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Abstract 
Habite, Tadios Sisay (2022). Pith Location and Annual Ring Detection for Modelling of 
Knots and Fibre Orientation in Structural Timber: A Deep-Learning-Based Approach, 
Linnaeus University Dissertations No 454/2022, ISBN: 978-91-89709-12-6 (print), 978-
91-89709-13-3 (pdf). 

Detection of pith, annual rings and knots in relation to timber board cross-sections 
is relevant for many purposes, such as for modelling of sawn timber and for real-
time assessment of strength, stiffness and shape stability of wood materials. 
However, the methods that are available and implemented in optical scanners today 
do not always meet customer accuracy and/or speed requirements. The primary 
purpose of this doctoral dissertation was to gain an increased knowledge and a 
better understanding of how different characteristics and surface defects of timber 
boards can be identified automatically and robustly. The secondary purpose was to 
explore the possibilities of how such identified features/defects can be used to add 
value to the wood manufacturing industry. 
In the present study, three different methods were developed to non-destructively 
and automatically detect annual rings and pith location based on images obtained 
by optical scanning of the four longitudinal surfaces of the timber board. In the first 
method, a signal-processing-based approach and an optimisation algorithm were 
applied. In the second method, a deep-learning-based conditional generative 
adversarial network (cGAN) and a shallow artificial neural network (ANN) were 
used. In the third method, a single step deep-learning approach with a one-
dimensional convolutional neural network (1D CNN) was applied. A novel 
stochastic model was also proposed to generate an unlimited number of virtual 
timber boards, with photo-realistic surfaces and known pith location, by which the 
proposed 1D CNN was trained before it was successfully applied to real timber 
boards. Concerning accuracy, all the three methods gave prediction errors of the 
same magnitude, between 4 mm and 6 mm. The 1D CNN method needed only 1.1 
ms to locate the pith at a single section, which was 165 and 127 times faster than the 
signal-processing based and the cGAN based methods, respectively. Hence, the 1D 
CNN method proved to be the fastest, most operationally simple and robust 
method. 
In sawn timber, the presence of knots causes the fibres to deviate from the 
longitudinal direction of the board, leading to a significant reduction of strength and 
stiffness. In the current study, a computer algorithm was proposed to detect knots 
on board surfaces and to reconstruct the knots in three dimensions (3D) by using the 
detected pith location. Moreover, a fibre modelling method was also proposed and 
used to produce the 3D fibre orientation within the volume of timber boards. 
Furthermore, the detected pith location and annual rings visible on the board 
surfaces were also utilised to estimate the radial annual ring profiles along the 
longitudinal direction of timber boards. 
Keywords: Sawn timber, Pith location, Deep learning, Artificial neural networks, 
Convolutional neural network, Conditional generative adversarial network, Knot 
detection, Knot modelling, Knot reconstruction, Fibre orientation, Annual ring profile 





To my beloved family





Acknowledgements
It would have been impossible to fulfil this Doctoral thesis without the help and
support of the kind and competent people around me, to only some of whom it is
possible to give a grateful mention here.

First and foremost, I would like to sincerely thank my main supervisor Anders
Olsson (Professor at the department of building technology, LnU), for his guidance
and steady support over the years. Your many scientific advice, encouragement
and discerning suggestions have been a huge asset to me. I would like to extend my
appreciation to my co-supervisors Osama Abdeljaber (Associate Senior Lecturer)
and Jan Oscarsson (Senior Lecturer) for their guidance and the fruitful discussions
we had over the years. My thanks to you, Osama, for introducing me to the world
of machine learning and AI.

I would also like to acknowledge Dr. Tatek Fekadu Yideti (Senior Engineer at
the Norwegian Public Roads Administration) and Prof. Girma Kifetew for their
mentorship and guidance throughout my PhD journey.

The doctoral study was financially supported by the Swedish knowledge
foundation and MiCROTEC Linköping (formerly WoodEye), and was part of the
industrial research school ProWOOD+. Here, I would like to thank the ProWOOD
management team Jenny Bäckstrand and Jimmy Johansson.

In this PhD project, I have had the opportunity to collaborate with MiCROTEC
Linköping (formerly WoodEye), and I hereby would like to gratefully acknowledge
the financial support, the fruitful discussions and collaboration. A special thanks
to Patrik Ljungdahl, Tomas Blomberg and Pär Kierkegaard.

Finally, a special heartfelt thanks to my family, for being my motivation, giving
me your unequivocal support and prayer throughout my academic journey.

Växjö, Sweden, May, 2022
Tadios Sisay Habite

ix





Contents

Publications xiii
List of appended papers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii
Authors contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiv
Other publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xv

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Research idea, objectives and realization . . . . . . . . . . . . . . . . 4
1.3 Scientific method, materials and limitations . . . . . . . . . . . . . . 5

2 State of the art 8
2.1 Detection of pith location and growth rings . . . . . . . . . . . . . . 8
2.2 Modelling of sawn timber . . . . . . . . . . . . . . . . . . . . . . . . . 11

3 Features affecting wood properties 17
3.1 Clear wood . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.2 Sawn timber . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

4 Machine Learning 24
4.1 Multilayer Perceptrons (MLPs) . . . . . . . . . . . . . . . . . . . . . . 25
4.2 Convolutional Neural Networks (CNNs) . . . . . . . . . . . . . . . . 28
4.3 Generative Adversarial Networks (GANs) . . . . . . . . . . . . . . . 33

5 Contributions of present research 39
5.1 Detection of pith location and annual ring width (Papers I, II and III) 39
5.2 Application of the detected features (Papers IV and V) . . . . . . . . 51
5.3 Modelling of fibre orientation in 3D (Paper IV) . . . . . . . . . . . . 54

6 Conclusions 60

7 Future Work 62
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

xi





Publications
List of appended papers
Paper I
Tadios Habite, Anders Olsson and Jan Oscarsson. Automatic detection of
pith location along Norway spruce timber boards on the basis of optical
scanning. European Journal of Wood and Wood Products, 2020, 78(6), 1061–1074.
https://doi.org/10.1007/s00107-020-01558-1

Paper II
Tadios Habite, Osama Abdeljaber and Anders Olsson. Automatic detection
of annual rings and pith location along Norway spruce timber boards using
conditional adversarial networks. Wood Science and Technology, 2021, 55(2), 461–488.
https://doi.org/10.1007/s00226-021-01266-w

Paper III
Tadios Habite, Osama Abdeljaber and Anders Olsson. Determination of pith
location along Norway spruce timber boards using one dimensional convolutional
neural networks trained on virtual timber boards. Construction and Building Mate-
rials, 2022, 329, 127129–127129. https://doi.org/10.1016/j.conbuildmat.2022.127129

Paper IV
Tadios Habite and Anders Olsson. Modelling of knots and 3D fibre orientation of
timber boards based on information obtained from optical scanning. Submitted to
Construction and Building Materials, 2022, under review.

Paper V
Osama Abdeljaber, Tadios Habite and Anders Olsson. Automatic Estimation of
Annual ring profiles in Norway spruce timber boards using optical scanning and
deep learning. Submitted to Computers and Structures, 2022, under review.

xiii



Authors contributions
Paper I
Conceptualisation: Tadios Habite (T.H.), Anders Olsson (A.O.) and Jan Oscarsson
(J.O.); Methodology: T.H., A.O. and J.O.; Software: T.H.; Validation: T.H.; Formal
analysis: T.H.; Investigation: T.H.; Resources: A.O.; Data curation: T.H.; Writing –
original draft: T.H.; Writing – review & editing: T.H., A.O. and J.O.; Visualisation:
T.H.; Supervision: A.O. and J.O.; Funding acquisition: A.O.

Paper II
Conceptualisation: T.H., Osama Abdeljaber (O.A.) and A.O.; Methodology: T.H.,
O.A. and A.O.; Software: T.H. and O.A.; Validation: T.H.; Formal analysis: T.H.;
Investigation: T.H.; Resources: A.O.; Data curation: T.H. and O.A.; Writing –
original draft: T.H. and O.A.; Writing – review & editing: T.H., O.A. and A.O.;
Visualisation: T.H. and O.A.; Supervision: O.A. and A.O.; Funding acquisition:
A.O.

Paper III
Conceptualisation: T.H., O.A. and A.O.; Methodology: T.H., O.A. and A.O.;
Software: T.H., O.A. and A.O.; Validation: T.H., O.A. and A.O.; Formal analysis:
T.H., O.A. and A.O.; Investigation: T.H., O.A. and A.O.; Resources: A.O.; Data
curation: T.H. and O.A.; Writing – original draft: T.H., O.A. and A.O.; Writing
– review & editing: T.H., O.A. and A.O.; Visualisation: T.H., O.A. and A.O.;
Supervision: O.A. and A.O.; Funding acquisition: A.O.

Paper IV
Conceptualisation: T.H. and A.O.; Methodology: T.H.; Software: T.H.; Validation:
T.H.; Formal analysis: T.H.; Investigation: T.H. and A.O.; Resources: A.O.; Data
curation: T.H.; Writing – original draft: T.H.; Writing – review & editing: T.H. and
A.O.; Visualisation: T.H.; Supervision: A.O.; Funding acquisition: A.O.

Paper V
Conceptualisation: O.A., T.H. and A.O.; Methodology: O.A., T.H. and A.O.;
Software: O.A., T.H. and A.O.; Validation: O.A.; Formal analysis: O.A.;
Investigation: O.A.; Resources: A.O.; Data curation: T.H.; Writing – original draft:
O.A. and A.O.; Writing – review & editing: A.O.; Visualisation: O.A. and T.H.;
Supervision: A.O.; Funding acquisition: A.O.

xiv



Other publications
Paper VI
Tadios Habite, Anders Olsson and Jan Oscarsson. Detection of Pith Location
of Norway Spruce Timber Boards on the Basis of Optical Scanning. In 21st
International Nondestructive Testing and Evaluation of Wood Symposium, Freiburg,
Germany, September 24 – 27, 2019 (pp. 268 – 275). US Department of Agriculture,
Forest Service, Forest Products Laboratory.

Paper VII
Tadios Habite, Sara Florisson and Johan Vessby. Numerical Simulation of
Moisture-Induced Crack Propagation in Dowelled Timber Connection Us-
ing XFEM. In 2018 World Conference on Timber Engineering (WCTE), August 20 –
23, 2018, Seoul, Republic of Korea. World Conference on Timber Engineering (WCTE).

Abstract I
Tadios Habite, Osama Abdeljaber and Anders Olsson. Generation of artificial
timber boards with realistic appearance for application of deep-learning algorithms
in the wood manufacturing industry. In 8th European Congress on Computational
Methods in Applied Sciences and Engineering (ECCOMAS), Oslo, Norway, June 5 – 9,
2022.

Abstract II
Tadios Habite, Anders Olsson and Jan Oscarsson. Automatic detection of pith
location along boards of Norway spruce on the basis of data from optical
scanning of longitudinal surfaces. In CompWood 2019-International Conference
on Computational Methods in Wood Mechanics – from material properties to Timber
Structures, Växjö, Sweden, June 17 – 19, 2019 (pp. 64 – 64). Lnu Press.

Abstract III
Johan Vessby, Sara Florisson and Tadios Habite. Numerical simulation of moisture
driven fracture in mechanical timber connection using XFEM. In CompWood 2017
ECCOMAS Thematic Conference on Computational Methods in Wood Mechanics – from
Material Properties to Timber Structures, Vienna, Austria, June 7 – 9, 2017 (pp. 25 – 25).
TuVerlag.

xv





1 Introduction

1.1 Background
Wood is a naturally grown material, and timber is sawn from tree trunks as
a building material. Throughout their lifetime, trees are exposed to various
environmental influences, both natural, e.g. strong wind, snow-load, seasonal
variation of sunlight etc. and artificial, e.g. in the form of silviculture (Säll, 2002).
Moreover, each individual tree at its different growth stages may be subjected to
different environmental influences triggering different survival reactions from the
individual tree, such as the development of compression wood in softwood. Thus,
from the end-user perspective, considerable differences in physical and mechanical
properties are observed between wood products obtained from different trees of
the same species and even from within the same tree.

A cross-section of a tree trunk can be categorised into two parts: sapwood and
heartwood. Sapwood represents the outer part of the tree, and heartwood covers
the innermost part, see Fig. 1.1. In a living tree, sapwood has three main functions
(Dinwoodie, 2000; Bamber, 1987):

1. To conduct nutrients and minerals from the root upward to the tree’s crown.

2. To store the manufactured nutrients until it is required.

3. To provide support for the tree.

In contrast to sapwood, heartwood only provides support for the tree (Din-
woodie, 2000; Bamber, 1987).

In the temperate, subarctic and parts of the tropic regions of the globe, growth
of trees is seasonal (Dinwoodie, 2000). Trees grow by producing new wood cells
by cell division in the cambium layer (Dinwoodie, 2000; Bamber, 1987), a layer
between the bark and the part of the stem, including the branch, built up by wood
fibres, see Fig. 1.1. In the cambium layer, the diameter of both the trunk and
branches of the tree increases due to such cell division. For such an increase in
diameter, i.e. radial growth, the crown size increases proportionally in length and
diameter. During such radial growth, the entire cross-section is not needed for
nutrient conduction. Therefore, as the tree grows older, the heartwood starts to
grow outwards, radially, starting from the pith to include former sapwood cells.
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Figure 1.1: Structure of a softwood log section

In softwood, seasonal growth is the reason for the formation of growth rings.
The part of the stem cross-section that grows during the early growth season is
called earlywood. Tracheid cells in the earlywood are characterised by thin cell
walls and bigger cavities (Dinwoodie, 2000). The part of the stem cross-section that
is formed late in the growth season is called latewood. In this season, the dominant
function performed by the tracheid cells is to provide support (Dinwoodie, 2000;
Holmberg and Sandberg, 1997). This function requires the tracheids to have thicker
cell walls and smaller cavities, giving the latewood a relatively higher density than
earlywood (Dinwoodie, 2000). The different characteristics that the tracheid cells
exhibit within the earlywood and latewood can explain the increase in density of
wood with an increasing ratio of latewood to earlywood proportion (Dinwoodie,
2000; Holmberg and Sandberg, 1997; Ross et al., 2010; Blouin et al., 1994; Persson,
2000). In addition, clear wood material properties such as stiffness characterised
by Modulus of elasticity (MOE) and strength along the grain are strongly linked to
the thickness of the cell wall and the size of the cavities (Johansson et al., 2003).

In addition to the internal cell structures, external factors, such as the presence
of water influence wood properties. Moisture in wood is present in three forms:
bound water, vapour and free water. The bound water is chemically attached to
the hydroxyl groups in the cellulose. Vapour and free water, on the other hand, are
stored in the cell cavities. In sapwood, i.e. the outer part of the stem cross-section,
water exists in all the three forms. Since one of the major functions of sapwood
is water conduction, water in sapwood mainly exists as free water (Holmberg
and Sandberg, 1997). Sapwood is generally characterised by its relatively high
moisture content than heartwood (Holmberg and Sandberg, 1997; Absetz, 1999).
During the drying process, the wood cells first lose all the free water stored in

2



their cavities before starting to lose the moisture in the vapour and bound water
form (Holmberg and Sandberg, 1997; Skaar, 2012). The state where all the free
water in the cell cavity has been lost, and moisture is present only in the form of
vapour, in the cavity, and bound water, with the cell wall fully saturated, is called
the fibre-saturation point (Skaar, 2012). Lose of moisture from the wood cells
beyond the fibre saturation point will result in shrinkage of the wood (Holmberg
and Sandberg, 1997; Skaar, 2012), which may lead to undesirable issues such
as distortion after drying and shape instability during the service life of wood
products (Ormarsson, 1999).

The wood produced near the pith of the tree, i.e. the annual rings closest to the
pith, is called juvenile wood. In softwood, depending on the species, it is usually
defined as the material within the 5 – 20 rings closest to the pith (Holmberg and
Sandberg, 1997; Ross et al., 2010; Blouin et al., 1994). The rest of the stem cross-
section is referred to as mature wood. Juvenile wood has considerably different
physical and anatomical properties than that of mature wood. Thus, leading to a
widely recognised variation in wood properties between the wood closer to the
pith and the wood closer to the bark. Generally, juvenile wood is characterised by
higher moisture content, lower percentage of latewood, larger annual ring width,
lower density, lower stiffness, lower strength and shorter tracheids (Ross et al.,
2010; Ormarsson et al., 1999; Dahlblom et al., 1996; Säll, 2002; Persson, 2000; Larson,
2001).

Since juvenile wood is formed when the crown is alive, there are always more
knots in the juvenile wood, which further affects the mechanical property of wood
close to the pith (Barbour, 2004). Juvenile wood is also associated with a higher
micro fibril angle (MFA) and a higher spiral grain, causing a significantly higher
longitudinal shrinkage than in mature wood (Ormarsson et al., 1999; Dahlblom
et al., 1996; Säll, 2002; Larson, 2001). Due to this, timber boards sawn from close
to the pith show higher shape instability (Ormarsson et al., 1999). Moreover,
according to Persson (2000), a drop in MFA from the pith to around the twelfth
growth ring caused the radial reduction of MOE between the pith and the twelfth
growth ring (Johansson et al., 2003; Persson, 2000). The rolling shear properties,
such as strength and stiffness, were also observed to be increasing with increasing
distance from the pith (Wang et al., 2018).

In structural timber, the ratio of modulus of rupture (MOR), ultimate tensile
stress and MOE for juvenile wood to mature wood in softwood range from 0.5 – 0.9,
0.5 – 0.95 and 0.45 – 0.75, respectively (Ross et al., 2010). Moreover, according to a
study by Dahlen et al. (2014), southern pine timber boards with pith within their
cross-section had 14 % lower specific gravity, 35 % lower stiffness and 49 % lower
MOR than boards without pith. According to Dahlen et al. (2014), the presence of
juvenile wood near the pith can explain such results, and is consistent with the
result found in Pearson (1988). Consequently, from the end-user perspective, there
is a reason to avoid timber boards that contain a large proportion of juvenile wood.
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1.2 Research idea, objectives and realization

Based upon the brief discussion in Sec. 1.1, knowledge of pith location along
sawn timber boards is valuable for many purposes. For instance, previous studies
have shown that for sawn timber, knowledge of pith location can be utilised for
grading of timber boards (Dahlen et al., 2014; EN 1611-1:1999, 1999), assessment
of shape stability (Ormarsson et al., 1999; Dahlblom et al., 1996), and evaluation
and prediction of mechanical properties (Hu et al., 2016). Knowledge of the pith
location of sawn timber is also an essential ingredient in developing detailed and
accurate 3D models of boards, including the geometry of knots and the fibre
orientation in the surroundings of knots. Since the apex of a knot is located
at the pith, knowledge of the pith location is needed to model the geometry of
knots. The more accurately the pith location is known, the better the possibility
to model knots accurately. Such detailed 3D models can further be utilised for
finite element (FE) simulations, as demonstrated in (Huber et al., 2022; Lukacevic
et al., 2019; Hackspiel et al., 2014), and for the development and/or improvement
of existing strength grading methods (Rais et al., 2021; Hackspiel et al., 2014; Pot
et al., 2021). Information of the pith location coupled with knowledge of the radial
variation of annual ring width (from pith to bark), indicating the growth rate and
the latewood/earlywood ratio, can be utilised for visual grading purposes.

In the past, X-ray computed tomography (CT) scanning machines have been
successfully utilised in several studies to non-destructively detect the location of
pith and the radial variation of annual rings in both softwood and hardwood logs
(Longuetaud et al., 2004; Bhandarkar et al., 1999; Wu and Liew, 2000; Andreu
and Rinnhofer, 2001; Jaeger et al., 1999). Despite its success, the high-initial and
running costs of CT machines make its application limited, thereby opening a
potential need for the development of less expensive non-destructive prediction of
pith location and annual ring profiles of sawn timber boards.

So far, only a few attempts have been made to predict the pith location and
annual ring profiles of sawn timber boards, where the pith might be located either
within or outside the board cross-section (Huber et al., 2022; Briggert et al., 2016;
Perlin et al., 2018). However, the methods proposed to estimate pith locations
of timber boards in Huber et al. (2022); Briggert et al. (2016); Perlin et al. (2018)
were applied on very small test samples. Additionally, the estimated pith location
presented in Huber et al. (2022); Briggert et al. (2016) were not directly compared
against actual pith locations. Therefore, it would be of great practical value if
a method is developed and validated so that widely available industrial optical
scanning devices could automatically, in the production line, predict pith locations
and the annual ring profile of sawn timber boards. Such knowledge could add
value and potentially improve the utilisation of timber products. For instance, the
knowledge may be used to further optimise the production yield of various timber
products such as flooring products and window frames.
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The primary purpose of this doctoral project was to gain increased knowledge
and a better understanding of how different wood characteristics and surface
defects of timber boards can be identified automatically and robustly and to
explore the possibilities of how such identified features can be used to add value
to the wood manufacturing industry. The basic research idea was that data of
board surfaces, together with mathematical and wood science knowledge, could
be used to develop accurate and robust detection algorithms that can be utilised to
establish 3D models of timber boards. From the outset of the research, information
obtained from optical scanning of the four longitudinal surfaces of timber boards
was to be used as a basis for such identification purposes. In order to realise
the purpose of this doctoral project, the following objectives were outlined and
addressed:

1. To develop accurate methods and algorithms to identify and detect important
features of sawn timber boards, such as pith location, surface annual rings
and knots, based on information of the four longitudinal surfaces of the
boards (Paper I, II, III, IV and V),

2. To develop a method to model the detected knots with realistic curved
geometry in 3D and to accurately reconstruct the 3D geometry of the knots
within timber boards (Paper IV),

3. To develop a method to determine the 3D directions of fibres on growth
surfaces and within the geometrically reconstructed timber boards, i.e. the
3D fibre direction in any position and on any arbitrary plane within timber
boards (Paper IV),

4. To develop an algorithm to calculate, based on the estimated pith location
and the detected surface rings (see objective 1), the cross-sectional radial
ring profiles of timber boards along the longitudinal direction (Paper V),

5. To evaluate the inclusion of the information of average annual ring widths,
obtained from the calculated radial ring profiles (see objective 4), in the
definition of indicating properties (IP) for machine strength grading (Paper
V).

1.3 Scientific method, materials and limitations

The scientific method utilised in this thesis could be described as hypothetico-
deductive. Properly formulated hypotheses can be used to explain the pres-
ence/identification of specific wood features/characteristics and the relationship
between the identified features in a strength grading perspective. The consequences
that logically follow from such hypotheses were thoroughly investigated through
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several experimental observations, detailed accounts of such experiments can be
found in the appended papers.

Regarding materials, a total sample of 801 planed Norway spruce (Picea abies
(L.) H. Karst) timber boards originating from different parts of Sweden (south, mid
and north), Norway and Finland and data of 390 disc cross-sections of Norway
spruce logs originating from 22 different stands in Sweden and Finland were used.
The nominal cross-sectional dimensions of the boards were 45 × 145 mm2, with
lengths varying between 3600 mm and 5400 mm. The diameters of the log discs
ranged from 92 mm – 490 mm, with a mean (�) of 232 mm and a standard deviation
(𝜎) of 75 mm. Out of the total 801 boards, 104 boards were used to develop and
test the algorithms presented in Paper I, 112 in Paper II, 211 in Paper III, 100 in
Paper IV and the total 801 boards were used in paper V. Among the timber boards,
792 of them were sub-samples of two larger samples of more than 900 boards
each, which were investigated in previous research works presented in Olsson and
Oscarsson (2017) and Briggert et al. (2020), respectively. All the 390 log discs were
measured under a PhD work by Säll (2002).

An optical industry wood scanner of make WoodEye equipped with LED lights,
colour cameras, multi-sensor cameras, and line and dot lasers, see Fig. 1.2, were
utilised to collect data of board surfaces in this thesis. During scanning, the timber
board, by the aid of an external conveyor belt attached to the scanner, was fed
into the machine with constant speed in a length-wise direction. The basic data
delivered by the scanner include, but not limited to, high resolution red, green
and blue (RGB) channel images and information about the local in-plane fibre
direction of all the four longitudinal sides of the scanned timber board. The speed
of the conveyor belt, by which the boards are fed through the scanner, determines
the length-wise resolutions of both the in-plane fibre direction data and the RGB
images. The lower the speed of the conveyor belt, the higher the resolution. On the
contrary, the crosswise resolution of both the in-plane fibre direction data and the

A

D

C

B
Board

Dot-laser Line-laser

Multisensor camera

LED-Light

Color camera

Roughness-
laser

Figure 1.2: WoodEye scanner model v5

6



RGB images are independent of the conveyor speed. In this research, the boards
were fed with a speed of 150 m/min during scanning, giving an approximate
lengthwise × crosswise resolution of 0.8 × 0.07 mm2 per pixel in the RGB images
and approximately 1 × 4.4 mm2 resolution for the local in-plane fibre direction
data.

The limitation of this thesis is that all investigations and measurements were
carried out on a single softwood species, namely Norway spruce (Picea abies (L.)
H. Karst). Therefore, the presented results are only valid for this kind of wood
species. However, since many softwood species have similar structures, methods
and algorithms presented herein could be extended with limited efforts to other
softwood species.
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2 State of the art

2.1 Detection of pith location and growth rings

In several previous research efforts, successful attempts have been made to auto-
matically detect the pith location and annual rings of logs and a few regarding
sawn timber boards. The state-of-the-art regarding the detection of pith location
and growth rings both on the log and timber board level is presented in this
section.

Concerning the prediction of the pith location of logs, numerous studies have
utilised images of log cross-sections generated from CT scanning (Longuetaud et al.,
2004; Bhandarkar et al., 1999; Wu and Liew, 2000; Andreu and Rinnhofer, 2001;
Jaeger et al., 1999). In most of these studies (Longuetaud et al., 2004; Bhandarkar
et al., 1999; Wu and Liew, 2000; Andreu and Rinnhofer, 2001), first, the annual
growth rings on the cross-sectional CT images of log slices were detected. The
growth rings were assumed to follow a concentric circle pattern with the pith
placed at the centre. Then, Hough transform (HT) was applied to detect the
growth rings on the CT slices. Together with the concentric circle assumption, the
detected growth rings were utilised to estimate the pith location of the log slices
(Longuetaud et al., 2004; Bhandarkar et al., 1999; Wu and Liew, 2000; Andreu and
Rinnhofer, 2001). The HT-based pith detection method has been applied to both
hardwood (Bhandarkar et al., 1999) and softwood logs (Longuetaud et al., 2004;
Wu and Liew, 2000; Andreu and Rinnhofer, 2001).

The HT-based pith location detection work presented in Bhandarkar et al. (1999)
included specimens from four different hardwood species: white ash, red oak,
black walnut, and hard maple. Validation of the pith detection results was done
using a total of 2176 CT log slice images. Out of these images, 456 were obtained
from black walnut, 633 from red oak, 424 from white ash, and 663 from hard
maple. The results showed a detection error of at most 15 mm for more than 96 %
and an error of at most 7.5 mm for more than 77 % of the total 2176 CT images
obtained from the four hardwood species.

The HT-based method was also used to predict the pith location in softwood
species. Longuetaud et al. (2004) applied the HT-based method to estimate the pith
location on a total of 12839 CT scanned cross-section images of Norway spruce logs
taken from eight different trees. The estimated pith locations were compared with

8



manually measured pith locations, and a better accuracy was obtained compared
to the results presented in Bhandarkar et al. (1999). According to Longuetaud et al.
(2004), on more than 95 % of the total 12839 samples, an estimation error of less
than 2 mm was obtained, and the mean estimation error was 0.75 mm.

In addition to the HT-based method, which involves detecting growth rings,
Flood et al. (2003) developed an algorithm in which the branch orientations that
could be detected in the log cross-section were used to determine the pith location
along the length direction of the log. Moreover, a different method to detect
pith location based on the density map of log cross-sections obtained from CT
scanning was proposed by Jaeger et al. (1999). The theory behind this research
was that the density of wood closer to the pith is relatively lower than at a farther
distance from the pith. Regarding the accuracy of the HT- and density-based pith
detection methods, Longuetaud (2005) compared the accuracy of both methods
and concluded that the HT-based method gives more accurate results than the
density-based method proposed by Jaeger et al. (1999).

Regarding pith location for sawn timber boards, few attempts have previously
been made to detect/estimate pith location (Huber et al., 2022; Briggert et al.,
2016; Perlin et al., 2018). A method was developed by Briggert et al. (2016) to
estimate the pith location of Norway spruce timber boards systematically. The
method was based on surface laser scanning data of Norway spruce timber boards.
The main aim of the work in Briggert et al. (2016) was to develop an algorithm
that will reconstruct the 3D geometry of knots based on data obtained from laser
scanning of board surfaces. First, detection of knot areas visible on the four
longitudinal surfaces of the board was conducted by employing tracheid effect
scanning (Nyström, 2003). Then, the end cross-section images at the two ends of
the boards were used in order to estimate the approximate pith location at both
ends. These approximate pith locations were further utilised to determine the
possible orientation of the knots detected on the board surfaces. It is known that
branches of Norway spruce grow outward, starting from the pith towards the
bark. The proposed method in Briggert et al. (2016) was to use the determined
orientation of the detected knots to estimate an updated pith location along the
length direction of the board. However, the method was applied to very small
number of samples.

Perlin et al. (2018) presented a method based on ultrasonic tomography mea-
surement technique to locate the pith of a wood cross-section of both logs and
timber boards. The theory behind this work was that acoustic waves travel faster in
the radial direction of a piece of wood than in the tangential direction. Thus, in the
proposed method, a fixed transmitter and a moving receiver were installed around
the wood cross-section to record several readings of ultrasonic pulse velocities
(UPVs). The measured velocities were then mapped along the direction of the
highest UPVs values. Hence, according to Perlin et al. (2018), the location of
the pith is estimated to be at a position where most of these high-velocity paths
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intersect. Validation of the proposed method, however, was done by only using
two test specimens, a 200 mm square Apuleia leiocarpa and a 250 mm diameter
circular Eucalyptus grandis specimen. Additionally, according to Perlin et al. (2018),
the presence of internal defects within the wood cross-section tends to affect the
accuracy of the proposed method.

In addition to the above-mentioned studies, an approach similar to the HT-based
CT method has been applied by Huber et al. (2022) to predict the pith location
of CT scanned sawn timber boards along the length direction. In this research,
the pith was regarded as the centre of concentric circles that were considered to
represent the annual rings in the board cross-section. Then, by applying the Hough
transform (HT) on several of the processed CT images of the board cross-sections,
the pith location was estimated along the length direction of the board. However,
the proposed algorithm gave erroneous results for CT images with large knots.
This issue was addressed by applying a criteria by which the outlier pith locations
with strong deviation from the neighbouring slices/cross-sections were discarded
(Huber et al., 2022). Then, the Gaussian smoothing method was used to determine
the final estimated pith location along the board. However, since the ultimate
purpose of Huber et al. (2022) was to develop a procedure for deriving FE models
from CT scans of timber boards to assess bending stiffness and strength of the
boards, verification was limited to checking the performance of the stiffness and
strength prediction without verifying the detected pith locations.

Regarding detection of growth rings, images obtained from X-ray CT scanning
of both logs and timber boards have been utilised to automatically identify growth
rings (Huber et al., 2022; Martinez-Garcia et al., 2021; Jaeger et al., 1999; Lindgren
et al., 1992; Okochi et al., 2007; Brüchert et al., 2008). The principle behind this
method is based on the distinct difference between the latewood and earlywood
density in wood that can be observed using CT scanning. Thus, using a threshold
technique the boundary between the latewood and earlywood were identified as a
growth ring. However, it has been reported in several works that the resolution of
the log cross-section images produced by industrial X-ray CT or medical scanners
is too coarse to be used for accurate identification of growth rings, especially when
the growth rings are very close to each other (Martinez-Garcia et al., 2021; Jaeger
et al., 1999; Lindgren et al., 1992; Okochi et al., 2007; Brüchert et al., 2008). In
addition to CT scanning, high-resolution optical scanning devices have been used
in the past to detect annual rings of the end cross-sections of logs (Divya and Kaur,
2021; Norell, 2010; Subah et al., 2017). In these works, different image processing
tools, such as the intensity of the image in Norell (2010) and the effective canny
edge detection in Subah et al. (2017), have been used to detect the annual rings on
the cross-section images.
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2.2 Modelling of sawn timber

This section concerns the currently available works on geometric modelling of
sawn timber boards, which include detection of knots, geometric modelling of
knots and modelling of 3D fibre orientation in timber boards.

2.2.1 Modelling of knots and 3D fibre orientation

Wood is generally considered as an orthotropic material behaving differently in its
three orthogonal planes of symmetry: longitudinal (l), radial (r) and tangential
(t) (Dinwoodie, 2000; Blaß and Sandhaas, 2017). The longitudinal direction (l)
represents the fibre, i.e. the tracheid in softwood, direction oriented at an angle
to the length direction of the tree, which may be expressed by the spiral grain
angle (Säll, 2002; Ormarsson, 1999). The radial direction (r) represents the direction
perpendicular to the circumferential growth layer. The tangential direction (t) is
perpendicular to both the l and r directions and follows the direction of the annual
rings (Säll, 2002). In this doctoral thesis, when longitudinal, radial and tangential
directions refer to a global coordinate system of a cylinder that approximates
a log, longitudinal, radial and tangential directions are denoted as L, R and T,
respectively.

Due to mainly the sub-microstructure of the cell walls, wood has significantly
higher swelling and shrinkage coefficients perpendicular to the fibre direction than
along the parallel direction (Blaß and Sandhaas, 2017). Furthermore, due to its
microstructure, wood has higher stiffness and strength in the direction parallel to
the fibre direction than in the perpendicular directions (Blaß and Sandhaas, 2017).
In sawn timber, at the macrostructure level, the presence of defects, such as knots,
is the main cause for the fibres to locally deviate from the board’s longitudinal
direction and thereby leading to a significant strength and stiffness reduction
(Dinwoodie, 2000; Bamber, 1987; Blaß and Sandhaas, 2017). Thus, in order to
model sawn timber boards and to simulate and assess relevant features such as
mechanical properties with sufficient accuracy, knowledge of the fibre direction
close to knots is essential.

One of the first attempts to model the fibre direction around knots was
presented in Phillips (1981). The model was based on the so-called flow-grain
analogy, referring to the similarity between the fluid flow path around an obstacle
and the longitudinal fibre orientation around a knot (Phillips, 1981). The flow-grain
analogy was only used to model the fibre direction in two dimensions (2D), i.e. in
the plane parallel to the LT plane, and was further utilised by Guindos and Guaita
(2013); Jenkel and Kaliske (2014); Sarnaghi and Van de Kuilen (2019). However,
modelling the fibre direction in 2D cannot be considered sufficient to represent
the intricate and 3D fibre orientation in the surroundings of knots. This was
demonstrated by the experimental work on timber boards close to knots presented
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in Nagai et al. (2011), which showed the occurrence and propagation of tensile
fracture surfaces in the out-of-plane direction where the fibre orientation changes
in a three-dimensional manner. Hence, in order to fully capture the influence of
knots on the fibre direction and the resulting reduction of strength and stiffness in
timber boards, accurate knowledge of the 3D fibre orientation in the vicinity of
knots is crucial.

Regarding modelling of fibre direction in 3D, several works have been presented
in the past (Huber et al., 2022; Lukacevic et al., 2019; Rais et al., 2021; Hackspiel
et al., 2014; Kandler et al., 2016; Olsson and Oscarsson, 2014; Hu et al., 2015, 2018b;
Lukacevic and Füssl, 2014; Guindos, 2016; Olsson et al., 2013; Viguier et al., 2017).
In most of these works, the 3D fibre direction have been modelled and utilised
to evaluate the strength and stiffness of timber boards. For instance, in Rais et al.
(2021); Kandler et al. (2016); Olsson and Oscarsson (2014); Hu et al. (2015, 2018b),
the local 3D fibre directions on surfaces of timber boards were determined by
combining the in-plane and out-of-plane fibre directions on the board surfaces.
The in-plane fibre directions on board surfaces were detected using the tracheid
effect scanning (Nyström, 2003). The scanning is done by illuminating a wood
surface with a laser beam. As a result, the light on the wood surface will spread
more along the tracheids, i.e. along fibres, than across in an elliptical fashion.
Hence, the major axis of the almost elliptically-shaped light spot on the wood
surface is taken as the projection of the local fibre direction, i.e. indicating the
local in-plane fibre direction, on the investigated board surface. The out-of-plane
fibre angles on the board surface, the so-called diving angle, were calculated on
the basis of the ratio of the major-to-minor diameter of the observed elliptic-laser
dots on the illuminated board surface (Kandler et al., 2016; Olsson and Oscarsson,
2014; Simonaho et al., 2004). However, a more in-depth investigation presented in
Briggert et al. (2018) has shown that the major-to-minor diameter ratio of the laser
dot does not provide reliable information on the diving angle, except that this ratio
is close to one (1), i.e. laser dots become almost circular in shape, on wood surfaces
where fibres are directed (in the out-of-plane direction) almost perpendicular to
the illuminated surface. Besides from calculating the diving angle, as presented in
Briggert et al. (2016); Kandler et al. (2016), the major-to-minor diameter ratio and a
threshold value have been used to identify knots on board surfaces.

Regarding assumptions of fibre directions within the timber board, different
simplifying assumptions have been made. Olsson et al. (2013), who presented a
relatively accurate method for strength prediction based on detected in-plane fibre
direction on board surfaces, simply assumed that the fibre directions obtained on
the surfaces of the four sides of the board are representative for the material to a
certain depth within the board. Settings for a new method for strength grading
of Norway spruce structural timber, based on the work presented in Olsson et al.
(2013), was approved in 2015 by CEN/TC124/WG2/TG1 (Olsson and Oscarsson,
2017). In addition to Olsson et al. (2013), in studies presented in Hu et al. (2015)
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and Rais et al. (2021), linear interpolation between the in-plane fibre directions on
different sides of the board was used to determine fibre directions within the board.
In the study presented in Hu et al. (2018b), in order to better take into account
the natural direction of knots, information of the pith location was incorporated
to make linear interpolation in the radial (R) direction, which led to improved
accuracy of calculated local bending stiffness along timber boards. However, no
consistent model of the actual 3D fibre orientation in the surroundings of knots
was used in any of these works.

Concerning modelling the 3D fibre orientation around knots, a comprehensive
research work has been presented by Foley (2003). As briefly described in Sec.
1.1, the production of fibres, tracheids in softwood, in a living tree occurs in
the cambium layer, which is the outer layer beneath the bark. Thus, the first
assumption in this study (Foley, 2003) was that fibres are oriented within their
respective growth layers. In this context, the growth layer is a theoretically zero-
thickness circumferential layer connecting all the fibres produced in one growth
season. According to Foley (2003), the presence of a live knot causes the growth
surface to form a bulge or a bump in the close surroundings of the knot. The
occurrence of the bump results in the fibre directions, i.e. the longitudinal material
direction, close to knots to deviate from the fibre direction in the undisturbed clear
wood (Foley, 2003). The radial wood material direction is always considered to be
perpendicular to the circumferential growth surface (Foley, 2003).

Additionally, in Foley (2003) the knot formation theory presented by Shigo
(Shigo, 1985; Shigo et al., 1986) was adopted. According to Shigo, growth starts in
the branches. At this early growth stage, fibres would grow along paths such that
living branches are integrated with the tree trunk. However, later in the growth
season, the branches’ seasonal growth stops. After this point in time, fibre paths
would not flow from the stem into the branches but pass around the branches and
continue up the stem. Hence, according to Shigo’s knot formation theory, there
are two different fibre patterns, the so-called 𝛼- and 𝛽-patterns (Shigo et al., 1986),
which would occur within the two different growth seasons, respectively, (Foley,
2003; Shigo, 1985; Shigo et al., 1986). The projected 𝛼-pattern represents the fibre
paths that integrate into the branch. The projected 𝛽-pattern represents the fibre
paths that pass around the branch. In order to model the projection of both the
𝛼- and 𝛽- fibre patterns on the LT plane, the hydrodynamics of the flow function
for fluids passing around an elliptical object (for example, presented in Vennard
(1982)) was adopted by Foley (2003). The flow function is a superposed expression
of a rectilinear flow and a source and sink of the same strength. Thus, by applying
different values for the flow function parameters that determined the flow lines
around the knot, which are indicated as a Rankine oval, both 𝛼- and 𝛽-layers could,
in principle, be modelled. For a detailed explanation of the method, readers are
referred to (Foley, 2003).
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Although Foley assumed the existence of the 𝛼- and 𝛽-layer, the existence of
the 𝛽-fibre pattern has been questioned in another work presented by Neely (1991).
In the study conducted by Neely (1991) no evidence of change in the fibre pattern
was found throughout the growth season. Moreover, a recently published study
(Hu et al., 2022) employed a micro-computer tomography (CT) scanning technique
to study the fibre flow in the vicinity of a knot in Norway spruce. According to
this study, fibres in the surroundings of a live knot, regardless of what time in the
growth season they are produced, comply with the 𝛼- fibre pattern. Consequently,
there are no 𝛽-fibre patterns at live knots in Norway spruce (Hu et al., 2022). This
does not mean that the model developed by Foley (2003) is insufficient to represent
the fibre pattern but rather that it may be simplified in this respect.

The 3D fibre modelling proposed by Foley (2003) has been implemented and
utilised in several works over the years. In some of them, the model parameters
of Foley (2003) were used to model timber boards and predict the strength and
stiffness of timber boards (Lukacevic et al., 2019; Lukacevic and Füssl, 2014; Guindos,
2016). Yet, before applying the model presented in Foley (2003), modelling the
knot geometry was necessary. In the studies presented in Lukacevic et al. (2019);
Hackspiel et al. (2014); Lukacevic and Füssl (2014); Guindos (2016), simplifications
were made regarding knot geometry. Accordingly, knots, which in reality are
curved in the radial direction, were modelled as rotationally symmetric cones,
with an opening angle 𝛾 and the apex placed at the pith (Lukacevic et al., 2019;
Hackspiel et al., 2014; Lukacevic and Füssl, 2014; Guindos, 2016).

However, an evaluation presented in Briggert et al. (2018) has shown that the
simplified conical representation of the knot geometry, used in combination with
the mathematical expressions for growth layer geometry and fibre orientation
proposed in Foley (2003), gives poor resemblance between modelled and actual
fibre orientation in the RT plane. This was shown by comparing modelled and
experimentally determined fibre directions in the vicinity of a single knot (scanning
resolution of 2 × 2 mm2). On the other hand, a very good resemblance was achieved
when the same model for growth layers and fibre direction was combined with a
model taking the curved geometry of the knot into account. Figure 2.1(a–b) show
the measured in-plane fibre direction indicated by black lines. On top of the fibre
plots, red curves indicating the knot boundaries, modelled as curved geometry
in Fig. 2.1(a) and a rotationally symmetric cone in Fig. 2.1(b), and the growth
layers are shown. Figure 2.1(c–d) show the absolute difference, as a heat map,
between the measured in-plane fibre angle and the corresponding modelled fibre
angle obtained from the curved knot and the conical knot geometry, respectively.
Thus, in Briggert et al. (2018), it was concluded that for accurate modelling of fibre
direction based on Foley (2003), realistic modelling of knot geometry is a crucial
detail. Additionally, it has been shown in Briggert et al. (2018) that it is insufficient
to model knots as rotationally symmetric cones, which has also been recognised in
other works (Lukacevic et al., 2019; Kandler et al., 2016).
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In the studies mentioned earlier (Lukacevic et al., 2019; Hackspiel et al., 2014;
Lukacevic and Füssl, 2014), the model of 3D fibre direction, as proposed by Foley
(2003), was applied only within a conical zone, referred to as the fibre deviation
zone (FDZ), within which the modelled knots were assumed to have a significant
influence on the fibre direction of timber board. A transition zone (TZ) between
the FDZ and regions unaffected by the knot was also defined to achieve a smooth
transition of fibre direction from the FDZ to regions unaffected by the knot. In the
works mentioned above (Lukacevic et al., 2019; Hackspiel et al., 2014; Lukacevic
and Füssl, 2014), the FDZ was made a function of the opening angle, 𝛾, of the
modelled rotationally symmetric conical knots. In Lukacevic et al. (2019); Hackspiel
et al. (2014), the FDZ was defined as a rotationally symmetric cone with the same
apex and axis vector as the knot cone itself but with a four-fold knot opening
angle, i.e. 4𝛾. In cases where FDZs around different knots overlapped with each
other, which is common in Norway spruce timber boards, additional criteria for
determining the fibre orientation in such positions had to be defined. In Lukacevic
and Füssl (2014), the size of the FDZ was defined differently with a six-fold opening

(a) (b)

(c) (d)

Figure 2.1: Illustration of (a–b) the measured in-plane fibre direction indicated by black lines together
with in red curves indicating the boundary of the knot geometry modelled according to (a) (Foley,
2003) and (b) the rotationally symmetric cone model used in Lukacevic et al. (2019); Hackspiel et al.
(2014); Lukacevic and Füssl (2014); (c–d) shows the error between the measured and modelled fibre
direction, respectively (Briggert et al., 2018)

15



angle but limited to a maximum of 25 mm. This way of defining the FDZ was
intended to give a narrower FDZ around big knots located far away from the pith,
thus resulting in a smaller overlap between FDZs of several big knots. Still, the
need to define criteria for balancing the influence of different knots at positions
within overlapping areas remained. Thus, it would be advantageous if a model to
determine fibre orientation around knots would make FDZs redundant and offer a
consistent way to determine fibre orientation.
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3 Features affecting wood properties

3.1 Clear wood

Clear wood is a term commonly used to refer to small pieces of wood that do not
deviate from the normal wood structure nor contain any kind of defects such as
checks, cracks, decay, top-rupture etc. The term defect may also refer to certain
normal growth characteristics such as knots, pith, resin pockets, cross-grain and
reaction woods in the sense that they negatively affect the properties of wood and
sawn timber (Holmberg and Sandberg, 1997; Ross et al., 2010; Johansson et al.,
2003). Since clear wood specimens are easy to obtain, condition and to apply for
different kinds of tests, they are historically used for a wide range of investigations
on wood properties (Krajnc et al., 2019) and for determining basic mechanical
properties (Johansson et al., 2003).

Wood is an anisotropic and heterogeneous material with varying direction,
shape and properties of wood cells (Dinwoodie, 2000; Blaß and Sandhaas, 2017;
Hanhĳarvi et al., 2005; Bodner et al., 1997). However, due to the absence of
defect-induced inhomogeneity, clear wood is often regarded as a material with
“homogeneous” and orthotropic material properties (Ross et al., 2010; Persson,
2000). The physical and mechanical properties of clear wood are strongly linked to
the wood cell structures and mainly to the cell wall thickness and the size of the cell
cavity (Johansson et al., 2003). Thus, for clear wood, higher correlations between
different material properties have been reported in several studies compared to the
correlations in sawn timber boards (Johansson et al., 2003; Krajnc et al., 2019). As
briefly mentioned in Sec. 1.1, there exists a strong radial variation of most of the
material properties (Ormarsson et al., 1999; Persson, 2000), such as density (Ross
et al., 2010; Blouin et al., 1994; Giagli et al., 2019; Panshin and De Zeeuw, 1980),
longitudinal MOE (Ross et al., 2010; Ormarsson et al., 1999; Dahlblom et al., 1996;
Persson, 2000; Cramer et al., 2005; Steffen et al., 1997; Kliger et al., 1998) and shear
modulus (Wang et al., 2018; Cramer et al., 2005), which show radial variations
with distance from the pith.

In general, mature wood has a higher density than juvenile wood, and clear
wood density shows a general tendency to increase radially from pith to bark (Ross
et al., 2010; Blouin et al., 1994; Giagli et al., 2019; Panshin and De Zeeuw, 1980;
Säll, 2002). In the research presented in Blouin et al. (1994) the radial variation
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pattern of clear wood density were established by studying samples obtained from
35 Norway spruce trees harvested at an age of 70 years in Quebec, Canada. In
order to study the radial variation of density, core samples with 12 mm increments
were prepared from the south side of the tree trunks starting from the pith to
the bark. According to the results, a slight density decline was registered from
the pith up to the fifth annual ring. Then, a rapid and significant increase in
density was followed until the density stabilised beyond the fifty-fifth annual ring.
Figure 3.1 shows the radial variation of wood density from the pith to bark as
measured and presented in Blouin et al. (1994) for the 35 Norway spruce trees.
Such development of Norway spruce clear wood density from the pith outwards
to the bark has been reported previously for Norway spruce from northern Europe
(Panshin and De Zeeuw, 1980; Jyske et al., 2008) and white spruce from Quebec,
Canada (Olesen, 1976). The radial variation of earlywood to latewood proportion
and their respective density has been identified as one of the main reasons for
such radial variation of clear wood density (Blouin et al., 1994; Jyske et al., 2008).
Moreover, according to Jyske et al. (2008), the latewood proportion explained
around 35 % to 46 % of the clear wood density variation at different tree heights.

The ring width radial variation of the Norway spruce trees was also measured
and presented in Blouin et al. (1994), see Fig. 3.1. According to the results in Blouin
et al. (1994), annual ring width showed a sharp and steady decline, i.e. more than
a 70 % reduction, from the fifth annual ring up to the twenty-fifth annual ring

Figure 3.1: Radial variation of annual growth ring width and clear wood density (Blouin et al., 1994)
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(Blouin et al., 1994), see Fig. 3.1. Then, a relatively gentler decline in ring width
followed until the bark of the tree (Blouin et al., 1994).

Similar radial variation patterns of density and annual ring width have also
been reported for clear wood samples of Douglas-fir (Giagli et al., 2019). In Giagli
et al. (2019) clear wood samples from a total of 15 Douglas-fir trees grown at
three different sites in the Czech Republic were collected to study various physical
and mechanical clear wood properties such as density, shrinkage, compression
strength and bending strength, i.e. MOR. In the study, the radial variation of wood
density, annual ring width and latewood proportion from pith to bark were also
presented. For this, a total of 1358 samples with dimensions 20 × 20 × 30 mm3

were cut and investigated. Regarding clear wood density measurement results, a
declining trend was found for the first 5 – 10 growth rings from the pith. Then, the
density increased continuously up to around the 25𝑡ℎ growth ring before it shows
a slight decline for about the next ten growth years. After that, a steady increase
was observed (Giagli et al., 2019). Figure 3.2 shows the radial variation of average
density measured from the pith to the bark. Such radial variations are mainly due
to the radial variation of cell wall thickness and tracheid diameter (Giagli et al.,
2019). According to Giagli et al. (2019), the correlation coefficient between the clear
wood density and the latewood proportion was found to be 0.46.

The radial variation of annual ring width for the Douglas-fir samples were
also studied and presented in Giagli et al. (2019). According to the results, the
annual ring width showed a sharp decline, a magnitude of 30 % to 45 % decline,
between growth rings close to the pith and growth rings 15 – 30. The annual ring

Figure 3.2: Radial variation of annual growth ring width and clear wood density (Giagli et al., 2019)

19



width then gently declines with a magnitude of 10 % – 20 % decline beyond the
30𝑡ℎ growth ring up to the bark. Figure 3.2 shows the radial annual ring width
variation calculated as average values over 15 consecutive annual rings. Based on
the results shown in Giagli et al. (2019) the annual ring width moderately correlates
(negatively) with wood density (𝑅 = 0.28), which is consistent with the results
presented in Blouin et al. (1994); Jyske et al. (2008) for Norway spruce wood.

In several previous studies, a strong radial variation of the clear wood longitu-
dinal MOE from pith to bark has also been reported (Ross et al., 2010; Ormarsson
et al., 1999; Dahlblom et al., 1996; Persson, 2000; Cramer et al., 2005; Steffen et al.,
1997; Kliger et al., 1998). The radial variation of longitudinal clear wood MOE for
Norway spruce has been investigated in Steffen et al. (1997) by using a total of
1980 samples with a cross-sectional dimension of 9 × 9 mm2. From the results,
the longitudinal MOE increases significantly in the radial direction from pith to
bark, with the highest increase being two-fold (Steffen et al., 1997), see Fig. 3.3(a).
Similar radial variation of longitudinal MOE has also been presented in Persson
(2000); Cramer et al. (2005); Dahlblom et al. (2000). The microfibrillar angle (MFA)
in the cell wall also shows a significant reduction in the radial direction from pith
to bark (Ross et al., 2010; Persson, 2000).

The same specimens that were used in Steffen et al. (1997) were also applied
in Dahlblom et al. (1996) to determine the longitudinal shrinkage coefficients for
the total of 1980 clear wood samples and the variation of this coefficient in the
radial direction from pith to bark. From the results in Dahlblom et al. (1996), a

(a) (b)

Figure 3.3: Experimentally measured radial variation of (a) longitudinal MOE and (b) longitudinal
shrinkage coefficient (Ormarsson, 1999)
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strong radial reduction in the values of the longitudinal shrinkage coefficient in
the direction from pith to bark was observed, see Fig. 3.3(b).

Additionally, in the research work presented in Perstorper et al. (2001), 117 clear
wood specimens obtained from 40 Norway spruce trees from southern Sweden
were studied. In this study, it was found that the longitudinal shrinkage coefficient,
similar to the results in Dahlblom et al. (1996), showed a decreasing trend of radial
variation from pith to bark. According to Perstorper et al. (2001), around 56 % of
such radial variation in longitudinal shrinkage coefficient was explained by density,
ring width and distance from the pith.

3.2 Sawn timber

Unlike defect-free clear wood specimens, sawn timber boards are considered, on a
macroscopic level, as a highly inhomogeneous material that may contain various
defects (Hanhĳarvi et al., 2005). These defects may include knots, compression
wood, top rupture, decay, slope of grain and wane. This means that wood material
in sawn timber may not have a uniform macroscopic structure (Hanhĳarvi et al.,
2005). In addition, the physical and mechanical properties of wood in sawn timber
are not uniformly distributed (Ross et al., 2010; Johansson et al., 2003). Thus, the
strong correlation that is valid between different defect-free clear wood properties
does not hold for those in sawn timber.

In several previous studies the inter-relationship between different wood
properties of sawn timber has been investigated (Kliger et al., 1998; Larsson et al.,
1998; Johansson et al., 1998; Johansson and Kliger, 2002). For instance, Johansson
et al. (1998) presented the inter- and intra-relationship between several physical
and mechanical properties of Norway spruce sawn timber boards originating from
a total of eight sawmills in Scandinavia; four sawmills in Sweden and two sawmills,
respectively, in Norway and Finland. Regarding the relationship between physical
properties, for a total of around 1089 Norway spruce boards from the eight mills,
the latewood ratio was able to explain only 12 % of the density variation, which
is lower than the values reported in Jyske et al. (2008) for Norway spruce clear
wood samples. Table 3.1 shows the coefficient of determination between density
vs. annual ring width, density vs. latewood ratio and latewood ratio vs. annual
ring width for samples from the eight sawmills. As shown in Table 3.1, although
all specimens belong to the same species, the coefficient of determination for
samples from different sawmills varies considerably, demonstrating the extent of
the inhomogeneity found in sawn timber boards.

The inter-relationship between mechanical properties, i.e. stiffness and strength,
of sawn timber boards was also investigated in the study Johansson et al. (1998).
Table 3.2 shows the coefficient of determination between tensile strength and MOE
for samples from the eight sawmills and between bending strength and MOE for
samples from four sawmills. According to the results, MOE explained 54 % to 73 %
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Table 3.1: Correlation between density, annual ring width and latewood ratio expressed in terms of
coefficient of determination (𝑅2) (Johansson et al., 1998)

Sawmill Density vs.
annual ring
width

Density vs.
latewood
ratio

Latewood ratio
vs. annual ring
width

E 0.38 0.51 0.64
G 0.20 0.12 0.06
H 0.28 0.39 0.48
I 0.21 0.15 0.08
K 0.18 0.40 0.47
L 0.38 0.09 0.15
M 0.38 0.42 0.64
S 0.30 0.16 0.24

All 0.25 0.12 0.26

and 51 % to 70 % of the bending and tensile strength variation, respectively. In total,
63 % of the variation in bending strength (𝑛 = 407) and 60 % of the variation in
tensile strength (𝑛 = 1197) were explained by MOE. Similar relationships between
MOE and bending strength of Norway spruce timber boards were presented in
Krajnc et al. (2019) (𝑅2 = 0.59, 𝑛 = 368) and in Kliger et al. (1998) (𝑅2 = 0.69, 𝑛 = 500).

In addition to the variation of sawn timber properties between different stands,
Kliger et al. (1998) studied the radial variation of sawn timber properties within
trees. For this, a total of 500 timber boards (45 × 70 × 2900 mm3) originating
from three different stands in southern Sweden were investigated. Accordingly,
timber boards near the bark had the highest mean local bending MOE and bending
strength, and values of these properties declined in the radial direction towards
the pith. Specifically, a 30 % and 47 % decline was registered for MOE and bending
strength, respectively. Similar to the variation of physical properties observed
in clear wood, board density increases in the radial direction from pith to bark
and ring width decreases in the same direction (Kliger et al., 1998). Larsson
et al. (1998) and Dahlen et al. (2014) have also investigated the effect of pith on
the mechanical properties of Norway spruce and southern pine timber boards,
respectively. Results from both studies have shown that timber boards without
pith were stiffer and stronger than boards with pith.

As briefly mentioned earlier, the fundamental difference between clear wood
and sawn timber boards is the presence of defects in the latter. Most defects
are natural growth characteristics necessary for the tree’s survival, such as knots.
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Table 3.2: Correlation between strength and MOE expressed in terms of coefficient of determination
(𝑅2) (Johansson et al., 1998)

Sawmill No. R2 No. R2

Tensile strength Bending strength
E 149 0.65 50 0.73
G 150 0.70 - -
H 150 0.62 - -
I 149 0.51 50 0.60
K 152 0.69 50 0.54
L 153 0.68 - -
M 139 0.66 - -
S 154 0.63 56 0.63

However, they are referred to as defects because they negatively influence the
strength and stiffness of sawn timber boards. Knots cause the wood fibres to
deviate from the longitudinal direction of the boards, which changes the material
orientation and may interrupt the continuity of fibres, causing the reduction
of stiffness and strength of timber boards (Dinwoodie, 2000; Ross et al., 2010).
According to Ross et al. (2010); Johansson et al. (1998, 2003), knots are considered to
be the defect that has the largest effect on the strength properties of timber boards.
This is evident in the study by Johansson et al. (1998), where knots categorised
as narrow face knots, wide face knots and knot clusters were found to be the
primary factors that determined the quality of the tested 1026 Norway spruce
timber boards (Johansson et al., 2003). In particular, 57 % of the total tested boards
were downgraded due to narrow face knots (Johansson et al., 1998).
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4 Machine Learning

The ability of computer programs to learn from examples and/or experience
to optimise a performance criterion in executing tasks without being explicitly
programmed for this purpose can be broadly referred to as machine learning (ML)
(Goodfellow et al., 2016; Alpaydin, 2020). In this context, learning is a process
of improving the computer program’s performance by using past experience or
training examples (Alpaydin, 2020). For this task, a learning algorithm is employed
to discover certain features, patterns or characteristics and learn from the data
provided as training dataset.

Depending on the learning process, ML models can broadly be classified
as supervised or unsupervised learning models. A supervised model involves
learning to map the given input data to an already known target output, which
is included in the training dataset (Alpaydin, 2020). In the case of unsupervised
learning, the training dataset does not contain known target output. The aim of
the unsupervised learning algorithms is to learn patterns and useful properties
from the provided input dataset (Goodfellow et al., 2016; Alpaydin, 2020).

Supervised ML models can be used to build the mapping or predictive models
for both classification and regression tasks. In a classification task, the learning
procedure will produce a model/function based on previously known input data
and their corresponding categories or labels. This function is then used to classify
any future input data into a specific category. Typical examples of classification
algorithms are speech and image recognition algorithms.

The second type of task, regression, is similar to classification, except that the
output format is different. In the regression method, the trained model/function
will predict a numerical value based on previously learned properties of the input
data and their relationship with their corresponding output data.

Artificial neural networks (ANNs) are widely known machine learning models
inspired by the biological brain (Goodfellow et al., 2016; Krogh, 2008). The
biological brain executes tasks using highly interconnected neural networks (Krogh,
2008). These networks of neurons communicate via sending and receiving electrical
signals (Krogh, 2008). A typical ANN is created to simulate the natural network of
neurons (Krogh, 2008). These artificial neurons are arranged in such a way that
they are interconnected and able to learn. Such connections are used to store the
knowledge learned during the training procedure. In this doctoral study, several
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supervised ML models are employed, for example, to detect/recognise specific
wood characteristics. These include both regression and classification models. In
the following sub-sections, the different supervised ANN models that are applied
in this doctoral research work are briefly introduced.

4.1 Multilayer Perceptrons (MLPs)

A biological neuron can be modelled mathematically by using a unit called
perceptron. Such a unit contains a single neuron, which can receive inputs from
either the environment or other perceptrons and is considered to be the basic
processing unit (Alpaydin, 2020), see Fig. 4.1.

Multilayer perceptron (MLP) is the most popular class of feed-forward artificial
neural networks where the neurons are arranged in a layered or hierarchical format.
As illustrated in Fig. 4.2, an MLP has at least three layers: the input layer, the
intermediate or hidden layer/s and the output layer (Alpaydin, 2020). As the
names indicate, the input layer is where the model takes the input values into
the model, and the output layer is where the results of the MLP network are
obtained. Depending on the problem at hand, the network may have one or more
hidden layers. The modelled system’s input and output specifications determine
the required number of neurons in the input and output layers. The number of
neurons in the hidden layer/s is also a problem specific parameter that can be
defined prior to the start of the training process. All model parameters that are
defined in such a way are called hyperparameters.

MLP networks are feed-forward ANNs, which means a uni-directional data
flow that starts from the input layer passes through one or more hidden layers and
finally ends at the output layer. Additionally, the neurons or nodes in MLP layers

Figure 4.1: A rough sketch of (a) a biological neuron and (b) a perceptron
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are fully connected, which means that each neuron in a layer is directly connected
to all the neurons in the preceding layer when applicable, see Fig. 4.2.

The artificial neurons in an MLP network can be described as nonlinear units
of three components (Goodfellow et al., 2016). The first components are the
connection links, which are utilised to keep all the neurons fully connected, as
mentioned above, see Fig. 4.2 . A connector link takes input values from neurons
in the previous layer, multiply each input with corresponding scalar values called
‘weight’, 𝑤, and pass these values to the second component called the linear
aggregator. This second component sums up all the weighted values obtained
from the connection links and adds a bias, �, to get the single scalar value, 𝑥. The
task of the connection links and the linear aggregator can be expressed as follows.

𝑥𝑘 = �𝑘 +
𝑁∑
𝑖=1

𝑤𝑖𝑘𝑦𝑖 (4.1)

where 𝑖 is an index used to denote the 𝑁 number of neurons in the previous layer
going into the connection links, 𝑘 indicates one of the neurons at the current layer

Figure 4.2: Details of a fully-connected feed-forward MLP neural network

26



located at the receiving end of the connection link. The third and final component
is the activation function 𝑓 (.) , where the scalar value 𝑥𝑘 is processed to give the
final output 𝑦𝑘 that is used as an input in the next layer, i.e.

𝑦𝑘 = 𝑓 (𝑥𝑘). (4.2)

Activation functions add non-linearity to the network or the mapping process
between the input and the output. The non-linearity introduced by the activation
functions make neural networks, such as MLPs, stand out from the typical linear
models, such as linear regression models (Goodfellow et al., 2016). There are several
types of activation functions available such as the sigmoid, hyperbolic tangent
and rectified linear units (ReLU) activation functions. In modern artificial neural
networks, ReLU is the most successful and widely used activation function (Agarap,
2018; Lu et al., 2019). ReLU is a nonlinear function expressed as 𝑓 (𝑥) = 𝑚𝑎𝑥{0, 𝑥}
and is shown in Fig. 4.3. However, the ReLU activation functions are conventionally
used within the hidden layers of the MLP network (Agarap, 2018). In this case,
a separate additional activation function must be used for the output layer. A
linear activation function is usually applied for regression problems, and a softmax
activation function can be used for classification problems (Goodfellow et al., 2016;
Agarap, 2018).

MLPs are classified as supervised neural networks and they are therefore
trained over a training dataset containing a large number of input samples and
the corresponding output samples, i.e. desired targets. Usually, random initial
model parameters, i.e. weights, 𝑤𝑖𝑘 , and biases, �𝑘 , are assigned at the start of the

Figure 4.3: The rectified linear unit (ReLU) activation function
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training procedure. These random weights and biases will be used to propagate
the input sample (or a batch of input samples) in the forward direction until the
output emerges from the output layer. Since the network is being trained in a
supervised manner, a particular loss function is used to calculate the error between
the output of the neural network and the actual target output, i.e. the ground
truth, which is specified in the training dataset from the outset. Mean absolute
error (MAE) and mean squared error (MSE) are two commonly used examples
of loss functions. As the training progresses, the calculated error is then used
to tune the initial randomly generated weights and biases through a systematic
and iterative training process called backpropagation. During this process, the
error is propagated backwards from the output layer, through the hidden layers, to
the input layer in order to minimise the error and update the model weights and
biases. These parameters will continue to be iteratively updated until a particular
stopping criterion is achieved. For this minimisation task, several gradient-descent
optimisation methods are available to be used, such as stochastic gradient descent
(SGD) (Ruder, 2016) and Adam optimiser (Kingma and Ba, 2014).

4.2 Convolutional Neural Networks (CNNs)

4.2.1 2D Convolutional Neural Networks (2D CNNs)

Convolutional neural networks (CNNs) are a special type of ANNs typically used to
process data with a known grid-like topology (Goodfellow et al., 2016). Examples
of such gridded data may include time-series signals referred to as 1D grid data
and image data as 2D grids of pixels. CNNs have been successful in several
practical applications such as image recognition and classification tasks. In simpler
terms, CNNs are neural networks that use convolution instead of the general matrix
multiplication operations employed in the traditional ANNs, such as the one shown
in Fig. 4.2, in at least one of their layers. As the name indicates, CNNs utilise
a procedure called convolution, which is a well-known mathematical operation
generally conducted on two function of real-valued arguments to give another
real-valued function called the output. In the case of CNNs, the convolution
operation is performed between the input, i.e. a signal or an image, and the filter
or kernel to yield an output called the feature map. Figure 4.4 illustrates the first
step of a convolution operation on a slice of a board surface input image using a
3×3 filter size with a single stride, i.e. the filter moving with a single-pixel step
in 2D, and no padding, i.e. no compensation is done for the fact that the size of
the feature map will shrink by one pixel in both ends of each direction, to yield a
real value that will be incorporated into the corresponding location of the output
feature map.

Compared to the matrix operation used in the traditional neural network such
as MLP, the convolution operation in CNN offers several advantages that can
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Figure 4.4: An input image of size 777×536 pixels is convolved with a filer size of 3×3 to give a
feature map of size 775×534. A single convolution operation between a 3×3 matrix representing
the 3×3 pixels at the top left corner of the input image, with their pixel values indicated, and the
3×3 filter to give an output value for a pixel at the top left corner of the feature map indicated by the
red square

improve the efficiency and performance of a machine learning system (Goodfellow
et al., 2016). One of the advantages of the convolution operation over the general
matrix multiplication in ANN layers is that the convolutional networks are sparsely
connected. However, in a typical ANN, every input neuron/unit is connected
to every output neuron, see Fig. 4.2. For instance, in a matrix multiplication
in a typical ANN, to deliver an output of size 𝑛 by using an input of size 𝑚,
𝑚×𝑛 number of parameters are needed, see Fig. 4.2. However, in a convolution
operation, to deliver an output of size 𝑛 by using a kernel of size 𝑘, the total
number of parameters needed is only 𝑘×𝑛. The sparse connectivity in CNNs is
achieved by using a smaller filter/kernel size than the input signal or image size.
Usually, the size of the kernel 𝑘 used to achieve good performance on ML tasks is
significantly smaller than the size of the input 𝑚. Figure 4.4 illustrates a single
convolution operation performed between an input image of size 777×536 and
a filter with a 3×3 kernel size. As can be seen from Fig. 4.4, unlike the matrix
multiplication, due to the sparse connectivity nature of the convolution operation
the output value for the pixel indicated by the red rectangle at the top left corner of
the feature map, is only affected by the nine filter elements and the corresponding
nine pixels at the top left corner of the input image, which corresponds to the size
of the filter used. Thus, the convolution operation significantly reduces memory
requirements compared to the dense matrix multiplication, thereby making CNNs
operationally efficient (Goodfellow et al., 2016).
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A standard CNN, as shown in Fig. 4.5, consists of alternating convolution and
pooling layers followed by a fully-connected MLP network. The pooling layers
are used to reduce the size of the feature maps. The alternating convolution and
pooling layers are designed to extract/detect the essential features from the input
signal/image. Hence, they are referred to as feature-extraction layers, whereas the
fully-connected layers process the extracted features to accomplish the intended
task. Due to this, a typical CNN model can combine feature extraction and
classification or regression operations into a single machine learning model, which
is considered to be the major advantage of CNNs over, for example, a typical MLP
network (Driss et al., 2017).

Figure 4.5: A standard CNN for image classification

The significance of the described advantage of CNNs is that, unlike the
traditional ANNs such as MLPs, CNNs do not require the user to manually
extract potentially important features from images/signals before conducting the
classification or regression task but are able to automatically learn to extract the
essential features directly from the input data. Numerous studies have shown that
utilising such automatically learned optimal features, rather than using fixed and
hand-crafted features, can considerably improve the performance and accuracy of
machine learning models (Goodfellow et al., 2016; Driss et al., 2017). Figure 4.5
illustrates an example of a 2D CNN with two alternating convolution and pooling
layers designed to take a three-channel RGB image as an input and conduct a
classification task.

In a typical convolution layer, three consecutive computations are conducted
(Goodfellow et al., 2016). In the first stage, convolution operations between a
number of filters and the input image are conducted. The filters are 2D matrices
that contain the trainable weight parameters as their components. This first stage is
a simple linear activation stage. In the second stage, the results of the convolution
operation are activated by a nonlinear activation function, such as ReLU, to form
the components of the feature maps. In the final and third stage, the extracted
feature maps are then down-sampled by an operation conducted in the pooling
operation, see Fig. 4.5. A frequently used pooling function at this stage is a
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max-pooling function. This function replaces the component of the output feature
maps at a specific location with the maximum component within its rectangular
neighbourhood. For example, in the sample CNN model shown in Fig. 4.5, a
rectangular neighbourhood of 2× 2 pixels is used. According to (Goodfellow
et al., 2016), the pooling operation makes the feature map invariant to small
local translations of the input image, which means that a small translation of the
input image will not significantly impact the outputs of the pooling operation. In
addition to reducing the computational burden, pooling layers generally improve
the efficiency and performance of the machine learning model (Goodfellow et al.,
2016). After the input image has passed through the feature extraction layers, i.e.
through the designed number of convolution and pooling layers, the resulting
feature maps are flattened into a column vector. This vector is then used as input
in the fully-connected MLP network, which handles the intended task of regression
or classification.

Since CNNs belong to the class of supervised neural networks, they are trained
over a training dataset containing several input observations and the corresponding
output observations or desired targets. Similar to training of MLP networks, as
presented in Sec. 4.1, training of the CNN model is also performed through an
iterative process that involves two operations, forward- and back-propagation, with
the help of a loss function and an optimisation algorithm such as Adam optimiser.
The training involves fine-tuning all filter parameters until they are able to extract
optimal features that make the intended task, e.g. image classification, much easier.

4.2.2 1D Convolutional Neural Networks (1D CNNs)

A one-dimensional convolutional neural network is a deep learning tool typically
used for signal classification and regression tasks. In 1D CNN, the 2D inputs,
i.e. images, are replaced by a 1D signal. In addition, the 2D filters/kernels
used during the convolution operation to extract features from the input are
now replaced by 1D sized kernels, which only runs in one direction along the
input 1D signal. Recently, 1D CNNs have achieved state-of-the-art performance
in several challenging tasks, including classification of electrocardiogram (ECG)
signals (Kiranyaz et al., 2015), speech synthesis (Oord et al., 2016), and structural
and mechanical damage detection (Abdeljaber et al., 2017; Zhang et al., 2018).

Two separate 1D CNNs, for regression and classification tasks, respectively,
have been designed and implemented in this doctoral thesis with the aim of
predicting the pith location of timber boards. The architecture of the regression 1D
CNN used in this doctoral study is illustrated in Fig. 4.6. It takes four channelled
1D light intensity signals as an input, which corresponds to the four light intensity
signals of a single pixel line around the four sides of the board. Each light intensity
signal is sampled at 1024 sample intervals.
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Figure 4.6: Network architecture of the regression 1D CNN applied in paper III

Figure 4.7: Network architecture of the classification 1D CNN applied in paper III

As can be seen in Fig. 4.6, the first part of the CNN consists of five convolu-
tion/pooling blocks responsible for feature extraction. The first convolution layer
of the CNN has 16 filters with a kernel size of 𝐾 = 25. This layer takes the signals
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and convolves them with the 16 filters, resulting in 16 output signals, i.e. features,
with a reduced number of samples (1024−25+1 = 1000 samples). The subsequent
pooling layer then reduces the size of these outputs by a factor of two into 500
samples with the same 16 channels. This process is repeated through the following
convolution/pooling blocks until 64 features with only eight samples emerge from
the last pooling layer. The features are then flattened into a column vector of
size 64×8 = 512. The flattened features are finally processed by three MLP layers,
which produce the estimated 𝑥- and 𝑦-coordinates of the pith location.

Figure 4.7 illustrates the classification 1D CNN that is used in this doctoral
research. It takes the same four input channels as the regression CNN but gives a
binary output in which one(1) indicates the pith is located above the geometrical
centre of the board with respect to the 𝑦-axis of the board and zero(0) indicates
otherwise. A detailed explanation of the two 1D CNNs is presented in Paper
III. Similar to 2D CNNs, the 1D CNNs are trained by back-propagation in a
supervised manner in order to optimise the parameters of both the convolution
and fully-connected layers.

4.3 Generative Adversarial Networks (GANs)

4.3.1 Unconditional Generative Adversarial Networks

Generative adversarial networks (GANs) are deep learning frameworks first pre-
sented by Goodfellow et al. (2014). In this framework, two models are trained
simultaneously against each other in a semi-supervised adversarial process. The
first model is a generative model 𝐺, and it is intended to capture the distribution in
the training data (Goodfellow et al., 2014). The second model is a discriminative
model 𝐷 that looks into the training data and estimates the probability that a
sample belongs in the training data rather than in the synthetic data generated by
𝐺 (Goodfellow et al., 2014; Mirza and Osindero, 2014).

Metaphorically, the generator 𝐺 can be considered as an art forger and the
discriminator 𝐷 as a forensic expert. The art forger is constantly trying to create
forgeries and sell them as authentic works of art. On the other hand, the forensic
expert receives both the forgeries and the authentic arts and tries to detect the
forged arts. Therefore, in order to stay competitive in the market, both teams need
to be constantly trained to improve their skills and method of working. For the art
forger, the generator, this process of skill improvement will continue until they can
produce a forged artwork that is indistinguishable from the authentic art.

Both the generative and discriminative models could be implemented by using
nonlinear mapping functions. In Goodfellow et al. (2014) a special case has been
explored by making both 𝐺 and 𝐷 two separate MLPs. On the other hand, in a
more recent study presented by Radford et al. (2015) CNNs have been utilised,
instead of the MLPs, as the nonlinear mapping functions. The generative model
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in Goodfellow et al. (2014) is trained to map a random noise through the MLP
and generate synthetic data samples (Goodfellow et al., 2014; Creswell et al., 2018).
The discriminator compares the generated synthetic data with the real data from
the training data and outputs a single scalar indicating the probability that the
synthetic data is real rather than fake (Goodfellow et al., 2014; Mirza and Osindero,
2014). Figure 4.8 illustrates a graphical description of the proposed GAN in
Goodfellow et al. (2014).

Figure 4.8: Pictorial representation of the unconditional generative adversarial network (Creswell
et al., 2018)

In the proposed framework (Goodfellow et al., 2014), illustrated in Fig. 4.8, the
generator does not have direct access to either the training data or the real data,
and there is no control over the generated sample data (Mirza and Osindero, 2014;
Creswell et al., 2018). Therefore, since the generative process is not conditioned
toward any data, such kinds of GANs are referred to as unconditional GANs.

As mentioned above, training of both 𝐷 and 𝐺 models is done simultaneously.
Through training, parameters of the 𝐷 model are adjusted to maximise the
probability of accurate assignment of labels to both the synthetic data obtained
from 𝐺 and the real data from the training data. This is done by minimising the
function log(𝐷(𝑥)). Meanwhile, the parameters of 𝐺 are adjusted simultaneously
to minimise log(1−𝐷(𝐺(𝑧))). Such training of both models is done by only using
the back-propagation algorithm (Goodfellow et al., 2014; Mirza and Osindero,
2014).

4.3.2 Conditional Generative Adversarial Networks (cGANs)

In the research presented in Mirza and Osindero (2014), a conditional version of
the GAN was proposed. In Mirza and Osindero (2014), the GANs were made
conditional by directing the synthetic data generation process to be conditioned on
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additional information. For instance, one variant could be to give the generative
model 𝐺 direct access to the real data. In this way, 𝐺 will be directed into
generating synthetic data that will resemble samples in the real dataset, thereby
making the model a conditional generative process. Previously, cGANs have been
used in several practical applications such as style transfer, image synthesis and
semantic image editing (Creswell et al., 2018).

A powerful example of such conditional GAN (cGAN) is the pix2pix model
introduced by Isola et al. (2017). The proposed pix2pix cGAN is a general-purpose
algorithm that can be used to translate one form of an image into another. Examples
of such applications include translating a grayscale image into a colour image,
an aerial photo into a street map, and an edge image into a photorealistic image.
In this doctoral study, the pix2pix cGAN is applied to translate scanned RGB
board images into a binary output image representing the surface growth rings as
skeletons.

In this pix2pix cGAN, the generative model is a version of a U-Net designed to
translate a 256×256 pixel RGB input image into an output RGB image of the same
resolution. U-Nets are a special kind of CNNs composed of successive convolutional
and pooling layers followed by several deconvolution and up-sampling layers. The
convolution and pooling layers of the U-Net are used to extract deep features
from the input image, whereas the deconvolution and up-sampling layers use
the extracted features to reconstruct an output image of the same resolution as
the input image. Figure 4.9 illustrates the schematics of the pix2pix generative
model applied in this doctoral study to generate a skeleton binary image indicating
the surface growth rings corresponding to the input RGB image. Note that the
generated synthetic image in Fig. 4.9 is an ideal output expected from a well-trained
generative model. The “Decode” blocks in Fig. 4.9 represent a deconvolution
+ batch normalisation + activation operation and the dotted arrows represent
the so-called “skip connections” introduced to enhance the performance of the
generator (Isola et al., 2017). The “Encode” blocks in Fig. 4.9 denote a convolution
+ batch normalisation + activation operation.

The discriminative model adopted in the pix2pix cGAN (Fig. 4.10) is another
type of CNN that takes an input RGB image together with a synthetic image
and outputs the probability that the synthetic image is real rather than fake.
The “Encode” blocks in Fig. 4.10 denote a convolution + batch normalization +
activation operation. In the pix2pix implementation, the output of the discriminator
is a matrix of size 30×30. For an input image size of 256×256, each matrix element
represents the probability/believability of each 70× 70 overlapping slice of the
synthetic image. An output matrix with all its components equal to zero indicates
a zero resemblance between the synthetic image and the real one. In this case,
the discriminator model has decided that the synthetic image is a fake image
undoubtedly produced by the generator. On the other hand, a matrix of ones
indicates that the synthetic image is indistinguishable from the real one. Figure
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Figure 4.9: The generative model adopted from pix2pix (Isola et al., 2017) and applied in Paper II

4.10 illustrates the schematics of the pix2pix discriminative model applied in
this doctoral study. The synthetic image shown in Fig. 4.10 is actually a rather
poor output image produced by a poorly-trained generator. A properly trained
discriminator applied to such a synthetic images, as shown in Fig. 4.10, would
produce a 30×30 matrix with values for many of its components close to zero, i.e.
the red colour in the believablity matrix shown in Fig. 4.10, which indicates that
the synthetic image is a fake image clearly distinguishable from the target image
that is shown in Fig. 4.9.

Figure 4.10: The discriminative model adopted from pix2pix (Isola et al., 2017) and applied in Paper
II

As stated in Sec. 4.3.1, both the discriminative and the generative models are
trained simultaneously. Figure 4.11(a–b) illustrate the training procedures of both
the discriminative and the generative models adopted from the pix2pix cGAN
and applied in this doctoral study. The term 𝐿𝑐𝐺𝐴𝑁 , shown in Fig. 4.11(b), is the

36



Figure 4.11: A single training iteration of pix2pix cGAN; (a) discriminator training, (b) generator
training

cross-entropy loss between the output of the discriminator and a reference 30×30
matrix of ones (the green rectangle). The term 𝐿𝑀𝐴𝐸 , shown in Fig. 4.11(b), is the
MAE loss between the synthetic generated output image and the target or ground
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truth images. The � term is a weighting factor for 𝐿𝑀𝐴𝐸 where a value of 100 is
recommended in Isola et al. (2017) and used herein.
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5 Contributions of present research

5.1 Detection of pith location and annual ring width
(Papers I, II and III)

In this section, the studies related to the detection of pith location and annual ring
width along Norway spruce timber boards are presented. The annual rings visible
on the surfaces of a timber board show where annual rings intersect with the four
sides of the board, see Fig. 5.1. Thus, a strong link is assumed to exist between
the surface annual ring distributions visible on the four sides of a certain clear
wood section of the board and the pith location and average growth rate, see Fig.
5.1. In the research presented in papers I – III, the purpose was to develop an
accurate and robust method and algorithm by which the pith location of timber
boards could be predicted on the basis of images of the four longitudinal surfaces
of individual board.

Figure 5.1: Relationship between surface annual rings and the pith location

In Paper I, a signal processing approach based on the continuous wavelet
transform method was adopted. In paper II, an ML-based method that combined
a cGAN with a shallow MLP network was developed. In the third paper, a deep
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learning-based approach in which a 1D CNN model was used to read images of
the four sides of a board and predict the pith location in a single step.

In addition to the academic contributions, a proven industrial contribution
has been made through this doctoral research work. In particular, two industrial
patents have been filed based on the research presented in paper III.

The scope of the studies presented in paper I - III is limited to application on
knot-free clear wood sections of Norway spruce timber boards. An overview of
the three different methods and their corresponding results are presented and
discussed in the following three sub-sections.

5.1.1 Wavelet transform-based method – Paper I

In this first paper, the basic assumption that links the annual ring patterns on the
four longitudinal surfaces of a board with the pith location and an average growth
rate was pursued and tested. Thus, the main aim of this study was to develop an
algorithm in order

1. to detect the annual ring width distribution on the surfaces of clear wood
segments across the board, and

2. to predict, on the basis of the detected ring width distributions, the pith
location along the timber board and the average radial ring width within
the board cross-section.

The first step in the developed algorithm was to automatically identify knot-free
clear wood sections along timber boards. This was done by using the in-plane fibre
direction on the four sides of the board, which was obtained from the tracheid
effect scanning. For this purpose, a clear wood section was defined as the centre of
a 10 mm long segment, in the longitudinal direction, across the four sides within
which a maximum of 10 % of all the measured in-plane fibre directions had an
angle that exceeded 12𝑜 with respect to the longitudinal direction of the board.
Figure 5.2 illustrates the principles used to identify clear wood sections along
timber boards. The red lines drawn across the board images indicate the 10 mm
segments in which more than 10 % of the fibre angles exceeded 12𝑜 .

Once the clear wood sections were identified, the next step in the algorithm
was to read the grayscale images of the surfaces of the board to detect the surface
annual ring width distribution across the clear wood sections. The grayscale
images were obtained from one of the three channels of the RGB board images
obtained from the optical scanning. In this particular case, the green channel was
utilised. A low-pass-filtering technique called Wiener filtering was then applied
on the raw grayscale image to filter out the high frequency random noises before
making the final grayscale board images. Figure 5.4(a) shows the grayscale images
of a 20 mm long part of one of the four sides of a board and the dashed line
indicates a selected clear wood section representing a pixel line at a longitudinal
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Figure 5.2: Example of identified clear wood sections; (a) heat map for the measured in-plane fibre
direction and (b) colour images of the corresponding four sides of a board. The identified clear wood
section are the sections that are outside the black rectangles

position of 490 mm from the board’s end. Figure 5.4(b) shows the normalised
(between -1 and 1) and filtered light intensity signal of the grayscale of the pixel
line at the selected longitudinal position of 490 mm.

As can be seen from Fig. 5.4(a) and (b) the local wavelength of light intensity
signal corresponds to the local surface annual ring width distribution along the
pixel line. The continuous wavelet transform (CWT) was then applied directly to
the filtered light intensity signal. As in the fast Fourier transform (FFT), CWT is
applied for measuring the similarity between a signal and an analysing function. In
CWT, the analysing function is not a sinusoidal function, as in FFT, but a waveform
function called wavelet that has a limited duration in time and a mean value of zero.
Figure 5.3 shows the real part of the generalised Morse wavelet used to transform
the light intensity signals, such as the one shown in Fig. 5.4(b). The result of the
wavelet transform is a 2D power distribution plotted as a heat map, which in turn
is a function of time (i.e. board width) and frequency of the light intensity signal.
Figure 5.4(c) shows the time-frequency localised power distribution obtained after
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Figure 5.3: Real part of the generalised Morse wavelet with 𝛽 = 27 and 𝛾 = 3

the transformation. The inverse of the frequency of the highest power values along
the board width represents the local annual ring width distribution along the
board width. Figure 5.4(d) shows the annual ring distribution of the clear wood
section shown by the dashed line in Fig. 5.4(a). In this way, the annual ring width
distribution across the four sides of all the selected clear wood sections can be
calculated along the board length.

When the surface annual ring width distributions visible on the four sides
of the selected clear wood section had been detected, the third and final step
of the algorithm was the prediction of the pith location. Here it was assumed
that annual rings are concentric circles, centred at the pith, and that the radial
distance between consecutive annual rings is constant. For known surface annual
ring width distributions on all the four sides of a clear wood section, an iterative
algorithm was employed to predict the coordinates for the pith location (𝑥, 𝑦) and
the average radial distance between annual rings, 𝑟, in order to determine (𝑥, 𝑦, 𝑟)
such that a defined error norm was minimised.

Figure 5.5 is designed to facilitate the description of the final step of the
procedure. Figure 5.5(a) shows the coordinate system and a photograph of a
knot-free board cross-section on which the true pith location (𝑥𝑝 , 𝑦𝑝) is indicated
with a blue cross mark, and the four sides of the cross-section are marked with
blue lines. Figure 5.5(b) shows a coordinate system and a rectangular area drawn
with red lines, representing an artificial board cross-section on which equidistant
concentric circles, with a distance 𝑟1 and a centre point (𝑥1 , 𝑦1) indicated by a red
cross mark, are drawn. Figure 5.5(d) shows a rectangular area/board cross-section
where (𝑥𝑝 , 𝑦𝑝) and (𝑥1 , 𝑦1) are marked by blue and red cross marks, respectively.
Figure 5.5(c) shows the calculated surface annual ring width distributions over the
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Figure 5.4: (a) Clear wood surface indicated on a grayscale image, (b) filtered light intensity signal
across the surface, (c) the time and frequency localised power distribution obtained after the CWT
operation and (d) the resulting localised annual ring width distribution over the board width

top surface of the cross-section shown in Fig. 5.5(a – b), drawn with blue and red
lines, respectively, and Fig. 5.5(e) shows, correspondingly, the calculated surface
annual ring width distributions of the bottom surfaces.

In the first iteration of the procedure to determine the pith location, an arbitrary
pith location, within a predefined domain and range, and an average annual ring
width (𝑥1 , 𝑦1 , 𝑟1) were assumed and used to generate an artificial cross-section with
growth rings, see Fig. 5.5(b). Then the distances between consecutive intersection
points of the artificially generated growth rings and the four sides of the board
cross-section were calculated. The red lines in Fig. 5.5(c) and (e) show such
calculated artificial annual ring width distribution plotted for the top and bottom
side of the cross-section, respectively.
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Figure 5.5: (a) A clear wood cross-section with pith location (𝑥𝑝 , 𝑦𝑝), (b) artificially generated
growth rings for an assumed pith location and assumed annual ring width (𝑥1 , 𝑦1 , 𝑟1), (c, e) for
top and bottom surface, respectively, real detected annual ring width distribution corresponding to a
true pith location (𝑥𝑝 , 𝑦𝑝) which is represented by blue lines, and the calculated annual ring width
distribution for the artificially generated growth rings corresponding to the parameters (𝑥1 , 𝑦1 , 𝑟1),
represented by red lines, and (d) a rectangular area with positions (𝑥𝑝 , 𝑦𝑝) and (𝑥1 , 𝑦1) marked

However, as can be seen in Fig. 5.5(c) and (e) there is a considerable discrepancy
between the actually detected annual ring width distribution, the blue lines, and
the artificially calculated distribution, the red lines. This means that the initially
assumed parameters, which are the pith location and average annual ring width
(𝑥1 , 𝑦1 , 𝑟1), are very different from the actual true pith location (𝑥𝑝 , 𝑦𝑝) and the
actual average annual ring width 𝑟𝑝 of the cross-section. The discrepancy between
the actually detected and the artificially generated annual ring width distribution
was quantified using a cost function in which a high cost indicated a large
discrepancy between the real and artificial annual ring width distribution and a
low cost indicated a small discrepancy. An iterative optimisation technique with a
simplex optimisation algorithm was used to find the coordinates (𝑥𝑚𝑖𝑛 , 𝑦𝑚𝑖𝑛 , 𝑟𝑚𝑖𝑛)
that resulted in the global minimum of the defined cost function. The coordinates
(𝑥𝑚𝑖𝑛 , 𝑦𝑚𝑖𝑛 , 𝑟𝑚𝑖𝑛) represented the coordinates of the predicted pith location and the
average radial annual ring width of the cross-section.

Figure 5.6(a) shows a 3D plot of the cost function calculated for a grid of points.
For a clear wood section, the grid employed over a predefined search domain in 𝑥-
and 𝑦-direction is indicated on the photograph of the cross-section shown in Fig.
5.6(b). As can be seen from the figure, the calculated global minimum point of the
cost function, i.e. (𝑥𝑚𝑖𝑛 , 𝑦𝑚𝑖𝑛 , 𝑟𝑚𝑖𝑛), coincides with the actual pith location, which
is indicated on the photograph of the cross-section shown in Fig. 5.6(b).
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Figure 5.6: (a) A 3D cost plot for the defined search domain where the global minima indicating the
predicted pith location and (b) the defined gridded search domain on a clear wood section with the
true pith location coinciding with the global minima in (a)

The developed wavelet-based method was applied to a total of 104 Norway
spruce timber boards with nominal dimensions of 45×145×4500 mm3 to automat-
ically predict the pith location and the average radial ring width on clear wood
sections along the length direction of each board. The total sample of 104 boards
was divided into two samples. The first sample consisted of four boards, in all of
which the pith was located within the board cross-section. Sample two contained
100 boards, of which some with the pith located inside and some with the pith
located outside the board cross-section. The automatically predicted pith location
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was validated against manually measured actual pith locations. For the first sample
of boards, median estimation errors of 2.3 mm and 3.1 mm in the larger and smaller
direction of the board cross-section, respectively, were obtained. For the second
sample of boards, slightly higher estimation errors were obtained, with a median
of 2.6 mm and 3.8 mm in the respective directions.

The facts that the proposed method is based on data obtained from a high-speed
industry scanner, and that it has been shown that accurate results can be provided
by means of these data, are promising from an industrial perspective. However,
the accuracy of the method was limited by the assumptions that the growth
rings would be concentric circles with the pith in the centre and that the distance
between consecutive growth rings would be constant. Annual rings of real board
cross-sections do not comply very well with these assumptions. Additionally, the
filter parameters needed for the pre-processing, i.e. the low-pass filtering, of the
input grayscale image may need frequent manual adjustment, depending on the
quality and characteristics of the scanned board surfaces, which may be an obstacle
for industrial applications. Regarding calculation time, the applied optimisation
algorithm made the calculation time too long with respect to the typical industry
speed requirements of about one second per board. Approximately 180 ms were
needed to predict the pith location of a single clear wood section.

5.1.2 Machine learning-based (cGAN + MLP) method – Paper II

The primary purpose of this second study was to address the limitations of the
previous wavelet-based method and examine the possibility of developing an
accurate, operationally simple and robust machine learning-based method and
algorithm to estimate the pith location of Norway spruce timber boards. The
objectives were to take the raw RGB images of the four longitudinal surfaces of a
board as obtained from the optical scanner, without any pre-processing, and

1. to accurately detect the discrete growth rings visible on the four sides of the
longitudinal timber board surfaces and,

2. to predict the pith location at any clear wood section along timber boards
on the basis of the detected surface growth rings.

In the current method a conditional generative adversarial network (cGAN)
was utilised to extract annual rings from red, green and blue (RGB) board surface
images. The pix2pix cGAN model, as briefly explained in Sec. 4.3.2, was adopted.
The cGAN was trained by using input-output pair of about 10000 images of size
256×256 pixels. The trained cGAN was then applied on the same 104 boards used
in the previously presented wavelet-based method to detect the individual growth
rings visible on the four sides of the boards. Figure 5.7 shows the colour image
of one of the wide sides of a board and the resulting binary image showing the
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detected growth rings after applying the trained cGAN on the raw RGB image of
the board surface.

Figure 5.7: (a) RGB board image and (b) the resulting binary image obtained by applying the trained
cGAN on the RGB board image shown in (a)

As stated in the Sec. 5.1.1, in the wavelet-based method an optimisation
algorithm was used to predict the pith location by using the annual ring width
distribution of the four sides of the board. However, the optimisation algorithm
used in the wavelet-based method was found to be too slow. Thus, in the
current ML-based method the simplex optimisation algorithm used in Sec. 5.1.1
was replaced by a shallow MLP neural network. The MLP neural network was
designed and trained to predict the pith location on the basis of the annual ring
width pattern of the four sides calculated from the cGAN detected annual rings.
Since it was almost impossible to obtain an input-output training dataset to train
the MLP network, an artificial training data set was used to train the network. In
order to generate the artificial dataset a simple assumption of concentric circles as
annual rings with the pith in the centre was used.

Testing of the proposed ML-based method was performed by using the same
sample of 104 Norway spruce boards as applied in the wavelet-based method, and
the obtained median estimation error was in the same order as for the wavelet
method. The total calculation time needed to determine the pith location of a
single clear wood section was reduced to 140 ms. However, this is still too slow
with respect to industry speed requirements. Nevertheless, it was shown that ML
is a promising strategy to develop a fast and operationally simple method for the
location of pith on the basis of board surface images.

5.1.3 Deep learning-based (1D CNN) method – Paper III

The purpose of this third paper was to further explore the possibilities of developing
a faster, more accurate, operationally simpler and robust deep learning (DL)-based
method to automatically extract important information from board surface images
and to predict the pith location of Norway spruce timber boards. A specific
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objective was to develop a method in which a single step, i.e. a single DL
algorithm, was used to predict location of pith directly from raw, unfiltered, board
surface images. However, since such a DL algorithm must be trained on a high
number of boards with known pith location, a second objective was to develop a
model to generate virtual photo-realistic timber boards for training of the proposed
DL algorithm.

The proposed DL algorithm was based on a trained one-dimensional convolu-
tional neural network (1D CNN), which utilised data of the raw grayscale images
of the four sides of a board, to automatically determine pith location along the
board. At each assessed clear wood section, the light intensity of a single pixel line
across the four sides was used as an input to the 1D CNN. Figure 5.8(a) shows
grayscale images of part of a board; a certain clear wood section is marked by a
dashed line running across the four sides of the board and the corresponding light
intensity signals at this section are drawn (blue curves) on top of the grayscale
images. As an input to the 1D CNN, the light intensity signals are normalised
between 0 and 1, see Fig. 5.8(b).

For boards investigated in the present study, the crosswise resolution of the
images gave approximately 2070 and 642 data points (pixels) for each wide and
narrow board side, respectively. In order to have the same size of the light intensity
input signals of the four sides, each signal was resampled to a fixed size of 1024
data points before stacking them as four columns in a 1024×4 matrix representing
the light intensity signals of the four sides of the assessed board section, see Fig.
5.8. This matrix was the input to the proposed 1D CNN and the output was the 𝑥-
and 𝑦-coordinates of the pith location, according to the coordinate system shown
in Fig. 5.8.

The training of the proposed 1D CNN was carried out using a dataset composed
of normalised and resampled input light intensity signals of the four sides of
boards together with their corresponding 𝑥- and 𝑦-coordinates of pith location,
see Fig. 5.8. In practice, it is, however, very difficult to obtain a training dataset of
thousands of actual boards with known pith location. Therefore, a training dataset
obtained from virtual boards with artificial grayscale surface images and known
pith locations was generated. The first step in this was to establish a statistical
model of log geometry and annual rings, the latter represented by discrete borders
between latewood and earlywood, by which virtual logs could be generated. In
the second step, boards were virtually sawn from such generated logs resulting
in virtual boards with discrete surface growth ring patterns. In the third and
final step, these patterns of the sawn virtual boards were translated into RGB
photorealistic surface images which resembled surfaces of actual Norway spruce
timber boards. For a detailed explanation of the generation of virtual training
dataset, see attached paper III. Figure 5.9 illustrates the overview of the artificial
training dataset generation, training of the 1D CNN and application of the trained
network on a real board to predict the pith location.
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Figure 5.8: General work flow of the proposed algorithm; (a) grayscale images of part of a board with
a certain clear wood section marked by a dashed line running across the four sides of the board and
the corresponding light intensity signals at this section, (b) the normalised and resampled input light
intensity signals of the four sides of the marked section together with an ideal output pith location
indicated on the board cross-section

Figure 5.9: Overview of the artificial training dataset generation, training of the 1D CNN and
application on real board to predict the pith location

Figure 5.10 shows the four sides of four example virtual boards, where their
binary surface images are translated to photorealistic RGB surface images by using
the trained cGAN. The translated photo-realistic images of the virtual boards
together with their known pith locations were used to train the proposed 1D CNN
algorithm.

49



Figure 5.10: Translated photorealistic RGB surface images of four virtual boards produced using the
trained cGAN

The performance of the method was examined using a total sample of 204
Norway spruce boards (size 45×145×4500 mm3). For a first subset of boards with
the pith located within the cross-section, median errors of 2 mm and 4 mm in 𝑥-
and 𝑦-directions, respectively, were obtained. For a second subset in which the
pith was located outside the board cross-section in 60 % of the boards, median
errors of 3 mm and 5 mm in 𝑥- and 𝑦-directions, respectively, were obtained. Part
of the errors in the second subset of boards was related to manual determination
of ‘true’ pith location. The computational time required to predict a pith location
on a single section of a board was on average only 1.1 ms.

As compared to the two previously suggested methods, i.e. the wavelet-based
in paper I and the cGAN-based in paper II, the 1DCNN- based method allowed for
a more accurate, more robust, operationally simpler and much faster location of
pith. Regarding speed, the 1D CNN method was 165 times faster than the wavelet-
based method in paper I, 127 times faster than the cGAN-based method suggested
in paper II and fast enough to meet all conceivable industrial requirements. The
operational simplicity was based on the fact that there was only a single step
involved to predict the pith location and the input data for the algorithm were
raw grayscale images of boards obtained from industry speed optical scanning,
without any pre-processing as compared to the wavelet-based method. Moreover, a
novel stochastic model was also proposed to generate unlimited number of virtual
timber boards, with photo-realistic surfaces and known pith location, by which the
proposed 1D CNN was trained before it was successfully applied to determine
pith location along real timber boards. The suggested use of artificial data for
training of a neural network, to get around the problem of limited access to real
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board data, can be adopted for different ML/DL applications in the wood and
timber working industry.

5.2 Application of the detected features (Papers IV
and V)

In this section, applications of the detected pith locations for timber boards by using
the 1D CNN method (paper III) are presented. The first application implemented
in this doctoral thesis was for the 3D reconstruction of knot areas that can be
detected on the longitudinal surfaces of timber boards (paper IV).

The second implemented application was for the estimation of radial annual
ring profiles along timber boards. This specific application required the individual
surface annual rings to be detected. For this purpose, a separate DL algorithm was
developed and presented in paper V. Brief descriptions of both applications are
presented in the following two sub-sections.

5.2.1 Detection, modelling and three-dimensional reconstruction
of knots – Paper IV

In paper IV, a method and an automatic computer algorithm was developed

1. to accurately detect knot areas visible on board surfaces by utilising the
measured in-plane fibre orientation together with an adaptive threshold
technique,

2. to group the detected knot areas that belong to the same physical knot by
utilising the detected pith location, and

3. to model the inner 3D structure of the timber boards, which involved
modelling and reconstructing each individual physical knot identified using
the two previous objectives by considering the curvature of the knots.

Data of the in-plane fibre directions on the board surfaces obtained from the
surface laser scanning was utilised to detect knot areas visible on the four sides of 50
Norway spruce timber boards with nominal dimensions of 45×145×4500 mm3. A
total of 2111 knot surfaces were altogether automatically detected by the proposed
algorithm on all four sides of the 50 boards. Since the resolution of the laser
scanning was limited to 1×4.4 mm2 (lengthwise × crosswise), knot areas smaller
than 15 mm2 (i.e. approximately 4.5 mm in diameter) were neglected. Figure
5.11(a–c) show the colour images of the four sides of a part of a board, where
boundaries of detected knot areas are indicated by red polygons. The detected pith
locations, projected on the four sides of the board, are indicated by the green lines.
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In order to validate the results of the knot detection algorithm, the RGB images
of the surfaces of the 50 boards were investigated to manually identify knot
areas visible on the board surfaces. Hence, a total of 2071 true knot areas, with
an average diameter larger than 4.5 mm, were manually identified indicating a
95.4 % detection accuracy of the proposed algorithm. Comparing the manually
identified and automatically detected knot surfaces showed that out of the total
2111 automatically detected knot areas 3.3 % (𝑛 = 68) were false positive detections
and 1.3 % (𝑛 = 28) were false negative detections. In case of a false positive
detection, the algorithm identified a clear wood board surface as a knot area. On
the other hand, in case of a false negative detection, the algorithm missed to detect
a knot area and identified it as a clear wood area. All the detected knot areas were
then grouped into matching physical knots and their geometry were modelled
by adopting the suggested model for the curvature of knots. The matched and
modelled knots in each investigated board were then reconstructed to form the 3D
geometrical model of the boards, see Fig. 5.12.

Figure 5.11: (a–c) Colour image of board surfaces, detected knot boundaries and estimated pith
locations represented by red and greens lines, respectively. Estimated knot centres are marked by blue
dots

The results of the described procedure were validated by manually grouping
and reconstructing knots of 12 boards selected among the 50 timber boards used for
the validation of the knot detection algorithm. Based on the suggested automatic
algorithm a total of 479 physical knots were matched and reconstructed. By
comparison, a total of 473 actual physical knots could be matched and reconstructed
manually. This result showed that 97.9 % of all manually reconstructed actual
knots were successfully reconstructed using the suggested automatic algorithm.

Figure 5.12(a) shows the four sides of a part of a scanned timber board where
the intersection of the modelled curved knots and the four sides of the board
are indicated by red lines. Figure 5.12(b) shows the final 3D reconstructed board
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model with knots and the pith location (green line) shown along the length
direction. Figure 5.12(c–e) show closer 3D views of three selected sections of the
reconstructed board, i.e. details 1 – 3 marked in Fig. 5.12(a–b). Figure 5.12(f–h)
show the cross-sectional view of the three indicated details.

Figure 5.12: (a) Images of the four sides of a part of a board together with the modelled knot areas
indicated by red polygons, (b) the final 3D reconstructed board model, showing the reconstructed
knots and the pith location of the timber board, (c–e) 3D view of details 1 – 3 indicated in (a, b) and
(f–h) the cross-sectional view of details 1 – 3

5.2.2 Estimation of radial annual ring profile – Papers V

The second application of the knowledge of pith along the length direction of
timber boards was to estimate the radial annual ring profile of the board along the
length direction. Thus, the main objectives of Paper V was

1. to develop a fast and accurate DL-based method for detecting individual
annual rings on the four longitudinal surfaces of the board, and
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2. to estimate the radial ring profiles along the timber boards on the basis of
the predicted pith locations and the detected annual rings.

The proposed method was solely based on grayscale images of the board
surfaces obtained from the optical scanning procedure. A 1D-UNet was trained
and applied to detect the surface annual rings, i.e. the annual rings visible on the
surface images. The photorealistic virtual boards used to train the 1DCNN-based
pith detector algorithm in Paper III were also utilised to train the 1D-UNet. The
architecture of the developed 1D-UNet model is illustrated in Fig. 5.13.

The proposed DL-based algorithm was validated against a total of 252 board
cross-sections. To validate the automatically estimated annual ring profiles, manual
estimation of pith location and identification of the radial annual rings was
performed for all 252 cross-sections.

Once the surface annual rings were detected, together with the pith location,
the next step was to estimate the radial annual ring profiles of several cross-
sections along the board. Figure 5.14 illustrates examples of such automatically
estimated radial annual ring profiles for four clear wood sections together with the
photographs of the clear wood cross-sections. The surface annual rings, detected
using the 1D-UNet are indicated by red dots on the top and bottom sides of the
cross-sections, are also shown in Fig. 5.14.

The application work presented in paper V also included an extensive evaluation
of the potential of including information of average annual ring width, automatically
extracted using the proposed method, to define indicating properties (IP) for
machine strength grading of Norway spruce timber boards. Average annual ring
width is not in itself a very powerful prediction variable to strength but when
used in combination with other predicting variables it can contributes to improved
grading accuracy. Furthermore, knowledge of average annual ring width can partly
compensate for lack of knowledge of other predicting variables, like density or
axial resonance frequency, which is very interesting from a practical point of view.
For further details, see appended paper V.

5.3 Modelling of fibre orientation in 3D (Paper IV)

In this section, the work done regarding the modelling of fibre-direction in 3D
space within timber boards is presented. The purpose of this study was to propose
a model to express the 3D orientation of fibres in Norway spruce timber by
mathematically modelling the three-dimensional growth surface and considering
the fibre direction within growth surfaces entirely as a function of the shape of
the growth surfaces. One objective of the proposed model was to evaluate a
hypothesis, which was formulated in the study, that fibres oriented within growth
surface follow the path of the steepest ascent in the longitudinal direction of the
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tree. Another objective was to include only a few parameters that need to be
calibrated with respect to experimental data.

The hypothesis behind this work was, firstly, that fibres must be oriented within
the growth surface in which they are produced. Secondly, that fibres follow the
path of the steepest ascent in the longitudinal, upward direction of the tree (which
means the vertical 𝑦-direction). Therefore, by modelling the complete growth
surface, which includes the circumference of the stem and the bumps caused by
live knots, the longitudinal fibre direction, as well as radial and tangential material
directions, were uniquely determined at any point within the growth surface and
were calculated with respect to a predefined coordinate system.

Figure 5.15 shows an example of a modelled growth surface including the
bump around a modelled knot and the corresponding calculated fibre direction

Figure 5.13: The architecture of the 1D-UNet used to detect surface rings. The rectified linear unit
(ReLU) activation function is used for all convolution deconvolution layers. The quantities between
the square brackets correspond to the number of samples × the number of output feature vectors of
each convolution and pooling layer
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Figure 5.14: Automatically estimated ring profiles, with the automatically detected annual rings
indicated by red dots, vs. actual photographs of clear wood cross-sections

plotted as a continuous fibre flow on the growth surface. The calculated fibre
directions seem to agree well with the 3D fibre directions within a growth layer
determined on experimental basis in Hu et al. (2018a).

The proposed 3D fibre direction modelling method was applied on a total
sample of 100 Norway spruce timber boards. Validation of the results were
performed by comparing the resulting in-plane fibre directions on the four lon-
gitudinal surfaces of the boards, which were extracted from the model-obtained
3D fibre directions, against the experimentally-obtained in-plane fibre directions,
obtained from tracheid effect scanning, of the four sides of the investigated timber
boards. Such comparison of in-plane fibre directions over the board surfaces did
not include in-plane fibre angles obtained within the knot boundaries.

Figure 5.16(a) and (f) show parts of geometrically reconstructed timber board,
where the knot surfaces can also be seen on the four sides of the boards shown in Fig.
5.16(b) and (g), respectively. The experimentally-obtained in-plane fibre directions
of side (2) and (4) of the two reconstructed board parts, respectively, are plotted
on top of the corresponding board images and are shown in Fig. 5.16(c) and (h),
respectively. The corresponding model-obtained in-plane fibre directions of side
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Figure 5.15: A modelled 3D growth surface, the boundary between the cylindrical and bulged part of
the growth surface marked with a red curve, a modelled knot and the corresponding calculated fibre
directions shown as a fibre flow pattern on the growth surface in (a) a view of the 𝑦𝑧-plane, (b) a 3D
view and (c-d) the zoomed-in plot of (a) and (b), respectively

(2) and (4) of the two reconstructed board parts, respectively, are plotted on top of
the corresponding board images and are shown in Fig. 5.16(d) and (i), respectively.
Moreover, Fig. 5.16(e) and (j) show the fibre modelling error calculated as the
difference between the corresponding model-obtained and the experimentally-
obtained in-plane fibre directions of side (2) and (4), respectively. The examples
shown in Fig. 5.16 indicate a very good agreement between model-obtained and
experimentally-obtained in-plane fibre directions.
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Figure 5.16: Examples and comparison of in-plane fibre directions obtained from laser scanning and
from the model respectively: (a, f) parts of geometrically reconstructed timber board (see Fig. 5.12);
(b, g) colour images of the four sides of the board shown in (a) and (f), respectively, with the modelled
knots visible on the board surfaces; (c, h) in-plane fibre direction obtained from laser scanning plotted
on top of an image of side (2) and (4) of the board shown in (b) and (g), respectively; (d, i) the
corresponding model-obtained in-plane fibre direction; and (e, j) heat maps of the discrepancy between
the fibre directions shown in (c) and (d), and the fibre directions shown in (h) and (i), respectively

In addition to the qualitative comparison, a quantitative point-to-point compar-
ison of the laser-scan-obtained in-plane fibre directions and the model-obtained
in-plane fibre directions over the four sides of the 100 timber boards was conducted.
Accordingly, a mean absolute discrepancy of 3.5𝑜 and standard deviation of 6.3𝑜

between the experimentally measured and modelled fibre directions were obtained.
In brief, as compared to previous works with the aim to model fibre orientation

within boards (Olsson and Oscarsson, 2014; Hu et al., 2015, 2018b; Rais et al.,
2021; Hackspiel et al., 2014; Lukacevic and Füssl, 2014; Lukacevic et al., 2019;
Guindos, 2016), the current proposed method and the validation thereof have
several advantages. The first important improvement compared to previous works
concern modelling of the geometry of knots. In contrast to Hackspiel et al. (2014);
Lukacevic and Füssl (2014); Lukacevic et al. (2019); Guindos (2016) in which knots
were modelled as rotationally symmetric cones, which according to Briggert et al.
(2018) leads to quite inaccurate estimates of the fibre orientation when used in
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combination with the model presented in Foley (2003), the curved geometry of
knots was taken into account in the present work. The second improvement was
that in the model presented in paper IV, the 3D fibre orientation, at any point
in the 3D space, was calculated solely as a function of the shape of the growth
surface at that point. In this way, the subdivision of the 3D fibre orientation into
projections onto the LT plane, which in previous works (Hackspiel et al., 2014;
Lukacevic and Füssl, 2014; Lukacevic et al., 2019; Guindos, 2016; Foley, 2003) was
expressed by the flow-grain analogy, and projections onto the LR plane is avoided.
Moreover, by using the proposed functions for fibre orientation it was possible to
define a more physically feasible fibre deviation zone, which was related to the
geometry of the modelled growth surface, i.e. to the knot bump caused by the
occurrence of a knot, rather than using a fibre deviation zone dependent on the
opening angle of a simulated conical knot as in Hackspiel et al. (2014); Lukacevic
and Füssl (2014); Lukacevic et al. (2019). Furthermore, to obtain knowledge of pith
location along boards, which is necessary to model knots and the related fibre
directions in 3D, a newly developed, automatic and robust deep-learning based
algorithm was successfully utilised, see attached paper III.
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6 Conclusions

The primary purpose of this doctoral project was to gain increased knowledge and
a better understanding of how different wood characteristics and surface defects of
timber boards can be identified automatically and robustly. In addition, to explore
the possibilities of how such identified features can be used to add value to the
wood manufacturing industry. The research has included

• optical scanning and laser scanning of Norway spruce timber boards to
obtain data for the development and validation of different algorithms and
methods,

• development and validation of different methods, including signal
processing-based and ML/DL-based computer algorithms, to automati-
cally detect defects and features of timber boards, i.e. pith location, annual
rings, annual ring profiles and knots,

• development and validation of mathematical models, i.e. for modelling of
realistic curved knot geometry, growth surface geometry and fibre orientation
in 3D, and

• application of knowledge of the detected features for further development
of models and methods by which values can be added to different wood
products, such as improved machine strength grading of sawn timber.

The most important conclusions of the doctoral study can be summarised as
follows:

• Information obtained from optical scanning of longitudinal surfaces of
boards, i.e. images of the four sides of boards, can be used, together with
the efficient computer algorithms described in the previous chapters, for
accurate, fast and robust detection of pith location, individual annual rings
and radial annual ring profiles of clear wood sections along the length
direction of timber boards.

• The application of ML/DL-based algorithms can be used as a powerful tool
for the development of fast, robust and operationally simple methods to
be applied in the wood industry. Successful training of these algorithms
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can also be realised by generating artificial/virtual training datasets. In the
wood industry, the collection and labelling of a balanced training dataset
is expensive and time-consuming and sometimes not feasible. Thus, by
means of the developed stochastic model, generating an unlimited number
of virtual training datasets would allow for circumventing the problem of
collecting and labelling the considerable amount of training datasets needed
for the successful development and deployment of deep learning algorithms.

• As it has been shown in several previous studies, the in-plane fibre direction
obtained from the tracheid effect scanning of board surfaces can be used for
developing a more accurate detection of knots visible on the board surfaces.

• The predicted pith location along boards and the modelling of the detected
knot areas on the board surfaces, modelled with curved geometry, can be
utilised to establish the 3D modelling of timber boards. Such 3D models
include the reconstructed knots in 3D (orientation, size and curvature of
knots), the pith location along the timber board and the radial growth ring
profile within the boards.

• By modelling the geometry of growth layers, including the bumps in the close
surroundings of knots, and assuming that fibre paths follow the direction of
steepest ascent up along the tree, the 3D fibre orientation and all the three
material directions can be uniquely and realistically determined at any point
within the tree or board.

• By using the proposed functions for fibre orientation, it was possible to
define a more physically feasible fibre deviation zone, which was related to
the geometry of the modelled growth surface, i.e. the knot bump caused by
the occurrence of a knot, rather than using a fibre deviation zone dependent
on the opening angle of a simulated conical knot.

• Knowledge of average growth ring width (ARW) in sawn timber of Norway
spruce can be utilised, together with other predicting variables, for machine
strength grading. A practical use of ARW is that this can partly compensate
for the lack of knowledge of density and/or axial resonance frequency when
predicting tensile and bending strengths.
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7 Future Work

In this doctoral study, the developed methods and algorithms have only been
applied to a single softwood species, i.e. Norway spruce, and to timber boards
with a similar nominal cross-sectional dimension of 45 × 145 mm2. Thus, with
regard to the need for further research and improvements, the applicability of the
presented methods and algorithms should be extended to other, at least, softwood
species, for example Douglas-fir. Moreover, in order to ensure the applicability of
the developed DL-based pith detection algorithms in the wood-working industry,
the algorithms have to be extended to include boards with different cross-sectional
dimensions than 45 × 145 mm2 and sawn from different parts of the log.

The knot detection algorithm presented in paper IV, in its current state, does
not distinguish between dead and live knots. Hence, in the future, this limitation
should be addressed. Since DL-based algorithms in different research fields have
shown to be successful in several image detection and classification tasks, the
potential of such DL-based algorithms should be properly explored to address
the limitations of the present knot detection algorithm. When it comes to the
fibre orientation model presented in paper IV, the fibre orientations derived from
the method did not match perfectly with the experimentally-obtained in-plane
fibre directions, and it was not possible to completely separate the different
sources of error related to 1) automatic identification of knots on board surfaces, 2)
reconstruction of knots in 3D and 3) the proposed model for fibre orientation. In
further work, modelled growth layer geometry and 3D fibre orientation should
therefore be compared with real growth layer geometry and real fibre orientation
within such growth layers. Data to enable such comparison and calibration can be
obtained, for example, by utilising high-resolution micro-CT scanning (Hu et al.,
2022). Moreover, spiral grain and realistic log dimensional features such as taper
and circumferential irregularities, instead of the pure cylindrical shape adopted in
the current work, should be incorporated in future modelling works.

The potential of the proposed detection algorithms and the 3D fibre orientation
modelling should also be further investigated. For instance, to better describe
failure mechanisms, better predict stiffness and strength of timber boards and
develop FE simulation tools for different timber-based structural elements. An
objective to be aimed at in a long-term perspective is to be able to improve the
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current available machine strength grading methods, which will contribute to
better utilisation of the forest resources we have around the globe.
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