The results indicate that it is possible to predict 
the soil stoniness class with 70% accuracy using only the inertial and location measurements.
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1 Introduction

The development of forestry operations using evolving sensor devices and new data sources 

the wood procurement process. This data-driven approach, also referred to as precision forestry, 
gathers detailed information about the forest in order to improve decision-making and enable 

about either the characteristics of individual trees or the prevailing environmental conditions of 
the forest can be collected (Melander and Ritala 2018; Salmivaara et al. 2018; Lindroos et al. 
2015). In-situ data can be automatically gathered during various phases of the forest manage-

data collection equipment. One example of a forestry machine collecting such data is the forest 

machinery; excavators being a case in point. Although these machines are often less automated 

system solutions for such machinery.
One example of an environmental parameter in a forest that is not currently measured 

automatically is the stone content of the soil. The stone content can be determined with a variety 

destructive and laborious nature, is to dig a pit of a given volume, and sieve all the coarse frag-
ments in order to calculate the relative stone content of the soil (Stendahl et al. 2009; Eriksson 

recording the stones visible on the soil surface using, for example, aerial photographs (Stendahl 
et al. 2009) or airborne laser-scanning data (Nevalainen et al. 2016). Such visual assessments of 

non-destructive method, used in Finland and Sweden at least, is the Viro rod method (Viro 1952; 
Stendahl et al. 2009). In this method, a steel bar is inserted into the soil up to a certain depth and 
the number of contacts with stones are recorded. After repeated measurements, a stoniness index 
can be calculated for the measured area by considering the proportion of insertions that hit stones. 
The stoniness index can be converted to soil stoniness using empirical translation functions (Viro 
1952; Stendahl et al. 2009).

The stone content is particularly important when planning forest regeneration processes 

planting (Saksa et al. 2018; Rantala et al. 2010; Saarinen 2006; Lideskog et al. 2014). Know-
ing the soil stoniness may also help when tree growth, weathering and hydrological models are 

2014). In the context of forest regeneration, the most relevant measure is the stoniness of the 
soil at depths of 20–30 centimeters. Visual interpretations of the soil’s stoniness derived from 
the top of the soil can be misleading for estimating soil stoniness at this depth (Stendahl et al. 
2009), while sieving through many soil pits is unfeasible due to the large areas of forest which 
have to be covered. In Finland at least, soil stoniness is neither available nor derivable from any 
of the existing map databases. Such a map database, if automatically collected, would require a 
predetermined spatial resolution of the recorded soil stoniness. One established representation 

aggregate the measurements into an exhaustive grid with square cells. According to White et al. 
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White et al. 2013). The resolution of stoniness index measurements using the Viro method covers 
10 meters in one direction, so a 16 × 16 m grid would appear to be a reasonable resolution for 
automated stoniness measurements.

A soil preparation operation is typically carried out after regeneration felling using heavy 
machinery. Its purpose is to enhance the survival rate and competitiveness of the young trees by 
manipulating, for instance, the soil conditions, the level of solar radiation and the competing veg-
etation (Löf et al. 2012). The main preparation methods include harrowing (disk trenching), patch 

the soil type, the current conditions of the forest site and the tree species being planted (Äijälä 
. For instance, in spot 

mounding, an excavator, or some other similar heavy machine, scoops a patch out of the forest 
ground and tips the soil upside down next to the excavated patch. The seedlings are later planted on 
top of the resulting mounds. This paper focuses on spot mounding as the soil preparation method 
because: it can be carried out using an excavator; it is one of the most commonly-used forest soil 
preparation methods in Finland (Äijälä et al. 2014); and it is also widely used in other countries 

mounding operations, there are also forwarder-mounted continuously advancing mounders (Löf 
et al. 2015). In spot mounding, the soil is agitated to a similar depth as is used for conventional 
stoniness index measurements. Mounding is also an example of a forest regeneration process that 

the continuous mounding method is considered (Saksa et al. 2018; Rantala et al. 2010).
Excavators provide a convenient platform for installing various sensors, enabling automatic 

data collection and in-depth analysis of forestry operations. With regard to mounding operations and 
the stoniness of the soil, the most relevant factors to measure are the movements of the excavator 
boom and the resulting vibrations and shocks caused by the mounding activity. Such movements 
can be measured with an inertial measurement unit (IMU), particularly if the unit is installed near 
the mounding blade of the excavator. These sensors have developed into low-cost devices due to 
their extensive use in numerous applications, including robotics (Botero Valencia et al. 2017; Menna 
et al. 2017), vibration detection (Singleton et al. 2017; Sabato et al. 2017), and human activity 

usually penetrates the soil surface at the same angle between the mounds, the subsequent vibrations 
and shocks to the excavator boom may correlate with the stone content of the soil. Therefore, mea-

so that only the data resulting from the mounding activity need be extracted as being relevant for 

be able to automatically distinguish which of the measured vibrations occur when the excavator 
is performing the mounding motion.

Activity recognition based on inertial measurements is a well-researched topic, in particular 

al. 2014). Typically, activity recognition is achieved by supervised machine learning, in which a 
training data set is obtained from the inertial measurement sensors, and then a model is trained 

have proposed activity recognition for construction equipment using supervised machine learning 

measurement data.
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a forest area into three stoniness classes while it is being mounded. In this approach, the stoni-

IMU measurements and the stoniness index measurements conducted manually on several soil 

combination of these methods based on the measured data.

2 Materials and methods

not result from the mounding motion. The performance of several machine learning algorithms and 
Fig. 1 shows the overall 

Fig. 1. 
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2.1 Data collection setup

location and manual stoniness measurements of the mounded forest ground. The excavator was 
a Doosan DX140LCR crawler (Doosan 2019), weighing approximately 15 tonnes. The attached 
mounding blade had a width of 52 centimeters. The automatic measurements were collected from 
four separate mounding sites in the Valkeakoski region in southern Finland during November and 
December 2017. These measurements were gathered during a normal mounding operation, and 
thus represent true forest operation conditions. The logging residues from the clear-cutting had 
been removed from the site before the measurements were taken, but the stumps had been left in 
place, which is common practice before spot-mounding. The temperature during the data collec-

The vibrations of the excavator boom were measured using a special-purpose measurement 
device that was attached to the boom near the mounding blade (Fig. 2). The measurement device 

The IMU was an Adafruit BNO055, which is based on a Bosch BNO055 9-axis absolute orienta-
tion sensor (Bosch Sensortec 2014). This sensor consists of an accelerometer, a gyroscope and a 
magnetometer, each having three axes, and it is capable of fusing the measurements together in real 
time before sending them to the data acquisition computer. The measurement axes of the IMU are 
marked in Fig. 2
The IMU is capable of producing linear acceleration output by preprocessing the accelerometer 

raw gyroscope measurements. The IMU measurements were gathered at a sampling frequency of 

Fig. 2. A drawing of the measurement setup and the coordinate axes in the 
excavator. The location of the measurement device is marked with the “IMU” 
label (IMU = inertial measurement unit).
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In addition to the automatic vibration measurements, manual measurements were collected 
after the mounding work was completed for each site. The manual measurements were performed 
according to the method suggested by Viro (1952). This is a straightforward method for obtaining 
a single stoniness index measurement. A sharp steel bar with a diameter of 12 mm was inserted 
into the ground to a depth of 20 centimeters and the number of hit stones was recorded. In this 
study, each stoniness index measurement consisted of ten penetrations in a straight line at intervals 
of one meter. The percentage of hit stones within the penetrations gives the stoniness index in the 
center of the measurement line. This procedure thus returned stoniness indices at percentages of 
from 0 to 100% at intervals of 10%. The direction of the measurement line was selected according 
to the assumed route of the excavator, ensuring that the measurements were only taken from the 
same locations as where the IMU had recorded the excavator boom vibrations. Fig. 3 shows the 
locations of the measured stoniness indices at the four sites, each produced with ten penetrations. 
The initial manual measurements were conducted in November 2017, under much the same con-
ditions as for the IMU measurements. The ground was fairly wet as it had rained for several days 

frost. The manual measurements were divided into three stoniness classes as suggested by Viro 
(1952) in the following manner: 0 to 30% for low stoniness, 40 to 60% for medium stoniness and 
70 to 100% for high stoniness.

Fig. 3. -
sertions and the color indicates the year of the measurements. (Aerial photo © National Land Survey of Finland 2018).
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The convention of measuring the index along a line in single direction introduces a degree 
of uncertainty for the manual measurements and consequently to the ground truth of the automatic 

-
date the predictive models, another set of manual measurements were taken from sites 1 and 2 in 
August 2018 (Fig. 3). These later manual measurements were performed at the sites where the 
variability of the stoniness index seemed to be highest in the earlier measurements. The weather 

manual stoniness index measurement process.

2.2 Activity recognition

The development of an excavator-activity recognition algorithm was done with the aid of a video 
recording of the mounding work. This video consists of approximately 10 minutes of the mound-
ing work and it included a total of 46 mounding movements. The excavator was halted in order 

labeled manually as being either mounding or non-mounding operations. With this training set, 

sequence based on the IMU data alone.

IMU signals. A window of 400 measurements, meaning a duration of 4 seconds, was employed 

motion in the labeled data was 3.5 seconds. The data windows were overlapped by 50% (200 
-

each window in each sensor axis. The features were initially selected based on other researchers’ 

and Dallas 2014; Liu et al. 2012). The selected initial features are listed in Table 1.

Table 1. Initial features before feature selection.

Features for IMU signals

Basic descriptive statistics

Mean Minimum
Median Maximum
Standard deviation (STD) 25th percentile
Variance 75th percentile
Median absolute deviation (MAD) Skewness
Interquartile range (IQR) Kurtosis

Signal metrics
Root-mean-square level (RMS)
Signal power
1-lag autocorrelation

Frequency domain properties
Dominant frequency
Dominant frequency magnitude

Correlations
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-
tions) as there were six measurement axes (three in the accelerometer and three in the gyroscope). 
The feature space is very large compared to the available training data, so the established practice 
is to whittle the feature space down until it only contains the most relevant features. Two feature 
selection algorithms, ReliefF (MathWorks 2018b), and Sequential feature selection (MathWorks 
2018c) in Matlab, were used to select the most appropriate features. A sequential feature selection 
(SFS) algorithm was performed 5 times for each model and any individual features that appeared 

Machine (SVM), Binary Decision Tree (BDTree), NaïveBayes, Linear Discriminant Analysis 
(LDA), Quadratic Discriminant Analysis (QDA), K-Nearest Neighbors (KNN) and a neural network 
model (ANN). Each of the models were trained using uniquely selected features, except for the 
neural network model, which was trained using all 123 features as a point of comparison. The ANN 
model was a feed-forward network consisting of one hidden layer with 10 nodes. The accuracy of 

10 folds and uses each fold in turn for testing while the other folds are used for training. The result 

lower overall accuracy, it tends to leave more data out of the second phase rather than including 
data that was not generated by the digging activity. For example, the cost of a false-positive clas-

“digging”
from the mounding blade’s contact with the soil is ignored. This process also selects data that has 

The resulting dataset for all the measured data consisted of approximately 70 000 data windows.
The stoniness class labels for the supervised learning setting are based on the manual meas-

urements. Since the manual measurements were pointwise and did not cover the whole measured 
site, the manual measurements that were within a radius of four meters from the mounding loca-
tions were used for labeling. Of the 70 000 data windows, approximately 3000 were labelled with 
manual measurements. Only the labeled parts of the IMU data could be used for training the model 

for the activity recognition, but multiclass versions (MathWorks 2018a) of them were needed to 
predict three classes instead of two. The features for the IMU signals were calculated again for the 
mounding windows. The initial features were the same as in the activity recognition, but the feature 
selection algorithms (ReliefF and SFS
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features to be calculated. This labeled dataset, approximately 3000 observations, was 10-fold cross-

the unlabeled dataset was predicted using all the models.
-

ness classes (low, medium, high) for each mounding point, i.e. three probabilities, totaling one 
in all, for every soil contact period in the data. The stoniness class with the highest probability is 
chosen as the predicted class for the mounding point.

2.4 Grid representation

called point predictions, for each window of data. A single digging motion could produce more 
than one prediction for the stoniness class due to the windowing of the data. Furthermore, the 
generated mounds are not evenly distributed over the forest site, so a robust representation of 
the data is needed to generate useful databases for the stoniness information. In this study, the 

map with regular intervals for the stoniness classes. In the collected data, one cell typically con-
tains 10 to 150 predictions of the stoniness class. The most frequent prediction (i.e. the mode) of 
the single-mound predictions inside the grid cell was selected as the stoniness class of the cell in 
question (hereafter called grid prediction).

The grid prediction gives more coarse information about the soil stoniness in the forest sites 
than the individual point predictions, but it is also more comparable to the resolution of the manual 
measurement technique that was used. For this reason, a heuristic accuracy measure was calculated 
using the grid cell neighborhood of each manual measurement. In other words, each manual meas-

prediction was recorded if the nearest cell prediction agreed with the manual measurement, or if 
at least 50% of the four nearest grid cell predictions agreed with the manual measurement class. 
The grid prediction was cross-validated in the same manner as the point prediction.

Moreover, an entropy measure was calculated based on the predicted stoniness classes 
inside each cell. Entropy, according to information theory, describes the average lack of informa-
tion contained in an observation, i.e. the uncertainty of a discrete-valued random variable (here 
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where m ni is the summed occurrence of 
i:th class inside the cell and N is the total number of predictions inside the cell. If all classes occur 
with the same frequency, the entropy is at its highest, 1.585. If, for example, two classes are equally 

for the model that shows the best results when compared to the manual measurements. Single grid 

measurements. In this study, grid cells having less than 10 predictions were not regarded as repre-
sentative samples of the variability of the stoniness inside the cell, so a threshold of 10 predictions 
was used to exclude these cells from the entropy evaluation.
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3 Results

3.1 Feature selection

The features ranked most important by the ReliefF algorithm are presented in Table 2. Only the 25 

Fig. 4 shows the 10-fold 

algorithm feature-ranking results. Fig. 4
task (activity recognition) and Fig. 4

Table 2. Features ranked highest by the ReliefF algorithm.

Ranked features for each axis by the ReliefF algorithm (Rank order)

Activity recognition

Accelerometer X -

Minimum (10)
Maximum (18)

Dominant frequency magnitude (21)
Autocorrelation (22)

Accelerometer Y

Kurtosis (4)
Maximum (5)
MAD (11)
IQR (14)
75-percentile (24)

Max (2)

Autocorrelation (5)
75-percentile (12)
STD (14)
Minimum (16)
Dominant frequency (23)

Variance (25)

Dominant frequency magnitude (7)
Autocorrelation (12)
Mean (15)
75-percentile (22)
Median (25)

Autocorrelation (13)
MAD (15)
IQR (19)

Gyroscope X
MAD (1)
Dominant frequency magnitude (10)
75-percentile (21)

Autocorrelation (6)

Gyroscope Y - Autocorrelation (8)

Minimum (3)
75-percentile (6)
Median (8)
25-percentile (13)
Mean (20)
MAD (23)

-

Acc. X – Acc. Y (2)

Gyro. X – Gyro. Y (1)

Acc. X – Acc. Y (7)
Acc. Y – Gyro. X (9)

STD = standard deviation, MAD = Median absolute deviation, IQR = Interquartile range.
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In the activity recognition task, most of the models have only small variations in the misclas-

worse prediction results when the number of selected features is increased. This same behavior 

The SFS algorithm selected the features directly using the 10-fold cross-validation and the 

results presented with the ReliefF algorithm in Fig. 4, but the selected features themselves are 

Fig. 4. 

Table 3. Selected features in activity recognition by the SFS algorithm.

Selected features for each axis by the SFS algorithm (activity recognition)

SVM BDTree KNN NaïveBayes LDA QDA

Accelerometer X RMS Minimum - - - -

Accelerometer Y Variance STD
Maximum
STD STD Variance Variance

- - - - - -

Gyroscope X - - 25-percentile Median MAD MAD

Gyroscope Y - - - - -

- - - Mean Mean Mean

SVM = Support Vector Machine, BDTree = Binary Decision Tree, KNN = K-Nearest Neighbors, LDA = Linear Discriminant 
Analysis, QDA = Quadratic Discriminant Analysis. RMS = Root-mean-square level, STD = standard deviation, MAD = Median 
absolute deviation.
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Table 4. 

SVM BDTree KNN NaïveBayes LDA QDA

Accelerometer X Dom. freq. - - -
RMS
75-percentile
Dom. freq. mag.

RMS
75-percentile
Dom. freq. mag.

Accelerometer Y Autocorrelation - -
Mean
Skewness
Autocorrelation

Median
Maximum
Variance

Autocorrelation

Median
Maximum
Variance

Autocorrelation

STD
75-percentile - - Median

75-percentile Mean Mean

Gyroscope X Maximum - - - Maximum Maximum

Gyroscope Y Maximum - - MAD
MAD
Kurtosis

MAD
Kurtosis

Minimum Dom. freq. Dom. freq. - Minimum
Autocorrelation

Minimum
Autocorrelation

- - - Acc. X – Acc. Y
Acc. X – Gyro. Y Acc. X – Gyro. Y Acc. X – Gyro. Y 

SVM = Support Vector Machine, BDTree = Binary Decision Tree, KNN = K-Nearest Neighbors, LDA = Linear Discriminant Analysis, 
QDA = Quadratic Discriminant Analysis. RMS = Root-mean-square level, STD = standard deviation, MAD = Median absolute deviation.

3.2 Activity recognition

The average accuracy calculated using the 10-fold cross-validation for the activity recognition is 
presented in Fig. 5

was chosen as the best model for activity recognition as it had an accuracy of 94.4%. The model 
in question predicted an average 2.5% of the labels as false positives. Essentially, all the models 
gave uniform results that showed an averaged accuracy of near 90%.
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3.3 Stoniness prediction

The cross-validated accuracy of the stoniness prediction is presented in Table 5. The accuracies 

group of predicted points from a single manual measurement. Table 5 also shows the grid prediction 

The grid prediction accuracy is calculated for the second set of manual measurements.
Figs. 6–9 show the predicted stoniness classes for each measured site individually. The 

prediction results are accumulated in the grid cells as described in the Materials and Methods sec-

moving, in other words the locations where the IMU measurements were recorded. The manually-
measured stoniness classes are laid on top of the predicted grid cells to give a good visualisation 
of the prediction performance.

Table 5. The stoniness prediction accuracy.

Stoniness prediction accuracy (%)

SVM BDTree KNN NaïveBayes LDA QDA ANN

43.3 43.8 42.6 42.6 47.6 44.6 43.0
prediction (SFS) 45.0 37.7 45.6 44.6 44.6 40.8 43.0

Grid prediction (ReliefF) 66.1 69.6 37.5 64.3 35.7 57.1 62.5
Grid prediction (SFS) 75.0 26.8 46.4 50.0 28.6 53.6 62.5

SVM = Support Vector Machine, BDTree = Binary Decision Tree, KNN = K-Nearest Neighbors, LDA = Linear Discriminant Analysis, 
QDA = Quadratic Discriminant Analysis, ANN = a neural network model.

Fig. 5. The accuracy and percentage of false-positive predictions in the activity recognition using two feature-
selection algorithms, ReliefF and Sequential Feature Selection (SFS).
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Fig. 6. 

Fig. 7. 
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Fig. 8. 

Fig. 9. 
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3.4 Entropy of the stoniness prediction

The calculated entropy for the grid cells is presented in Fig. 10
cell entropies for the other sites returned similar results. A large entropy value (near the maximum 
value of 1.585) for a grid cell suggests that all three of the stoniness classes are evenly predicted 
inside the grid cell. This implies a large variation of the stoniness inside the grid cell, and conse-
quently the predicted class would not have much use for forestry applications.

4 Discussion

Knowledge of the prevailing forest soil stoniness is an asset when planning forestry operations, 
but it is not usually available before actually visiting the site. Therefore, we present a solution 

these devices have already been commercially developed for use with heavy machinery, such as 
excavators. As this data about the stoniness of the soil is not gathered until the mounding work is 

forest operation phases and could act as a reference for new stoniness models and measurement 
methods. These are currently needed in Finland as there is an upcoming project for closely map-
ping the soil properties of the whole country. In this project, novel models are being developed 
for estimating soil stoniness which, for instance, fuse available but heterogeneous data sources, 
such as remotely-sensed and manually-collected soil data. In this respect, our automatically-

Fig. 10. 
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stoniness models for larger geographic areas. In addition, the recorded stoniness information can 
aid subsequent phases in the forest renewal process, such as planting (Lideskog et al. 2014) and 

-

useful in planning thinning operations in the future. As areas for further study, larger training sets 

This paper has proposed an automated two-stage procedure for classifying the stoniness 
-

ing suitable features from the IMU signals and for deciding what windowing procedures should 
be applied. Although we did not report the results obtained with other window lengths here, no 

so it can be said that the selected window lengths seem to work well. We performed the feature 

selected features. The results for the activity recognition shows that the selected features clearly 

from the Y-axis of the accelerometer (Table 2 and Table 3), so we have assumed it to be the most 

parallel with the direction of the digging motion. Therefore, the mounding blade’s contact with 
the soil is likely to cause vibrations on the excavator boom in the Y direction. We also expected 
the gyroscope measurements to be important in distinguishing the occasions when the machine is 
not digging, as the gyroscope easily detects the rotation of the excavator boom. The same reason-

“digging” and “non-digging” is essential 

to detect the most certain digging motions, as activities incorrectly labelled as “digging” would 
result in predicting the stoniness class of the soil from data that was not produced from contact 

are more costly than false negative results. Furthermore, on the whole the number of predictions 

an issue. We found the activity recognition results to be consistent using both feature-selection 
algorithms and with all the supervised learning algorithms. This suggests that the digging motion 

dataset for the activity detection was relatively small, so all the possible mounding conditions have 
probably not yet been covered.

around the center point of the manual measurement to label the detected mounding locations 

in the region of 16 × 16 meter cells, which is the resolution used by many forest operation planning 

but it does result in seemingly poor accuracy results if calculated for each single predicted data 
-
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we calculated for the grid prediction provides a more meaningful evaluation of the accuracy as 

measurement procedure of measuring along a line in one direction, repeated manual measurements 
inside the grid cell can have notable variations. The uncertainty of the manual measurements is 

in misalignment of the measurements when comparing them to each other, although we consider 
this error source to be negligible.

(Fig. 8), the few locations where low stoniness was detected in the manual measurements were also 

describes the predictability of all three classes well.

the presented entropy map (Fig. 10

could be used to evaluate whether the predicted class is a representative estimate for the whole 
grid cell. The degree of entropy needs to be taken into account when saving the predicted classes 
to a database, and probably some thresholds for separating uncertain predictions from the reliable 
ones are needed. The entropy value can give misleading interpretations for the variability of the 
stoniness in the grid cell if it is calculated using only a few point predictions. In this study, we have 
excluded some of the grids from the entropy analysis using an arbitrarily selected threshold of 10 
point predictions. We do not suggest here that this is an optimal threshold value, but such a value 
could be assessed when more measurement data is available. In addition to the grid cell entropy, 
the probability distribution of a single point prediction could be used to determine whether the 
point is taken into account when calculating the grid cell prediction.

of up to 70% when using a moderate spatial resolution for the predictions, such as the 16 × 16 m 
cell grid. In addition, with our test data the detection of the digging motion achieved over 90% 
accuracy. These results suggest that equipping excavators used in soil preparation operations 
with inexpensive inertial measurement units would facilitate the collection of comprehensive 
information about the stone content of the upper layers of forest soil. Further research is needed 
to investigate whether other sensors, such as pressure sensors for the hydraulic cylinders of the 

automatically collect information about soil stoniness during forest mounding operations with 

economical) forestry operations and would also produce valuable reference data for developing 
more extensive soil models.
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Abstract
Forest resource data is important in targeting the forestry operations, and it is in the hearth of the precision forestry con-
cept. The forest resource data can be produced with many techniques, and the number of existing forest data sources has 
increased during the years. In addition to the forest resource data, other data describing the circumstances of the forest site, 
such as trafficability and weather conditions, are available. In Finland, a forest data platform gathers the data sources under 
a single service for easier implementation of the precision forestry applications. This data is useful in operations planning, 
but it also describes the conditions that prevail when the forest machine arrives to the forest site. This study proposes data 
fusion between fieldbus time series of the forest machine and the forest data. The fused dataset enables explorative statisti-
cal analysis for examining the relationship between the machine performance and the forest attributes and provides data for 
building predictive models between the two. The presented methods are applied into a dataset generated from a field test data. 
The results show that some fieldbus time series features are predictable from forest attributes with R2 value over 0.80, and 
clustering methods help in interpreting the machine behavior in different environments. In addition, an idea for generating 
a new forest data source to the forest data platform based on the fusion is discussed.

Keywords Forestry · Data fusion · Machine learning · Forest data · Fieldbus data · Harvester · Forwarder

Introduction

In precision forestry, a wide range of data sources is utilized 
to generate accurate information about the state of the for-
est at a given location. This information is mainly for forest 
resource management and decision support systems in the 
wood procurement process for targeting forestry operations 
(Fardusi et al. 2017; Gülci et al. 2015). Detailed and timely 
information about forest parameters is collected primarily 
with remote sensing technologies, such as airborne laser 
scanning (ALS), aerial photography and satellite imagery 
methods (Holopainen et al. 2014; Mason et al. 2016; Fardusi 
et al. 2017). Forest machines, in particular the cut-to-length 

(CTL) machinery, are able to gather the forest parameters as 
the tree dimensions are measured during the tree harvesting 
(Lindroos et al. 2015; Mason et al. 2016; Lu et al. 2018). The 
environment sensing capabilities of the forest machines at 
forest site can be extended by equipping them with mobile 
laser scanners (MLS) or different types of cameras (Mel-
ander and Ritala 2018; Salmivaara et al. 2018; Holopainen 
et al. 2014). Furthermore, the current state estimate of the 
forest for precision forestry operations can be updated with 
data from other geographical information systems (GIS), 
such as soil topography and weather databases (Mason et al. 
2016; Salmivaara et al. 2017).

The data sources for precision forestry, described above, 
are very homogenous in terms of the representation and the 
availability. In Finland, these data sources are being col-
lected under a forest Big Data platform for easier implemen-
tation of new precision forestry applications (Hämäläinen 
2016; Venäläinen et  al. 2015; Rajala and Ritala 2016). 
This platform is intended to be publicly available in near 
future, but currently it is still in a development phase with a 
restricted access. The platform has a single interface where 
a client application can retrieve forest-related data originally 
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residing in many separate databases. The client can freely 
request any number of data sources for a given forest area in 
Finland, and the platform returns a single fused dataset con-
taining the data in standardized grid cells. The grid cell size 
adopted in the platform is 16 m × 16 m. At the time of writ-
ing, there was data from 10 open sources available through 
the platform implementation. The platform includes for 
example forest inventory data (Finnish Forest Center 2019; 
Luke Natural Resource Institute of Finland 2019), land sur-
vey data (National Land Survey of Finland 2019), weather 
reports and predictions (Finnish Meteorological Institute 
2019), other smaller datasets like forest classification based 
on changes in the Sentinel-2 satellite images, and metadata 
like Finnish municipality borders. The geographical area 
covered is wide; values of many forest attributes are avail-
able throughout Finland. The interface is built for automatic 
retrieval of the forest data, enabling easier implementation 
of new services in precision forestry framework. In addi-
tion, the platform supports custom data sources generated 
by the client applications. For instance, forest machine data, 
harvesting locations or forest parameters measured by the 
harvester could be uploaded to the platform as private or 
public data.

Harvesters and forwarders, used in the CTL framework, 
measure extensively parameters related to their own perfor-
mance and the wood procurement process. The automation 
layer of the CTL machine consists of a fieldbus system that 
connects all the related units, such as actuators, sensors and 
controllers together, forming a distributed control system. 
The control system constantly produces and processes hun-
dreds of signals related to the vehicle engine, transmission 
and harvester head performance and control, and to the pro-
duction. The control system and the human operator inter-
act through the on-board IT system of the forest machine, 
which also produces standard production and performance 
data based on the measurements during the work. This data 
can be transferred from the IT system of the forest machine 
to other wood procurement IT systems via mobile networks, 
offering a source of information about the visited forest site 
and the executed work (Olivera and Visser 2016; Strandgard 
et al. 2013). The CTL forest machines have an on-board 
Global Navigation Satellite System (GNSS) receiver that 
constantly records the geospatial coordinates of the machine, 
thus enabling the positioning of the recorded data. For preci-
sion forestry, the positioned harvester data can be fused with 
the GIS data sources, for example remotely sensed forest 
inventories (Lu et al. 2018). With such fused data, the inter-
actions between the machine performance and environment 
can be better understood, thus expanding the usefulness of 
harvester data beyond collection of forest parameters. For 
example, Eriksson and Lindroos (2014) and Obi and Visser 
(2017) have analyzed the production and the performance 
data to learn the effect of the working environment on the 

logging performance. Most notably, they found that the stem 
size, the forest terrain and the size of the operation signifi-
cantly affect the harvester productivity. However, detailed 
analysis of the machine behavior in different environments 
requires fieldbus data. Although the forest machines have 
quite good communication capabilities, neither time series 
of fieldbus variables nor their summaries are automatically 
recorded for later investigation. As the number of variables 
available on the fieldbus is high, recording all the variables 
at a high sampling rate is not feasible due to the limited 
communications network bandwidth. Hence, the fieldbus 
time series must be either analyzed and summarized at the 
on-board computer or collected for a limited test period and 
possible limiting the number of signals. Examples of the 
latter exist in literature; for example, in field tests of Suvinen 
and Saarilahti (2006) and Ala-Ilomäki et al. (2012) variables 
from the forest machine fieldbus were collected over a lim-
ited period of time and then analyzed offline together with 
the environmental data. These authors focus on modeling 
the relationship between certain machine variables and the 
environmental data for trafficability and have found that the 
motion resistance measured from the fieldbus variables has 
a connection to the resulting wheel rut depth.

Many studies on the effect of the working environment 
on the forest machine operation have been published (see, 
e.g., Han et al. 2006; Häggström and Lindroos 2016; Obi 
and Visser 2017; Sirén et al. 2019). Recent research shows 
that the operator can significantly affect the forest machine 
performance by setting appropriate machine parameter val-
ues for the given environment (Prinz et al. 2018). It was 
found that in particular harvester fuel consumption can be 
reduced, if the settings of the machine are manipulated cor-
rectly. Currently, forest machines calculate locally a set of 
performance indicators from the fieldbus time series, which 
can help the operator to tune the machine parameters. How-
ever, such performance indicators ignore the effect the envi-
ronment causes. Fusion of forest machine signals, produced 
during the normal logging work, and the nation-wide for-
est platform data would provide automatically forestry Big 
Data that allows data analysis methods and machine learn-
ing algorithms reveal useful machine–environment relation-
ships. Should a set of forest parameters be clearly related to 
a level of a particular machine signal, valuable information 
for both forest machine development and forest operations 
planning would be obtained.

The current paper presents how machine data and forest 
platform data are fused and analyzed in field tests. Initial 
findings resulting from the automatic data fusion of two 
completely different data sources in forestry domain are 
presented. The detailed aims of this paper are: (1) to pre-
sent an automated data fusion approach that combines for-
est resource data to fieldbus time series data of the forestry 
machine; (2) analysis of the forestry equipment and forest 
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environment interactions in the fused data; and (3) discuss 
the opportunities of such data fusion and storing summa-
ries of forest machinery data in the platform as a private or 
public data source.

Materials and methods

Fusion of forest data

The forest data platform offers possibility to request only 
the data sources that are important for the client applica-
tion. It is in a pilot stage, and new data sources are being 
added continuously. This study analyzes forest inventory 
data produced by the Finnish Forest Center, which is avail-
able for the field test site. In addition, land survey data were 
included in the dataset. The client queries the platform in 
JSON (JavaScript Object Notation), defining the geographic 
area of the data to be retrieved, the data sources and the data 
tags within the sources. The area is expressed as a GeoJSON 
multi-polygon, and the platform returns the requested data 
for each 16 m × 16 m grid cell intersecting the given poly-
gon. The platform returns the data as CSV files (Comma 
Separated Values), so that an individual Finnish (ETRS-
TM35FIN) map sheet (size 24 km × 48 km) generates one 
CSV file. In the data, a grid cell is represented as a single 
row, with an identifying grid number, and values of each 
forest parameter in its columns.

The fieldbus data of a harvester (Ponsse Scorpion King) 
and a forwarder (Ponsse Elk) were collected during field 
tests in Vihti region in Finland in May 2016. The data con-
sists of 22 signal channels (time series) recorded 4.5 h for the 
harvester and 2.75 h for the forwarder. The tests consisted of 
harvester and forwarder runs on the same forest path. The 
harvester first opened the path, conducting an ordinary thin-
ning operation, and the forwarder followed the route with a 
constant tree load. The forwarder run was repeated several 
times in selected parts of the test track. The dataset has been 
the basis of research on rut formation and measurements (see 
Salmivaara et al. 2018; Sirén et al. 2019), which specifies 
the test run environment and conditions, not repeated here. 
In this study, seven fieldbus channels related to the diesel 
engine, transmission and cooling of the forest machine were 
analyzed together with forestry data. Hereafter, the field-
bus signals are referred to collectively ‘System signals’ in 
this paper, only the traveling speed and fuel consumption 
are separately labeled. System signals 1 and 3 are the rota-
tional speeds of the hydrostatic drive motor and the diesel 
engine, respectively. System signal 2 is the torque of the 
diesel engine, and the signals 4 and 5 are the control signals 
of the hydraulic motor and the cooling unit. The sampling 
time throughout the fieldbus data collection was 20 ms. The 
GNSS (Global Navigation Satellite System) receiver of the 

forest machine recorded the location for each time instant 
of the fieldbus data, although with a higher sampling time 
of one second. Such data will be referred to as positioned 
time series.

The data fusion between the forest data and the field-
bus signals is initialized by requesting the forest data for 
the area where the machine has been operating. The cor-
respondence between the forest and the fieldbus data points 
is determined based on the location information given in 
the platform for the grid cells and by the forest machine 
positioned time series data. The forest data provided by the 
platform is static in the time scales of forest machine runs. 
As the forest data is given as 16 m × 16 m grid cells, the 
fieldbus time series data must be mapped on the same cells. 
Therefore, the second task in the data fusion operation is to 
label each time instant in the fieldbus dataset with the grid 
identification number associated to the recorded location at 
that time instant. This is referred to as grid-positioned time 
series. Thus each grid cell is associated with grid episodes, 
which represent machine operation at the cell. A grid epi-
sode is a subsequence of the total fieldbus time series, and 
the length varies from cell to cell depending on the dura-
tion the machine has spent in that cell (Fig. 1). Note that a 
grid cell may have several grid episodes associated to it, if 
the forest machine returns to a cell that was already visited 
earlier.

A grid episode includes all executed machine opera-
tions, such as driving forward or cutting a tree. To analyze 
the effect of the environment to a particular operation, the 
grid episodes need to be divided further. In this study, 
the driving motion of the machine was separated from the 
in-place work of the harvester and the forwarder based 
on a fieldbus signal that indicates whether the driver has 
enabled a brake for the in-place work. This breaks the 
grid episodes into several sub-episodes, as there can be 

Fig. 1  A forest machine route divided according to the grid cells of 
the forest data. Change in color indicates change in the grid episode
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multiple in-place working points within a grid cell, and 
the average length of sub-episodes is naturally shorter. 
Figure 2a shows an example of the sub-episodes resulting 
from the driving motion. Here, each sub-episode holds a 
subsequence of fieldbus time series of varying length. Due 
to the effect of forest canopies to the performance of the 
GNSS receiver, the route seems slightly erratic and inter-
mittent. Obviously, formation and selection of the sub-
episodes is according to the research question addressed 
and Fig. 2a serves only as an example.

To generate useful datasets for statistical analysis and 
machine learning algorithms, the varying-length sub-epi-
sodes are sampled several times with a constant time win-
dow that is shorter than the original sub-episode. In this pro-
cess, the starting point of each constant-length sub-episode 
(CLSE) is chosen uniformly randomly within the duration 
of the sub-episode, leading to a set of constant-length sub-
episodes that can be overlapped. In this study, the number 
of the CLSE’s per sub-episode was set so that the sum of the 
CLSE lengths corresponds to the length of the original sub-
episode being sampled. Each resulting CLSE is considered 
as a representative sample of the machine time series for 
the current grid cell and for the current working mode. The 
route after the division into constant-length sub-episodes 
(CLSE) is shown in Fig. 2b. The chosen constant length 
affects greatly the number of total time series in a result-
ing fused dataset and has to be considered when building 
the dataset for analysis purposes. In general, the harvester 
sub-episodes have lower mean length than those of the for-
warder, because the forwarder did not stop as often as the 
harvester. To clarify the terminology of the time series in 
this study, an overview is presented in Table 1.

Preprocessing is an important part in the automatic gen-
eration of the fused data sets. The dataset may lack some of 
the forest features for some grid cells, so removal of data 
points lacking some of the needed values was necessary. 
Forest parameters that are constant throughout the driven 
route are meaningless in the data analysis and were thus 
removed. Continuous forest data variables were normalized 
to zero mean and unit variance before analysis and nominal 
variables were coded as indicator variables for the machine 
learning algorithms. Furthermore, the dimensionality of 
the continuous forest variables was reduced with principal 
component analysis (PCA) to compact the representation. 
The variables describing the trees in the PCA transforma-
tion were laser height, laser density, age, mean diameter, 
mean height, basal area and volume. The laser height indi-
cates a height were 85% of the laser observations are in a 
cumulative distribution for the grid cell, taking into account 
only observations that are above two meters. The percentage 
of the observations above the two meter level is described 
by the laser density. Other variables describe the average 
dimensions of the trees in the grid cell. In addition, ground 
height variation and change (above sea level) between the 
grid cells in the machine route were included in the PCA 
transformation when transforming the forest data for the 
field test area.

Analysis of fused data

The fused dataset enables statistical analysis and machine 
learning modeling for seeking the relationships between the 
environment and the forest machine operation. Depending 
on the analysis method, the resulting fieldbus samples can be 

Fig. 2  a Sub-episodes resulting from the driving motion of the forest machine. b Sub-episodes sampled with constant length (CLSE). Change in 
color indicates change in the sub-episode (a) or in the CLSE’s (b)
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either transformed into a set of features or used as raw multi-
variate time series. Here, an arithmetic mean of each CLSE 
channel was adopted as the simplest feature for describing 
the individual CLSE channel sample. Such simplification 
of the time series into one simple feature enables straight-
forward correlation analysis and statistical significance tests 
for the fused data at the forest data grid level. In the fused 
dataset, the features of both the machine fieldbus time series 
and forest parameters (or the principal components of them) 
were located on the individual columns of the resulting data-
set. Thus, a single row in the dataset represents a single 
fused sample dedicated to certain grid cell in the forest.

In this study, the Pearson correlation coefficient for each 
pair of the forest and machine variables quantified the lin-
ear dependencies in the entire fused dataset. High corre-
lations within forest data or within machine signals allow 
reducing the set of variables in the dataset either directly or 
with methods, such as PCA. Then prediction models can be 
identified effectively between uncorrelated explanatory vari-
ables and uncorrelated target variables. Such correlations 
and models between continuous forest data variables and 
fieldbus time series signals can reveal important relation-
ships in the machine–environment interaction.

Forest data includes many forest parameters that are cat-
egorical, rather than continuous. Soil type, main tree spe-
cies, and trafficability class are examples of such variables. 
Obviously, their impact on continuous fieldbus time series 
cannot be evaluated through correlation measures; the 
question is that when CLSE channel features are grouped 
according to a categorical variable, does the statistics of 
the features differ significantly between the groups. The 
null hypothesis for statistical tests is that the categorical 
forest parameter, according to which the sub-episodes have 
been grouped, has no effect on the machine fieldbus time 
series and thus there are no significant differences between 
the feature statistics of the grouped sub-episodes. Most 

categorical forest parameters have more than two possible 
values; for example, soil type has six different classes for 
the grid cells within the field test set. For this reason, one-
way analysis of variance (ANOVA) and equivalent nonpar-
ametric Kruskal–Wallis tests were utilized to evaluate if at 
least one of the resulting group means of features (CLSE 
channel means) differs statistically significantly from the 
other group means. The selected significance level was 
0.05. As ANOVA assumes normally distributed data, the 
normality of each forest parameter groupings was tested 
(Jones et al. 2019), and the statistical test type was selected 
based on the results.

In addition to aforementioned statistical analysis, 
machine learning methods can be applied to the fused 
dataset. Machine learning can be divided into supervised 
and unsupervised methods, which differ in that the former 
requires the desired outcomes—labels or values—in the 
dataset, whereas the latter does not. Examples of methods 
from both categories in the analysis of the fused dataset are 
demonstrated in this study. Unsupervised machine learning 
covers clustering algorithms, which aim to find structure 
in data without known labels. In the current context, clus-
tering can reveal structures or tendencies of the machine 
signals in different forest conditions, given only the fused 
data. In contrast, supervised machine learning algorithms 
can predict a value or a class if the target value is given 
in the training set but is not available currently. Here, the 
model can be trained for predicting a single fieldbus time 
series (CLSE channel) feature from the forest platform data, 
allowing predictions of the machine behavior for the grid 
cells never visited before. The main objective using any of 
the machine learning methods is to generalize rules from a 
fused training dataset for understanding the machine–envi-
ronment relationship. All the machine learning analyses in 
this work were implemented with Python algorithms in the 
Scikit-learn library (Pedregosa et al. 2011).

Table 1  The terminology of time series in this study

Term Explanation

Fieldbus time series A recorded time series of the forest machine operation, consisting of several channels for different vari-
ables in the forest machine fieldbus

Positioned time series A fieldbus time series that has the location of the forest machine, recorded by the GNSS receiver, for each 
time stamp

Grid-positioned time series A fieldbus time series that has a grid cell identification number for each time stamp
Grid episode Subsequences of the total fieldbus time series that are assigned into a specific grid cell. This can consist of 

multiple time series, if the machine visits the same grid cell repeatedly. See Fig. 1
Sub-episode A time series that is produced by dividing a grid episode according to the working mode (e.g., harvesting/

moving). Thus, grid episodes usually consist of multiple sub-episodes. See Fig. 2a
Constant-length sub-episode (CLSE) A section of the sub-episode that is sampled to have a predetermined constant length. Thus, the CLSE is 

commonly shorter than the sub-episode and a single sub-episode can be sampled to many CLSE’s. See 
Fig. 2b. Note that the CLSE, like all other time series types described in this table, consists of several 
signal channels
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Hierarchical clustering (Xu and Wunsch 2008; Seber 
1984) of the fused dataset was employed as an example of 
the unsupervised learning methods. In hierarchical cluster-
ing, the data is clustered in different levels by merging or 
splitting clusters according to their distances. Hierarchical 
clustering is a descriptive method defining a process of col-
lecting individual data points into clusters of increasing size. 
The bottom-up hierarchical clustering algorithm starts by 
assigning each data point to its own cluster and calculating 
a distance measure between each cluster. Then clusters that 
have the smallest intercluster distance are merged together. 
This creates clusters for a hierarchy level, and the algorithm 
continues iteratively by calculating the distance between the 
formed clusters and further merging the clusters. The merg-
ing is continued until all the data points are designated to 
a single cluster. In this study, the CLSE features were hier-
archically clustered. A meaningful clustering of the fused 
data set is one in which all CLSE’s of each grid cell are 
in the same cluster, thus also implying a clustering of the 
grid cells. Finding this kind of clustering of the grid cells 
based only on the machine time series data would indicate 
a meaningful relationship between the forest data and the 
machine data.

Hierarchical clustering is not used for associating a new 
data point to a cluster, whereas the well-known K-means—
algorithm (Jain and Anil 2010) is suited for this purpose. 
In this work, Finnish forest grid cells were clustered into 
typical forest types with the K-means algorithm. K-means 
cluster centers allow association of any new data points to 
the clusters without the need of redoing the analysis with 
all the data. As the forest data platform enables access to 
forest data in the whole of Finland, the cluster centers can 
be identified for large forest areas representing all the types 
of forests in Finland. The grid cells of a field test area can 
then be allocated to the clusters according to their distances 
to the centers of the K-means clusters, thus enabling a more 
robust comparison between different field tests with varying 
forest types. However, the number of clusters in the K-means 
algorithm needs to be prescribed. It is not clear what is a 
good number of clusters with the forest data, and therefore, 
the clustering was experimented with number of clusters 
varying from 2 to 20. The number of forest grid cells in 
Finland is enormous, of the order of  109. Thus ten large 
areas were queried, resulting to approximately 28 million 
grid cells (7000 km2), distributed over 31 map sheets. The 
map sheets were further sampled to reduce the number of 
data lines, resulting a sample of 100,000 grid cells that was 
considered as a representative sample of the Finnish forests.

Supervised machine learning can be applied to solve 
classification and regression problems. In this study, regres-
sion algorithms were compared for predicting machine 
signal levels for a grid cell, when only forest data is given 
in advance. With such models, the aim is to predict forest 

machine performance before the operations. In the training 
phase, the target signal levels for the grid cells, essentially 
the mean values of the CLSE’s channels, were given for the 
algorithm. As the length of the CLSE is a tuning parameter 
of the method, the method was experimented with differ-
ent lengths to find the length that best correlates with the 
environment variables. This optimal CLSE length may vary 
depending on the settings and the features to be predicted. 
For instance, the signals resulting from the in-place work 
probably have different optimal CLSE length than the sig-
nals in driving motion. Many algorithms exist for learning 
the regression model from data, but here linear regression 
(LR) and random forest regression (RF) were utilized from 
the Scikit-learn library. The number of estimators in the 
random forest regressor was set to 100, but otherwise the 
algorithms were used with default parameters. The predic-
tion accuracy was evaluated by calculating the coefficient 
of determination ( R2 ) for the regression results. The coef-
ficients were calculated using K-fold cross-validation with 
five folds.

Results

Dataset statistics

Correlations were investigated between continuous forest 
parameters and machine time series features. Figure 3 pre-
sents a correlation matrix for CLSE channels in the case 
where the harvester was moving in the forest. The length of 
the CLSE’s was 300 samples (6 s). The results are similar 
with the sub-episodes of the in-place working harvester and 
the driving motion of the forwarder.

Considering the data fusion approach, the most interest-
ing correlations are between machine signals and the forest 
parameters. Many of the variables show no significant cor-
relation, while some variable pairs between the groups have 
correlation with absolute value in the range 0.3–0.5. The fig-
ure also shows clearly some high correlations within the for-
est parameters and, respectively, within fieldbus time series 
features. This suggests that rather than identifying regression 
models between the original variables, those between some 
linear combinations of variables is preferable. For instance, 
tree basal area and tree volume have a close to perfect cor-
relation, so there is no reason to include both as independent 
variables in the regression analyses.

Principle components are a natural way of describing 
highly correlated forest parameters. The four first compo-
nents explain 95.4% of variation in the nine forest param-
eters (tree and soil) in Fig. 3. The percentage of variation 
explained and the loadings of the four components are given 
in Table 2.
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Figure 4 shows the correlation matrix after the PCA trans-
formation of the forest parameters. The harvester system 
signal 5, which is related to the cooling of the harvester 
system, shows the best correlation with principal compo-
nents three and four of the forest data. The second principal 
component, consisting of 31% of the total forest data vari-
ation, has correlation of 0.4 with the fuel consumption and 
the harvester system signal 2 (related to the diesel engine of 
the harvester).

The effect of a single categorical-type forest parameter to 
each fieldbus signal channel was evaluated by grouping the 
CLSE’s with a single forest parameter at a time and conduct-
ing ANOVA or Kruskal–Wallis tests to determine the sta-
tistical significance of the resulting differences in the CLSE 
means. Figure 5 shows boxplots for the sub-episode means 
when grouped by the soil type. All the presented time series 
channels show statistically significant differences between 
some of the groups (significance level 0.05).

Clustering

Hierarchical clustering methods were applied to the datasets 
generated from the fieldbus data. The clustering of the har-
vester data when the harvester was moving divided both the 
machine and the forest data in a sensible manner, meaning 
that most of the forest data samples from the same grid cell 
are in the same cluster. The tolerance for the correct sample 
division can be relaxed for a certain degree, allowing more 
clustering groups for the use of further analysis. The CLSE 

mean values inside the two clusters are distributed according 
to boxplots shown in Fig. 6.

After the data is divided into clusters, the clusters can be 
characterized, for example, by the mean value of each forest 
parameter. Table 3 shows the differences in forest param-
eters between the clustered groups. In the table, parameters 
that show statistically meaningful differences according to 
ANOVA are marked bold. The information in the table gives 
interpretation for the generated two groups. For example, 
in the case of moving harvester, the cluster 1 represents 
dense forest with low changes in ground height level and 
correspondingly cluster 2 represents grid cells with fewer 
trees and larger ground height variations. In addition to con-
tinuous forest parameters, categorical forest variables were 
also taken into account after the clustering of the machine 
signals. Statistical significance tests are not applicable to 
categorical variables, but the appearance frequency of cer-
tain categorical value inside a cluster can be calculated. For 
instance in the clustering of the harvester driving motion 
data, the dominant value for the forest parameter trafficabil-
ity was type 1 (“accessible when frost-damaged”) in the first 
cluster and type 2 (“accessible in normal summer condi-
tions”) in the second cluster.

In addition to clustering of local field test data, a rep-
resentative sample of the forest data in Finland was clus-
tered using the K-means algorithm. Before clustering, the 
tree data was transformed to three principal components 
using PCA. Table 4 shows the explained variance of each 
principal component and contributions of single forest 

Fig. 3  A correlation matrix 
between forest data and har-
vester CLSE mean values when 
moving
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tree parameters. The three principal components explain 
together 96.3% of the total forest tree data variance.

Figure 7a shows the clustering result of the forest tree 
data sampled from 26 million grid cells of different forest 
areas in Finland with six clusters. The K-means cluster-
ing was experimented with several different cluster num-
bers, but the distances of the individual samples from their 
cluster centers decreased quite steadily while increasing 
the cluster number, so no single best cluster number was 
found. The forest tree data from the field tests in Vihti, 
shown in Fig. 7b, was partitioned according to the six 
centers.

All the clusters are represented in the field test data, 
but clusters 1, 5 and 6 have significantly more grid cells 
than others. Sub-episodes can be grouped according to 
the clusters, enabling comparison of signal features under 
general forest types in Finland. Figure 8 shows the differ-
ences in harvester fuel consumption and system signal 1 
when driving forward in the field tests.

Taking into account the most represented clusters (1, 
5 and 6) in the one-way ANOVA, significant differences 
exist between some of the clusters in the fuel consumption 
( p < 0.0001 ) and the harvester system signal 1 ( p = 0.006 ) 
CLSE mean values.

Prediction

For fieldbus signal feature prediction, linear and random 
forest regression models were trained with the forest data 
alone as the explaining variables and a mean value of a 
CLSE channel as the target variable. The prediction results 
for the moving harvester and forwarder data are collected 
to Table 5. The length of CLSE was set to 300 samples 
(6 s) after examining the results with lengths between 50 
to 1000 samples as both the harvester and forwarder data-
sets showed best predictability in average at this window 
size. However, the prediction of system signal 5, for exam-
ple, returned better results with the window size of 100 
samples, so the optimal window size may be individual 
for each fieldbus signal.

For visualizing the best prediction performance of the 
random forest regression, Fig. 9 shows the sorted values for 
the true and predicted CLSE means of system signal 5 over 
an independent test set containing 20% of the total dataset 
values (CLSE window of 100 samples, R2 = 0.93). The most 
important predictors for the system signal 5, reported by 
the Python random forest regressor, are the third principal 
component of the tree data (43.5%), the soil type of class 20 
(21.8%) and the second principal component of the tree data 
(16.9%). In this respect, the system signal 5 is an exception, 
as all other signals have the first three principal components 
of the tree data as the most important predictors.Ta
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Discussion

The greatest benefit in the use of the forest data platform 
for predicting the forest machine behavior is that the data is 
continuously available for the entire forest area in Finland; 
each site visited can be automatically analyzed in terms 
of the environment parameters and recorded fieldbus time 
series. Another advantage is that a model, trained with the 
forest data and fieldbus measurements from field tests, can 
predict working conditions for the grid cells in the sites to be 
visited in future. For example, harvester fuel consumption 
for the planned route could be estimated by downloading 
the forest data and predicting the fuel consumption level 
with the pre-trained model for each grid cell along the route. 
However, the problem in the predictive setting is that the 
model requires a comprehensive set of training examples 
from different forest conditions before reliable predictions 
can be produced. Here the limiting factor is the availability 
of the fieldbus data, as the data typically needs to be sepa-
rately collected in field tests or analyzed directly on the on-
board computer of the forest machine. Hence, the possible 
advantages gained from the comprehensive training data 
give motivation for continuous collection of fieldbus data.

The relative positioning of the datasets for fusion was 
based on the GNSS location recorded by the forest machine, 
by assigning each fieldbus data point to a platform grid cell. 
The fused dataset contains noise resulting from the forest 
data, the machine data and the data fusion process. One rel-
evant error source is the location recorded by the GNSS 

receiver, in particular when the forest canopy is blocking 
the satellite signal (Kaartinen et al. 2015; Blum et al. 2016). 
The resulting machine location is somewhat erratic, as can 
be seen in Fig. 1. The noise in the forest machine path can 
cause the time series to be positioned off from the correct 
grid cell in the fusion process, if the location erroneously 
jumps near the grid cell border. Furthermore, the GNSS 
receiver records the location from the roof of the machine 
operator cabinet, so the 8-m-long machine can be mostly on 
the neighboring cell to that of the cabinet, again resulting in 
a wrong cell label for the machine. However, typically the 
forest parameters vary smoothly between neighboring cells, 
so the error in the machine location does not necessarily 
lead to large errors in the analysis. Some modern harvesters 
are capable of determining harvested tree locations using 
the boom location data, which would help in positioning 
harvested trees to correct grid cells while working.

The structure of the fused data set was examined with 
correlation analysis and unsupervised learning techniques, 
such as PCA, and hierarchical clustering. The dimensional-
ity of the forest data was reduced with PCA, showing that 
three first principal components carry more than 86% of 
the variability. The main principal components, based on 
their loadings of forest tree variables (Table 2), have natural 
interpretations. The first component differentiates the grid 
cells based on their total tree mass, as all the loadings have 
the same sign and increase in each variable implies more 
tree mass. The second principal component increases with 
age and mean diameter and decreases when tree density 

Fig. 4  Correlations between 
principal components of the 
forest parameters and machine 
signals



 European Journal of Forest Research

1 3

and basal area increase. This suggests that the component 
differentiates dense forests with young and thin trees from 
sparse forests with old, thick and high trees. The principal 
components three and four are strongly related to the vari-
ation of the ground height: Both components increase with 
the height variation inside the grid cell, but the third compo-
nent is related also to increase in the ground height between 
the cells, suggesting uphill in the movement direction. The 
hierarchical clustering of the CLSE’s mean values revealed 
that the clusters found in machine signals can be associated 
to certain grid cells, thus to the attributes of the forest. The 
hierarchical clustering of sub-episodes reveals how machine 
behaves in different forest environments within the field test. 
The number of clusters was selected by requiring that sam-
ples from any given grid cell should be assigned to the same 

cluster. This resulted into division of the sub-episodes to 
two clusters, but the results could be applicable only to the 
current field test conditions.

The problem in the generalization of single field test data 
can be at least partially solved by clustering larger set of the 
forest data, a representative sample of the Finnish forests, 
with K-means algorithm. Figure 7a shows that the forest 
data, when projected to the plane of two principal compo-
nents, forms a single large connected area with few dense 
regions. Thus the K-means algorithm rather divides the area 
to a given number of sections than finds distinct clusters. 
Correspondingly to the PCA conducted for the forest data 
of the field test area (Table 2), the principal components 
for the forest data of whole Finland (Table 4) have similar 
interpretations in respect to the tree data. The ground height 

Fig. 5  Differences in CLSE 
mean values grouped by the 
soil type
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Fig. 6  Differences in CLSE 
mean values in four channels 
(harvester in motion) inside 
hierarchical clusters

Table 3  Mean values and standard deviations for forest parameters in clustered groups

Data type Cluster no. Laser den-
sity—tree 
(%)

Age—tree 
(years)

Basal area 
–tree  (m2/
ha)

Stem count—
tree (pcs/ha)

Mean diam-
eter—tree 
(cm)

Volume—tree 
 (m3/ha)

Ground 
height STD 
(m)

Harvester mov-
ing

1 64.3 (30.8) 31.6 (11.2) 15.0 (9.7) 1658.8 (888.2) 13.3 (2.6) 97.7 (72.9) 3.7 (3.1)
2 53.0 (31.4) 35.9 (11.1) 13.1 (9.8) 1292.0 (745.8) 14.6 (3.9) 93.5 (75.1) 5.0 (2.1)

Harvester work-
ing

1 83.2 (18.1) 29.1 (7.0) 21.8 (7.6) 2173.1 (746.4) 13.5 (2.7) 147.3 (63.6) 4.0 (3.0)
2 82.9 (17.4) 29.5 (7.2) 21.8 (7.2) 2100.6 (767.3) 13.8 (2.9) 149.2 (60.6) 4.0 (3.0)

Forwarder mov-
ing

1 75.5 (23.9) 29.6 (7.5) 18.4 (8.4) 1848.0 (788.8) 13.5 (2.8) 122.5 (64.2) 3.5 (3.5)
2 59.8 (28.3) 31.8 (13.0) 14.3 (8.7) 1551.5 (741.7) 14.0 (4.2) 95.8 (70.4) 4.8 (2.3)

Table 4  The contributions of single variables to principal components in forest tree data in Finland

Principal 
component

Explained vari-
ance (%)

Forest tree variable contribution (loadings of standardized variables)

Laser height Laser density Age Mean diameter Mean height Basal area Volume

PC1 76.0 0.41 0.27 0.35 0.4 0.41 0.38 0.4
PC2 16.8 0.14 − 0.64 0.44 0.32 0.21 − 0.41 − 0.24
PC3 3.5 0.02 − 0.70 − 0.28 − 0.13 − 0.03 0.35 0.54
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Fig. 7  Clustered forest tree data points according to the first two principal components in Finland (a) and in Vihti field tests (b). Only 5% of the 
total data points are plotted in (a) for better visualization of the clusters. Corresponding cluster centers are marked with black crosses

Fig. 8  Harvester fuel consumption and system signal 1 mean distributions when clustered with six clusters formed from the Finnish forests

Table 5  Fieldbus signal 
prediction results for driving 
motion using linear regression 
(LR) and random forest 
regressor (RF) using sample 
window of 300 samples

  R2 values higher than 0.5 are marked in bold

Fieldbus signal channel R
2

Harvester Forwarder—total Forwarder—1st 
run

Forwarder—
2nd run

LR RF LR RF LR RF LR RF

Fuel consumption 0.10 0.49 0.16 0.46 0.34 0.71 0.58 0.86
Speed 0.07 0.35 0.15 0.66 0.16 0.70 0.17 0.74
System signal 1 0.09 0.43 0.16 0.67 0.18 0.74 0.17 0.73
System signal 2 0.14 0.61 0.15 0.45 0.31 0.68 0.58 0.86
System signal 3 0.19 0.53 0.08 0.49 0.15 0.69 0.28 0.72
System signal 4 0.15 0.49 0.26 0.74 0.24 0.82 0.34 0.81
System signal 5 0.45 0.83 0.53 0.64 0.62 0.88 0.69 0.95
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variation between the grid cells is not applicable here as 
there is no predefined route in the dataset. In Fig. 7a, the 
first principal component divides data in four regions and 
the second component further halves the middle regions. 
The resulting cluster centers, representing the general forest 
types in Finland, serve as the basis for robust comparisons 
of the data from field tests. As show in Fig. 7b, the clusters 
found are not equally represented at a test location, but a few 
clusters dominate the dataset. Knowing the general forest 
types of the single field test helps in interpreting the fusion 
results from a more general viewpoint, meaning that the next 
field test results can be compared to current results, if the 
same forest types are present. For example, a minimum num-
ber of observations of the forest type could be necessitated 
before the data fusion analysis results would be considered 
comparable in the more general level.

In this study, supervised machine learning was demon-
strated by predicting a mean value of a fieldbus time series 
channel for each grid cell in the dataset using only forest 
data. The instantaneous values of fieldbus time series depend 
on numerous factors, but the working environment could 
hypothetically cause changes in the average time series lev-
els available in the fused dataset. Predicting the mean values 
beforehand for the grid cells in the target forest site could 
offer valuable information for route planning, for instance. 
The prediction results for the traveling forest machines, col-
lected to Table 5, suggest that some variables, in particular 
‘System signal 5’, were indeed predictable using the forest 
data alone. This signal is related to the cooling of the forest 
machine, contrary to other system signals directly related 

to the transmission and the diesel engine. In this study, a 
single soil type class (fine graded moorland) was found to 
be important when predicting this signal, so the soil type 
appears to have an effect on the cooling of the harvester. 
One useful result for future studies was the observation of 
the best CLSE length to be 6 s in the fieldbus time series, 
suggesting that the influence of the forest parameters is on 
the average best observable in the fieldbus data with this 
window size. As the random forest regression predicted all 
the time series levels better than the linear regression, non-
linear relationships between the forest and machine data are 
of importance. In general, the predictability was higher in 
the datasets where the route was travelled only once and in 
the same direction (harvester and individual forwarder runs), 
suggesting that the direction of which the grid cell is trav-
elled is an essential piece of information. A natural explana-
tion for this is the topography of the grid cell at tilted ter-
rain. Furthermore, the number of runs already driven along 
a route appears to have an effect and needs to be considered 
in particular when predicting forwarder performance.

In the current paper, the forest data for the clustering con-
sisted only of the tree attributes without information about 
the tree species or details of the soil characteristics, such as 
the soil type, fertility and the load-carrying capacity. The 
clustering of the general forest types should consider these 
as well, but this requires dimension reduction methods for 
joint continuous and categorical data. Furthermore, the 
fieldbus time series could be more extensive, covering, for 
instance, machine inclinations and signals related to the tree 
cutting process of the harvester. The best prediction results 
were obtained, when the forest machine was constantly 
traveling forward. The reason for this could be the selection 
of the fieldbus time series channels, which were more related 
to the mobility of the harvester than the tree cutting process.

The forest data platform supports new data sources pro-
duced by the clients. Here, the forest machine data and the 
results gained from the data fusion can be thought as a new 
data source for the platform. Saving the essential analysis 
results, derived from the machine fieldbus signals, would 
emphasize more general analysis in the future, after the 
platform has data from several different forest locations in 
Finland. Currently, the platform supports addition of the data 
through CSV files, where a single line represents data for a 
particular grid cell. One possible data source, utilizing the 
results found in this paper, would include saving the overall 
mean of the CLSE’s for each grid cell together with the 
main forest type found in the K-means clustering (Fig. 7a). 
For better usability in future, factors affecting the machine 
performance, such as the machine type or the operator ID, 
should be included. In addition, for comparing results inside 
a single forest operation, the time that the forest machine 
spends in the grid cell and the main driving direction could 
be added to the grid cell data.

Fig. 9  Predicted (normalized) mean values of system signal 5 (har-
vester, CLSE of 100 samples) using only forest data
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Conclusion

The fusion of forest machine fieldbus data and forest 
inventory data through the geographical location ena-
bles machine learning methods for discovering relation-
ships between the forest machine and the environment. 
In this study, forest data were found to be a good predic-
tor when the machine time series was considered in the 
grid cell level. In particular, regressions for the data in 
individual forwarder runs showed R2 values higher than 
0.80 with many of the fieldbus signals, and similar results 
were found with some fieldbus signals from the moving 
harvester. The study found the grid cells also useful in 
the clustering of machine signals, as they provided a link 
between machine data clusters and forest data. The key 
aspect was the use of the forest data platform, which ena-
bles the analysis of the machine and forest inventory data 
everywhere in Finland. This can accelerate the develop-
ment of the forest machine and operations, as the effect 
of the environment can be analyzed without separate field 
tests for measuring the environmental conditions. The 
platform can also function as a data warehouse for the 
shown analysis results. Applications that currently utilize 
the fieldbus time series directly, like condition monitoring 
or operator guidance, could benefit from the signals that 
can be standardized in terms of the environmental effect. 
The essential constraints in the analyses are the fieldbus 
time series collection for the data fusion and the generali-
zation of the results with variations in the machine types 
and operators. The individual results shown in this paper 
were constructed using fieldbus data from a single field 
test; although some interesting results were found, more 
data needs to be gathered from different locations before 
the results can be generalized.
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Abstract
In mechanized logging operations, interactions between the forest machines and their operators, forest resources and envi-
ronmental conditions are multifold and not easily detected. However, increased computational resources and sensing capa-
bilities of the forest machines together with extensive forest inventory data enable modeling of such relationships, leading 
eventually to better planning of the operations, better assistance for the forest machine operators, and increased efficiency 
of timber harvesting. In this study, both forest machine fieldbus data and forest inventory data were acquired extensively. 
The forest inventory data, acquired nationwide, was clustered to categorize general tree and soil types in Finland. The found 
forest categories were applied when the harvester fieldbus data, collected from the forest operations in the North Karelia 
region with two similar harvesters, was analyzed. When the performance of the machine and the operator, namely the fuel 
consumption and log production, is studied individually for each forest cluster, the impact of working environment no 
longer masks the causes based on the machine or the operator, thus making the observations from separate forest locations 
comparable. The study observed statistically significant differences in fuel consumption between the most general tree and 
soil clusters as well as between the harvester-operator units. The modeling approach applied, based on multivariate linear 
regression, finds such reasons for the differences that have clear interpretation from machine setup or operator working style 
perspective, and thus offers a feasible method for assisting the operators in improving their working practices and thus the 
overall performance specifically at forest of given type.

Keywords Forestry · Data fusion · Machine learning · Forest data · Fieldbus data · Harvester · Performance

Introduction

Forests resources are being digitalized throughout the world. 
Remote sensing in its many forms (see, e.g., Holopainen 
et al. 2014; Dash et al. 2016; White et al. 2016; Talbot et al. 
2017) has been widely applied to provide tree and topo-
graphic data of forests, enabling better planning of forest 
operations. This is often referred to as precision forestry or 
Industry 4.0 in wood supply (Holopainen et al. 2014; Mason 
et al. 2016; Müller et al. 2019). Related to this trend, for-
est inventory data is collected worldwide, in particular in 

Europe, Canada, USA, Russia, Brazil, China and New Zea-
land (Tomppo et al. 2010). Furthermore, at least in the Nor-
dic countries, the effort is to make forest data public (Kangas 
et al. 2018). In Finland, most of the forest inventory data 
collected with public resources have been made publicly 
available, and the latest effort is to gather all forest related 
data sources accessible via a single service (Venäläinen et al. 
2015; Hämäläinen 2016; Rajala and Ritala 2016). The key 
aspect in this service is to fuse the heterogeneous data into 
constant grid cells (16 m × 16 m in Finland). Openly acces-
sible and aggregated forest inventory data is now enabling 
all stakeholders to develop new applications for supporting 
forest operations. For example, forest machine manufactur-
ers are collecting a vast amount of forest data with their 
machines but are currently not utilizing existing forest data 
when developing new products or optimizing the current 
machines.

Cut-to-length (CTL) forest machines dominate the 
market in the Nordic countries, as almost all the logging 
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is performed with CTL systems in Finland, Sweden and 
Norway (Lundbäck et al. 2018). This is due to a long tra-
dition in cross-cutting the stems already in the forest for 
easier transportation (Gellerstedt and Dahlin 1999). The 
numerous demands set for the timber harvesting in the 
CTL system, such as the ability to respond to precise cut-
ting specifications of sawmills and to work with minimal 
forest floor impact, have developed CTL forest machines 
to intelligent systems capable for extensive sensing of the 
forest environment and information processing (Lindroos 
et al. 2015; Olivera and Visser 2016). Efficient timber har-
vesting necessitates careful planning of the forest opera-
tions, as appropriate machines should be chosen to do the 
correct work at the right time. Forest inventory data, as 
depicted above, is being widely used for better planning 
and scheduling of the operations in this general level. 
However, from the perspective of a single forest machine 
carrying out a specific operation the forest environment is 
dynamic: while the machine travels through the intended 
harvesting route, the environmental conditions and for-
est types are changing, affecting both the forest machine’s 
actual and maximum achievable performance (Suvinen 
and Saarilahti 2006; Ala-Ilomäki et al. 2012; Obi and Vis-
ser 2017; Melander et al. 2019). Olivera et al. (2016) have 
pointed out that the type of forest, i.e., the properties of 
the trees, affects the productivity. Therefore, the operator 
has to decide the actual route of the harvester, taking into 
account, for example, the bearing capacity of the forest 
floor at the given season, while simultaneously keeping 
in mind the correct harvesting density and the resulting 
width of the logging road. Due to complex dynamical rela-
tionships of the environment with respect to the machine 
and goals of the operation, an operator can hardly have 
exhaustive understanding of the optimal actions in the 
ongoing forestry operation. Today, CTL forest machines 
assist the operator in many tasks, for example by opti-
mizing the cross-cutting points for each tree, but mostly 
the operator relies to his own experience and skills while 
working (Häggström and Lindroos 2016). Furthermore, 
the operator has a possibility to adjust forest machine set-
tings, which have a considerable effect on the performance 
of the machine (Prinz et al. 2018). For helping the operator 
in these many adjustments, the impact of the environment 
to the optimal machine settings needs to be understood. 
Such understanding can only be developed by analyzing 
forest machines in a variety of environments. However, 
this requires that the effects of the environment and the 
effects of the machine operation can be separated. The 
future of the forest machines is foreseen to be increasingly 
autonomous (Hellström et al. 2009; Ringdahl 2011; Ring-
dahl et al. 2011), removing the variation caused by the 
operator, but the requirement for separating the effects of 

the forest machine and the environmental factors continues 
to be highly relevant.

Until now, research on Big Data solutions suitable to for-
est operations has resulted in a rather limited number of 
publications, as recently pointed out by Rossit et al. (2019). 
The existing research is mostly concentrated on modeling 
the processed trees in the forest operations (see, e.g., Lu 
et al. 2018; Shan et al. 2019) or evaluating the productivity 
from the production records (see, e.g., Olivera et al. 2016; 
Eriksson and Lindroos 2017; Rossit et al. 2019). However, 
analysis of the interactions between the forest machine and 
its environment necessitates large amounts of data collected 
from the machines, in particular, fieldbus data in addition to 
the production records. Data collection of this extent inevi-
tably creates challenges for the data warehousing and com-
munication capabilities while working in remote locations. 
The solution lies in the machine learning and data mining 
algorithms, which detect patterns and structures in large data 
sets (Murphy 2012). Most of these algorithms can be divided 
into categories of predictive (supervised) and descriptive 
(unsupervised) learning. In predictive learning, a regression 
or classification model is constructed between known inputs 
and outputs available in the dataset. Descriptive learning 
is used for revealing unknown relationships and structures 
without any prior knowledge of the data, and it has typically 
applications in clustering and dimensionality reduction. Use 
of such algorithms for data in forestry has been depicted, for 
example, by Rossit et al. (2019) and Melander et al. (2019). 
By exploiting pre-trained machine learning models and the 
computational power of the forest machine, it is feasible to 
analyze most of the data while at the harvesting site, reduc-
ing the need for vast data transmission between the forest 
machine and data warehouses.

The current paper is based on the idea and the early 
results in Melander et al. (2019), where forest inventory 
data and machine fieldbus signals were fused for revealing 
machine–environment relationships. This paper concentrates 
on explaining performance differences of two harvesters, 
similar with each other, found in a long-term collection of 
fieldbus data. This paper expands our earlier work, firstly 
in that it analyzes the performance both while the machine 
is cutting and in motion, secondly in that it shows how to 
separate the performance differences due to the forest type 
and the operation of the machine, and thirdly that the forest 
and soil categorization is based on nationwide analysis of 
forest inventory data. The main contribution of this paper is 
the methodological basis for fleet-wide analysis of the per-
formance of the forest machine and its operator in relation 
to the working environment.
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Materials and methods

This study analyzes two datasets: firstly, fieldbus and pro-
duction data collected from two similar harvesters in a 
recording of 20 working days, and secondly a set of forest 
inventory data systematically sampled from the database 
covering whole Finland. In addition, detailed forest inven-
tory data with whole areal coverage was acquired for the 
areas where the machines were working, allowing fusion of 
machine and environmental data. Therefore, forest inventory 
data is used at two levels: the sampled inventory data from 
the database covering whole Finland for learning generaliz-
able categories of Finnish forests, and the non-sampled for-
est inventory data for each grid cell where the machines have 
visited for comparing machine performances individually 
for each forest type. As the two forest machines under con-
sideration were similar, the differences in performance due 
to operator actions are highlighted in this study. However, 
some of the parameters in the control system of the forest 
machine are user-specific and were set differently in the two 
harvesters, so the comparison in this paper is actually done 
between the two machine-operator combinations.

Harvester data collection

Fieldbus data was collected from two Ponsse Scorpion 
harvesters with the same age and with similar equipment, 
including, for example, the harvester head. Ponsse Scorpion 
is an 8-wheeled CTL harvester with 210 kW diesel engine, 
weighing approximately 21 tonnes. Further details on the 
machine can be found from the datasheet of the machine 
(Ponsse Plc 2020). The collected data consists of signals 
from various actuators of the harvester, including signals 
from the harvester head and boom, transmission system, 
steering system and the GNSS device. In total there were 
48 signals recorded constantly from the fieldbus of a sin-
gle harvester and eight variables related to the production 
output. Table 1 shows an overview of the types of the col-
lected signals. The sampling interval of the fieldbus sig-
nals was 0.02 s, meaning that in a single 8-h working day 

approximately 1.5 million rows of fieldbus data was recorded 
for a single variable (roughly 1 GB of fieldbus data per day 
for one harvester).

The recording period was from late September to early 
October 2019, when the outside temperature in the daytime 
was between 0 and 10 degrees and there were occasional 
subzero temperatures in the night-time. The soil was free 
from frost and the mean daily precipitation during the period 
was 2.9 mm. Data was recorded during harvesters’ normal 
timber harvesting routines, and the data collection was run-
ning in the background. No specific operation tests were 
arranged. Harvesters were operated in one shift, meaning 
that both harvesters were each operated by a single operator 
through the whole data collection period. The machine-oper-
ator units are referred to as Operator 1 and Operator 2 from 
now on. The operators had their own custom harvester con-
trol system settings, which they kept mostly constant during 
the data collection period. Both operators had regeneration 
felling and thinning tasks during the recording period. The 
datasets were labeled according to these work types. The 
work sites of both machines were at North Karelia region in 
Eastern Finland, specifically around municipalities of Kitee 
and Rääkkylä (Fig. 1).

Finnish forest data for forest categorization

The forest data platform allows user-defined queries with 
no limitations on the amount of the data or the number of 
retrieved grid cells. In our earlier study (Melander et al. 
2019), the data for representing the Finnish forests was 
delimited to ten small areas consisting of 100,000 grid cells, 
and to nine forest parameters. Here, the intention is to take 
advantage of the limitless data queries of the forest data 
platform and construct a dataset that genuinely represents 
Finnish forests, thus enabling search of the underlying struc-
ture, i.e., the forest categories of Finland, with unsupervised 
machine learning methods. However, the total number of 
grid cells in Finland is of the order of 109 , so retrieving 
and analyzing all the grid cells and all the forest param-
eters would require considerable computational resources. 
Therefore, a systematic sampling pattern was designed to 

Table 1  Overview of harvester signals

Boom and harvester head Transmission and motor Orientation and position Production

Boom rotation control Fuel consumption GNSS receiver variables Number of produced logs and felling cuts
Boom 1st joint control Speed Acceleration X, Y, Z Tree species and assortment
Boom 2nd joint control Diesel engine RPM and torque Longitudinal and lateral tilt Log length
Boom extension control Hydrostat RPM Steering control Log diameter (butt, average, top)
Harvester head rotator control Hydraulic motor control Log volume
Saw control Cooling unit control
Feed control forward/backward Working brake
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retrieve a representative set of Finnish forest inventory data 
(Fig. 2a). The sampling pattern consists of 176 square areas 
of size 12 km × 12 km, containing overall approximately 107 
grid cells.

The platform responds to the query by returning the grid 
data partitioned to map sheets (size 24 km × 48 km). This 
data (156 files) was sampled further, so that 10% of grid 
cells were picked randomly from each map sheet. After 
sampling, the data consisted of approximately 2.9 million 
grid cells with 80 continuous and 13 categorical forest vari-
ables for each cell. Data was preprocessed to remove any 

inconsistencies in data (Fig. 2b). All cells containing false 
or missing values were removed and only cells for which 
land type was indicated to be forest, were selected. In this 
process, it was noticed that two of the major data sources 
having similar forest inventory data, i.e., the forest inven-
tory data maintained by Finnish Forest Center (FFC) (Finn-
ish Forest Center 2019) and the National Forest Inventory 
(NFI) maintained by Natural Resources Institute Finland 
(Luke 2019), conflicted at many grid cells. The reason for 
the conflicts may be due to different inventory instants: if, 
for example, a forest area is harvested between the inventory 

Fig. 1  Recorded forest operation sites
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instants, rather different tree dimensions and density are to 
be expected. Because of the conflicts, only the FFC data was 
retained in the dataset. After preprocessing, the data com-
prises approximately 1.5 million grid cells with 28 continu-
ous forest variables. The categorical variables were reduced 
to four: soil type, harvesting accessibility, fertility class and 
drainage state. Other categorical variables were rather con-
stant in the final set of grid cells. The final set of variables 
is collected and given in Table 2.

Fusion of machine and forest data at worksites

The fusion of the forest and machine data closely follows the 
procedure presented by Melander et al. (2019). The forest 
inventory data for the data fusion is retrieved for each grid 
cell along the machine route, and should not be confused 

with the Finnish forest data collection for forest categori-
zation, presented in the previous section. The difference 
between the two is that the large-scale sampling presented 
in the previous section is needed for learning the underly-
ing structure of Finnish forest inventory data by clustering, 
so that the local forest inventory data on the machine route 
on every forest operation can then be set in proportion to 
all other Finnish forests. The fieldbus time series and forest 
inventory data on grid cells of the machine route are fused 
according to the position given by the GNSS of the machine. 
This associates time series of varying lengths to grid cells, 
according to the period the machine spends in a grid cell. 
Each repeated visit to a grid cell—if any—associates its 
own time series to the cell. These grid-positioned time 
series are further divided according to the working mode of 
the harvester: driving and processing trees. The division is 

Fig. 2  a Constant sampling grid for the forest inventory data retrieval (captured from the forest data platform user interface). b Realized samples 
after data cleaning process
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necessary because it is expected that quite different variables 
are relevant in the two working modes, e.g., forest ground 
and topography are expected to be important for harvester 
transmission and orientation, but tree properties are expected 
to be important for production and boom operation. This 
division shortens the time series considerably, as the work-
ing mode changes frequently inside a grid cell. For gaining 
statistical robustness, the time series are sampled using a 
window as many times as is possible without overlapping the 
windows. The length of the windows was chosen to be 10 s 
for the moving harvester and 30 s for the working harvester.

In this study, the performance of the harvester-operator 
combination is evaluated by fuel consumption and total vol-
ume of log production per time instance. Both performance 
indicators are examined together with the forest inventory 
data, revealing the effects of the forest parameters to the 
performance.

Forest clustering

For gaining generalizable results in every forest operation, 
the dimensionality of the Finland-wide forest inventory 
data was reduced and then clustered. The dimensionality of 
the continuous forest inventory data, consisting of 26 tree 
parameters, was reduced with principal component analysis 
(PCA). PCA necessitates selecting the number of the result-
ing variables, i.e., the number of principal components, for 
the model, and this number was chosen to be nine in this 
study as this preserves 90% of the original variation in the 

forest inventory data. The nine axes were further clustered 
with K-means algorithm (Jain 2010) for general tree types 
of Finland, referred to as tree clusters later in the study. 
K-means produces a pre-specified number of clusters, but at 
present there is no prior information about what is the appro-
priate number of clusters for the Finnish forest inventory 
data. Therefore, the clustering results, the sum of squared 
distances and a silhouette score, were evaluated as a func-
tion of number of clusters. The silhouette score (Rousseeuw 
1987) is a general measure of the quality of the clustering, 
ranging from − 1 to 1, with higher numeric values indicating 
better clustering. With the resulting cluster model, each grid 
cell on the route of the harvesters was labeled by the cluster 
index based on the forest inventory data in the cells. Cat-
egorical forest inventory data variables, describing the forest 
ground properties, were clustered with K-modes algorithm 
(Chaturvedi et al. 2001), that is similar to the combination 
of PCA and K-means for continuous variables. Resulting 
clusters are referred to as soil clusters later in the study.

Inferring about performance differences

When studying the effect of the soil and tree clusters to har-
vester performance, it was assumed that the soil conditions 
affect the most the moving harvester and correspondingly 
the tree clusters affect the felling operation. The effect of the 
clusters was examined by grouping the windowed fieldbus 
signals, such as the fuel consumption, according to those 
clusters and then identifying the most significant statistical 

Table 2  Forest variables included in the analysis

Variable name Explanation

Tree-related variables
Tree age Mean age of the trees in the grid cell. Includes separate variables for pine, spruce and deciduous
Tree mean diameter Mean diameter of the trees in the grid cell. Includes separate variables for pine, spruce and deciduous
Tree mean height Mean height of the trees in the grid cell. Includes separate variables for pine, spruce and deciduous
Tree basal area Total basal area of the trees in the grid cell. Includes separate variables for pine, spruce and deciduous
Stem count Stem count in the grid cell, given in stem count per hectare. Includes separate variables for pine, spruce and 

deciduous
Tree volume Tree volume in the grid cell, given in cubic meter per hectare. Includes separate variables for pine, spruce 

and deciduous
Laser height 85% point in the cumulative height distribution of laser observations over two meters in the grid cell
Laser density Number of laser observations above 2 m in the grid cell divided by the number of all the observations
Soil-related variables
Topographic wetness index (TWI) In this study, the continuous-valued TWI is transformed into a categorical variable by dividing its range to 

16 equally wide bins
Soil type Soil type according to the Finnish soil classification standard
Harvest accessibility Accessibility rating from 1 (always accessible) to 6 (only on wintertime). See Kankare et al. (2019) for 

detailed classification information
Fertility class Fertility class describes undergrowth vegetation which is seen to reflect fertility and productivity status of 

the site. The classification is based on the work of Cajander (1909, 1949) and is widely used in Finland
Drainage state Drainage state describes whether the area is ditched and the current state of the soil drying



European Journal of Forest Research 

1 3

differences of the signal means between the groups. How-
ever, it is highly likely that there are other factors besides 
environmental ones affecting the performance. The differ-
ences caused by the operator actions and machine settings 
can be examined by studying machine signal features within 
a single soil or tree cluster so that the harvesters have been 
operating at similar environment, and then to repeat such 
analysis to each soil or tree cluster to find cross effects. One 
approach is to fit a predictive model for finding the func-
tion between variables of interest, such as operator control 
variables, and a performance metric, such as fuel consump-
tion, and study the relative importance of the independent 
variables given by the model. In this study, linear regression 
models were fitted for predicting the consumption of the 
harvester within the time window of samples. 80% of the 
total dataset (3398 window samples for the driving motion 
and 5134 samples for the felling work) was used for the fit-
ting and the rest was left for testing the model performance 
(850 and 1284 samples, respectively). The independent 
variables for the models were chosen to be either forest data 
variables or machine variables that are directly controllable 
by the operator. For example, diesel engine RPM level is 
a variable set by the operator and thus suited as an inde-
pendent variable. However, sets of variables that are highly 
correlated should be avoided in the regression model, and 
therefore most of the forest variables were not included as 
independent variables. Furthermore, production volume cor-
relates strongly with the feed control of the tree through the 
harvester head, so it was not taken into the model. Table 3 
presents an overview of the independent variables of the 
consumption models.

As all independent variables were standardized to zero 
mean and unit variance, the most important variables with 
respect to the target variable (fuel consumption) are found 
simply by examining the coefficients for the independent 
variables in the model. By weighting the differences in the 
independent variables (forest data or operator controls) with 
their coefficients, reasons for the differences can be inferred. 

For example, the cause for a higher consumption for one 
machine-operator unit over another can be reasoned by the 
distinctive usage of the harvester boom control, if the differ-
ence in the boom controls, multiplied with the correspond-
ing coefficient, is high.

Results

General forest clusters

The representative sample of the forest inventory data in the 
national level was processed separately into most typical tree 
and soil clusters, to support separate analysis for moving 
harvester (with soil clustering) and for working harvester 
(with tree clustering). Figure 3 shows principal component 
loadings of original tree-related forest inventory variables 
in the PCA transformation. Figure 4 shows the loadings of 
variables related to tree species.

To find the best number of clusters, the sum of squared 
distances between data points and cluster centers and sil-
houette scores are presented in Fig. 5. The sum of squared 
distances (Fig. 5a) decreases rather steadily as the number 
of clusters increases. The silhouette score (Fig. 5b) shows 
some variation as a function of the number of clusters but 
is rather low and constant. The K-modes clustering of the 
categorical soil variables shows similar results (Fig. 6), 
with the exception that the smaller values for the number 
of clusters seem to result for better clustering according to 
the silhouette score. In both cases, the low silhouette score 
values indicate that there are no clear clusters in the dataset.

Another way to assess the usefulness of the general forest 
clusters is to apply the clustering to the grid cells of the field 
tests and examine the variation of the forest inventory data 
inside every cluster, as the clustering is supposed to mini-
mize this variation inside the clusters. Based on the evalu-
ation shown in Fig. 5 and Fig. 6, number of clusters was 
chosen to be 45 in the tree clustering and 7 in the soil clus-
tering. With this choice, the five most common clusters in 
the field tests are next described in detail. The performance 
of the machine will be compared individually within each of 
these five clusters. All the cluster centers for the soil clusters 
are presented in Table 4, with clusters 1, 2, 4, 6 and 7 being 
the most common. Correspondingly, the five most common 
tree type clusters in the field tests are described in Table 5 by 
means of the original forest inventory data inside the cluster.

Figure 7 demonstrates the consistency of the forest inven-
tory data inside clusters by showing the distribution of forest 
inventory variables inside clustered grid cells along the route 
of the two harvesters. Two forest parameters, stem count and 
tree volume, are presented for the five most common clusters 
in the field tests for both harvesters.

Table 3  Independent variables selected for consumption models

Working harvester Driving harvester

Variables in consumption models
Diesel engine RPM
Boom rotation control
Boom 1st joint control
Boom 2nd joint control
Boom extension control
Number of tree cuts
Harvester head feed control (forward and 

backward)
Harvester head rotation control
Tree volume in the grid cell
Stem count in the grid cell

Diesel engine RPM
Speed
Harvester steering control
Inclination (front-rear)
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Fig. 3  Loadings of general 
forest variables in principal 
components

Fig. 4  Loadings of forest variables related to tree species related in principal components

Fig. 5  Scores of tree clustering with cluster numbers from 10 to 60
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Fig. 6  Scores of soil clustering with cluster numbers from 10 to 60

Table 4  Cluster centers for the soil clusters

*Denotes a cluster not included in field test analysis

Cluster number (share 
of the grid cells in field 
tests)

Soil type Harvesting accessibility Drainage state Fertility class TWI class

1
(34.2%)

Coarse moorland Mineral soil, accessible dur-
ing summer

Unditched moorland Fresh moorland or corre-
sponding wetland

2

2
(3.8%)

Coarse moorland Mineral soil, accessible dur-
ing summer

Unditched moorland Dry moorland or correspond-
ing wetland

2

3*
(0.7%)

Peatland Wetland, accessible during 
summer

Natural state wetland Dry moorland or correspond-
ing wetland

2

4
(9.2%)

Coarse moorland Mineral soil, accessible dur-
ing dry summer

Unditched moorland Fresh moorland or corre-
sponding wetland

1

5*
(2.1%)

Peatland Mineral soil and wetland, 
accessible during winter 
time

Natural state wetland Rough moorland or corre-
sponding wetland

3

6
(44.5%)

Fine moorland Mineral soil, accessible dur-
ing dry summer

Unditched moorland Moorland with rich grass-
herb vegetation or cor-
responding wetland

2

7
(5.4%)

Coarse moorland Mineral soil, accessible on 
summer time

Unditched moorland Dry moorland or correspond-
ing wetland

1

Table 5  Description of the five most common tree clusters in the field tests

Cluster number (share of the 
grid cells in field tests)

Dominant tree species Mean age 
(years)

Mean diameter 
(cm)

Mean height 
(m)

Stem count 
(pcs/ha)

Tree vol-
ume  (m3/
ha)

15 (7.3%) Spruce 52 23.6 18.9 682 175.5
17 (9.2%) Spruce, pine, deciduous 66 25.6 19.9 466 133.7
22 (11.4%) Spruce 60 25.5 20.6 771 262.8
33 (8.0%) Deciduous 65 25.3 21.0 929 250.9
41 (12.5%) Spruce 79 30.2 24.1 673 378.5
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Factors affecting harvester fuel consumption

The most important factors affecting the fuel consumption 
of the harvester were studied separately for the moving and 
for the working harvester. The data for the working harvester 
was limited to cases of regeneration felling, as the consump-
tion between thinning and regeneration operations are con-
siderably different and thus should be studied separately. In 
the analysis of working harvester, only fieldbus data win-
dows containing at least one cut of a log according to the 
production records were included. In the analysis of moving 

harvester, data was restricted to cases where harvester incli-
nation in the direction of traversal was less than 5 degrees. 
Figure 8a and b shows the fuel consumption (mean of time 
series samples) for the driving motion in the most common 
soil clusters and for the felling work in the most common 
tree clusters. The significance of the cluster and machine-
operator unit in the differences between group means were 
evaluated using two-way ANOVA, see Table 6. According 
to the test, fuel consumption has statistically significant dif-
ferences between the machine-operator units and the forest 
cluster groups with a significance level of 0.05.

Fig. 7  General tree clusters applied to the grid cell stem count (a) and volume (b) of the visited cells in the field tests

Fig. 8  Distribution of the fuel consumption (mean of time series sample) for moving harvester under general soil clusters (a) and for regenera-
tion felling under tree clusters (b)
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Analyzing fuel consumption of the two harvesters sepa-
rately for each cluster (Fig. 8) means that the effect of 
differences due to forest properties has been removed, but 
differences due to their production rates still affect the fuel 
consumption. Figure 9 depicts the produced volume per 
fuel consumption for revealing the efficiency differences 
between the machine-operator units.

Figure 10 shows the performance of a linear regression 
model trained to predict the fuel consumption while the 
harvester is working, based on the signals listed in Table 3. 
Similarly, a model was trained for the moving harvester. 
The R2 value for the working harvester model was 0.61 and 

0.62 for the moving harvester model. The coefficients of 
the models are reported in Table 7.

Based on the weighted differences in the signals, three 
most important reasons for higher consumption between the 
machine-operator units at each cluster are presented in Table 8. 
The Operator 1 had higher fuel consumption while working, 
except for the tree cluster 22, whereas the Operator 2 had 
higher fuel consumption while driving in all of the presented 
soil clusters.

Table 6  Results of two-way ANOVA with soil (driving) and tree 
(working) clustering for fuel consumption

Sum of squares Degrees 
of free-
dom

F p

Harvester driving
Operator 3.853407 1 49.21 < 0.001
General soil cluster 1.197522 4 8.70 < 0.001
Operator: general soil 

cluster
4.743062 4 2.87 0.022

Residual 1.206663 3116
Harvester working
Operator 8246.85 1 4.28 0.037
General tree cluster 40317.92 4 5.23 < 0.001
Operator: general tree 

cluster
25885.93 4 3.36 0.010

Residual 4385958.0 2277

Fig. 9  Summed production volume per mean fuel consumption in the 
recorded time windows (regeneration felling)

Fig. 10  Test data predictions with a linear regression model of the 
consumption ( R2 = 0.61)

Table 7  Coefficients of the linear regression models with standard-
ized independent variables

Harvester working Harvester driving

Linear regression coefficients
Feed control forward 14.5 Inclination (front-rear) 63.6
Diesel engine RPM 13.6 Speed 45.2
Boom  2nd joint control 8.9 Diesel engine RPM 34.6
Number of cuts 7.2 Harvester steering control 28.6
Feed control backward 5.4
Boom rotation control 4.6
Boom  1st joint control 3.6
Boom extension control 3.1
Tree volume in the grid cell 1.6
Stem count in the grid cell 1.4
Harvester head rotation 

control
1.1
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Discussion

The availability of comprehensive forest inventory data 
in Finland enables new possibilities for analyzing forest 
machine performance automatically. Without the forest data, 
performance metrics of the harvesters are not comparable 
between the stands as the soil and tree properties affect the 
forest machine routing and production. The comparability 
of the performance metrics is important when instructing 
the operators or tuning the machine parameters, as these 
actions need to be tailored for the current forest environ-
ment. This study presented ideas for creating a machine 
learning pipeline capable for the generalization of the forest 
environment and detection of the reasons behind the meas-
ured differences.

The pipeline for generating the general tree clusters 
started with a dimensionality reduction of forest inventory 
data with the PCA. The contributions of the 28 forest inven-
tory variables in the PCA transformation are presented in 
Figs. 3 and 4. The meaning of each nine principal com-
ponent is not obvious, but when looking at the contribu-
tions of the original forest inventory variables in the figures, 
explanation in forestry perspective can be found rather easily 
for at least for the first four components. The first compo-
nent after the PCA transformation describes the sturdiness 
of the trees in the grid cell, regardless of the tree species. 
Original inventory variables that are related to the higher 
tree mass increase and decrease together, only exception 
being the stem count, which acts in the opposite way. Thus, 
the value of the first principal component is high in grid 
cells containing old and massive trees rather sparsely and 
low in grid cells containing young trees densely. The next 
two components mainly describe the tree species: the sec-
ond component separates forests where pine is the domi-
nant species from the rest, and the third component distin-
guishes spruce and deciduous dominant forests. The fourth 

component seems to react to the age of the trees in the grid 
cell, also separating forests with pine as the dominant tree 
species. Although PCA interpretations are logical and clear, 
the number of clusters for principal component scores is not 
evident for the K-means clustering. The quality of clustering 
as a function of number of clusters was evaluated with two 
techniques. Based on the stabilization of sum of squared 
distances (Fig. 5), the number of clusters was chosen to be 
45, but there seems to be no unique number of clusters that 
would lead to superior clustering results over other choices. 
Furthermore, low silhouette score values indicate that the 
tree data shows no clear clustered structure. However, the 
five most common clusters in our field tests turned out to 
be useful: the stem count and the tree volume, given as an 
example of the forest inventory variables in the grid cells, 
were similar in the grid cells having the same cluster index 
in the route of the two harvesters (see Fig. 7). Furthermore, 
the fuel consumption showed statistically significant differ-
ences between the clusters and the machine-operator units 
according to two-way ANOVA. Such findings signify that 
the clustering succeeded in the standardization of forest 
inventory data: the two machines experienced similar for-
est conditions in the grid cells with the same cluster so the 
performance indicators under the conditions of the cluster 
are comparable. However, clustering of forest inventory data 
needs further research as the K-means algorithm did not 
return strong clusters for the PCA transformed data.

Similar clustering, although with a K-modes algorithm 
suitable for categorical variables, was performed to find gen-
eral soil clusters in Finland. In this study, all the soil-related 
variables showing reasonable variation in the sampled areas 
and available from the forest data platform were included 
in the clustering. It should be noticed that some of the vari-
ables, such as trafficability, are originally derived partly from 
the other included variables. The results indicate that with 
the selected variables, the best number of clusters can be 

Table 8  Most important reasons for higher consumption of a machine-operator unit within a tree cluster

Reason 1 Reason 2 Reason 3

Soil clustering
1 Higher speed Increased steering movement More inclined route (front-rear)
2 Higher speed More inclined route (front-rear) –
4 Higher speed Increased steering movement –
6 Higher speed Increased steering movement –
7 Increased steering movement Higher speed –
Tree clustering
15 Higher diesel engine RPM setting Increased 2nd boom joint movement Increased boom extension movement
17 Higher diesel engine RPM setting Increased stem count in the grid cell Increased harvester head rotator movement
22 Increased feed control forward Number of cuts Increased feed control backward
33 Higher diesel engine RPM setting Increased 2nd boom joint movement Increased harvester head rotator movement
41 Higher diesel engine RPM setting Increased tree volume in the grid cell Increased boom extension movement
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found from the range of 2–15 clusters. This is a rather low 
number considering the number of possible combinations 
of the variable classes but can be partly explained with the 
rather strongly correlated categorical variables. The cluster-
ing into seven clusters shows significant differences in the 
fuel consumption between the clusters and the clusters with 
higher consumption have cluster centers which suggest more 
moist soil conditions. Unfortunately, in the field tests the 
most wet conditioned clusters (3 and 5) were scarce. In such 
conditions, the fuel consumption would have been expected 
to be at its highest based on earlier research (Melander et al. 
2019).

Labeling machine signal samples according to the nation-
wide grid cell clusters and analyzing each cluster label 
separately revealed differences in the fuel consumption and 
production of the machines-operator units (Fig. 9). Based 
on the presented summaries of the consumption, it seems 
that Operator 2 managed to work more efficiently in most 
of the tree type clusters: with less consumed fuel and with a 
higher volume of logs produced. Finding such differences is 
in itself important, but even more valuable knowledge is the 
reasons behind the differences. Therefore, a linear regres-
sion model was fitted for predicting the fuel consumption 
based on all the recorded forest inventory data and the opera-
tor controllable variables. The resulting R2 values, 0.62 for 
the moving and 0.61 for the working harvester, denote that 
the independent variables are not enough for explaining the 
entire variation in the fuel consumption. However, most of 
the variation is explained, and the learned coefficients for the 
variables seem reasonable regarding the preconceptions of 
the factors affecting the harvester fuel consumption. As seen 
in Table 8, the model predicts the RPM level being the most 
important reason for the higher consumption of Operator 1 
while working under most of the tree type clusters. This is 
not surprising, as it was known that the operator had higher 
RPM setting for the regeneration felling and higher motor 
RPM is known to cause higher fuel consumption. However, 
the higher RPM seems not to have justification as the pro-
duction done by the Operator 1 is lower. When driving for-
ward, the higher consumption of Operator 2 was explained 
mostly by the higher speed, indicating that, for example, the 
inclination of the route, the most influential cause accord-
ing to the model, was not significantly different between the 
harvested stands of the two operators.

Linear models are particularly well suited for problem 
settings where contributions of single features to the target 
variable needs to be understood. In this study, the impor-
tance of the operator control signals with respect to fuel 
consumption were characterized by multiplying the mean 
differences of the signals between operators with the learned 
model coefficients, in a certain tree type cluster. Generaliz-
ing this simple linear importance assessment to a nonlinear 
one has several options for importance evaluation, such as 

permutation importance. However, even this method would 
result only in the importance without indication of sign of 
the effect, thus reducing the possibilities to infer about the 
differences in the performance.

In any future fleet-wide application, comparing opera-
tors pairwise is probably not sensible or even feasible. If 
data—signal means labeled according to forest type—would 
be continuously collected, comparing each operator against 
a common forest-type specific distribution would be a more 
fruitful approach toward improving timber harvesting effi-
ciency. The methods presented in this paper would serve as 
the key functions of such a system. When the system would 
identify exceptionally low performance values, it could 
assist the operator to either tune the appropriate machine 
parameters or to change the detected non-efficient working 
routines.

Conclusion

In this study, large datasets of both, the forest inventory data 
and the machine fieldbus data were collected in order to 
reveal separately the impacts of the forest environment and 
of the way the harvester is operated on the machine perfor-
mance. The performance of two machine-operator units was 
compared by investigating the differences in fuel consump-
tion and log production after the variation in forest inventory 
data in individual forest locations was taken into account. 
The variation was successfully managed by clustering the 
forest inventory data in Finland with unsupervised machine 
learning methods, thus finding general forest types that 
apply for the whole country. Such clustering model is valu-
able when collecting data from individual forest operations, 
as the collected machine data will be comparable within 
all other locations in Finland sharing the same clustering 
group, i.e., the same forest type. Inside the clustering group, 
meaning all the grid cells having the same cluster index, 
the forest environment can be considered to be constant, 
enabling fair comparisons between machine-operator units. 
Additionally, this paper proposed linear regression model for 
predicting the fuel consumption of the machine based on the 
operator input and the forest inventory data. Such model can 
explain the actual reasons behind the detected differences in 
performance, if considered inside the clustered forest type. 
The statistically significant results suggest that the differ-
ences between the forest environments, operator actions and 
machine settings need to be closely monitored when evaluat-
ing the performance of separate forest operations.

The forest data processing methods presented in this paper 
are aimed for managing and taking advantage of the increas-
ing amounts of data produced in forestry operations. The pre-
sented pipeline of data fusion and machine learning methods 
was designed to enable continuous data collection of machine 
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fieldbus data in respect to the forest inventory data. Once the 
clustering model for the forest inventory data is trained, as 
shown in this paper, the data fusion process in individual forest 
machines necessitates only local forest inventory data for asso-
ciating the machine fieldbus data to the general forest types. 
This decreases the need for high capacity communication to 
data servers from the forest machines, as the data fusion results 
can be calculated in the on-board computer before transmis-
sion of the results. In addition, the suggested approach enables 
performance analysis to be constrained to very specific situ-
ations, for example to sawing of the logs, machine climbing 
uphill or single crane movement situations. Such automated 
methods are required for full-scale, commercial applications 
for fleet-wide performance improvement.

The clustering proposed in this paper offers a first version 
of the general forest types in Finland, but further cooperation 
of forestry researchers is needed for developing it further. The 
results regarding the impact of the environment to the har-
vester performance in this paper seem to be consistent with our 
earlier results in Melander et al. (2019), although the clustering 
of the soil-related data is somewhat different. Furthermore, 
in both studies, mean values of signals in the fieldbus data 
windows were used when analyzing the datasets. A future 
research is suggested on using more versatile signal features 
of the fieldbus data after the data fusion.
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