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Keywords: computer vision, image processing, sawmilling, sawing optimisation, virtual
sawing

The usage of machine learning and computer optimisation is growing and reaches many
fields, and the sawmilling industry is no exception. With optimisation algorithms and
virtual sawing, sawmills can produce boards and other wooden products of much higher
quality. The main factor that degrades the quality of boards is knots. Knots are the left-
overs of branches present in every piece of log and sawn boards. However, their position
can be altered with sawing optimisation methods, and the board grade and price max-
imised. This Master’s thesis aimed to develop one of the sawing optimisation methods
– sawing angle optimisation. Before sawing, the log can be rotated, and the location of
knots on boards can be controlled. The optimisation method works by converting X-ray
data to a function that represents knot locations along the polar angles in the wood and
another function that contains Gaussian curves at the corner points of boards in the saw-
ing pattern. Finally, a cross-correlation is computed and minimised between these two
functions, resulting in knots avoiding the corner areas. The proposed method works on
a simple principle, is computationally effective and can be deployed in real-time applica-
tions. The developed method was evaluated by applying virtual sawing using the angles
obtained on a challenging dataset containing annotated X-ray data of logs, which was
compared with ground truth data and an average result. The thesis resulted in an impres-
sive decrease in arris knots count in an already highly optimised sawing environment.
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LIST OF ABBREVIATIONS

CNN Convolutional Neural Network
CT Computed tomography
DAB German abbreviation for “Durchmesser” (diameter), “Astansammlung”

(sum of knots), “Brett” (board)
GAN Generative Adversarial Network
VGG Visual Geometry Group
YOLO You Only Look Once

[1]
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1 INTRODUCTION

1.1 Background

Although wood is a renewable resource, it is essential not to waste it and to process it

ef�ciently. This Master's thesis aims to develop a sawing optimisation method that helps

sawmills generate wood of better quality.

The position of the knots in the wood affects this quality and the result of sawing. Com-

puted tomography (CT) scanners allow us to model the internal structure of wood and can

be used to detect the position and parameters of knots in the log. Sawing the wood at the

right angle is one of the optimisation methods that can be used to achieve a much higher

quality of the resulting boards. Optimisation of sawing angle using information from CT

equipment involves the inspection of a 3D object with information about the knots and

using this knowledge to estimate the resulting condition of the board after cutting. Then,

the next step is to evaluate this condition and �nally �nd which angle yields the best price,

i.e., the quality of the board is optimal. A more cost-effective way of CT-based scanning

is estimating the positions of knots based on their location on the surface. This solution

does not require expensive CT equipment and can be performed by cheaper laser scanning

technology.

The Master's thesis aims to design a method that optimises the angular positioning of

roundwood in the process of log sawing in the sawmilling industry. The purpose of �nding

the optimal angle is the desired maximisation of sawn timber value yield or the volume of

sawn timber. Choosing the correct sawing pattern can also help to �nd the optimal gain.

The initial objective is to examine current log sawing optimisation methods that consider

the placement of knots in the wood. The task continues by �nding a technique to �nd the

optimal angle in the sawing process, considering the position and parameters of the knots

in the log. The input of the method is a 3D model of the log with the positions of the

knots in a standard data structure for displaying 3D data as visualised in Figure 1.

The output of the method is an angle that represents the optimal rotation of the log prior

to the cutting process. This angle will ensure the highest quality timber comes out of the

sawmill process and thus help the sawmill produce higher quality timber and generate

higher pro�ts. The boards coming out of this process will contain knots in the most

appropriate position, i.e. avoiding the content of arris knots (knots on the edges of the

board). Figure 2 depicts an example of the sawing angle optimisation.
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Figure 1. An example of X-ray representation of log from laboratory measurement with manual
knot and pith annotations. The image is sourced from an ongoing project.

Figure 2. Angular optimisation of sawn timber. Cones represent knots. Green indicates a suitable
knot location (preferably on faces), whereas red indicates the poorest location, creating arris knots.
The image is sourced from an ongoing project.
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1.2 Objectives and delimitations

The objective of the Master thesis is to develop a method that �nds an angle which gives

the highest possible timber quality. The boards, which come from the sawing process

where this sawing angle was used, will have knots in the best possible locations.

The targets of this Master's thesis are as follows:

1. Present related theory and existing solutions of sawing optimisation based on X-ray

data.

2. By utilizing X-ray reconstructions of logs, construct a geometric model linking knot

locations in the log's inner and outer structure to knot locations in boards/planks

(intersections of the 3D reconstruction).

3. Based on the geometric model, develop an optimisation method for sawing logs into

blanks/boards. The output of the optimisation method should be a sawing angle that

ensures the best position for sawing.

4. Propose a way how to demonstrate the results and metrics for comparing the devel-

oped method to an average result and ground truth data.

5. Present and discuss the results and possible continuation of the work.

The Master's thesis assumes that the data with labelled knots is provided and does not

solve the task of other sawing optimisations like positional offset or skew.

1.3 Structure of the thesis

The main part of the thesis is divided into �ve chapters. Chapter 2 discusses sawmilling,

the steps wood has to take to go from the form of a tree to a plank, defects that are

present in timber and the use of machine learning, virtual sawing and sawing optimisa-

tion in the sawmilling industry. Moreover, it contains the related research done in the

sawmilling optimisation area. Chapter 3 describes the methods of angular sawing optimi-

sation. Available data, experiments, evaluation and results are present in Chapter 4, and

�nally, Chapter 5 reviews the accomplishments and addresses possible extensions for the

work. The thesis ends with a conclusion written in Chapter 6.
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2 SAWMILLING

This chapter introduces the basic processes, habits, and terms used in sawmills and wood

defects, focusing mainly on knots. These contents will be necessary to understand the

thesis. Lastly, the bene�ts of using mathematical methods and machine learning algo-

rithms in the sawmilling industry are presented with the previous work on virtual sawing

and sawing optimisation.

2.1 Sawmill pipeline

The wood's journey begins in the forests and ends in the hands of the end customers

having boards. It consists of speci�c steps that, with the proper execution, can produce

high-quality lumber. This pipeline used by conventional sawmills is shown in Figure 3 [2].

Figure 3. The sawn timber manufacturing process in a typical sawmill [2].

Before the logs are delivered to the sawmill, they are harvested in the forests. The

branches are removed from the felled tree, and the trunk is cut to an appropriate length.

Wood in this stage is commonly calledroundwood[1]. It is possible to perform sawing

on-site in the forest using heavy machinery, reducing transportation costs since timber

can be transported more economically than roundwood [3]. However, a common way is
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to transport them to a sawmill, where they are stored. Logs stored this way are kept wet

in log ponds or by using water sprinklers.

As the roundwood arrives in the sawmill, the �rst step is measuring and sorting the logs.

The logs are usually sorted according to length, diameter, species and the purpose of

use [4]. Logs are then stored in suf�cient quantities so the sawmill can continuously pro-

duce timber even when the arrival of new roundwood is discontinued due to bad weather

conditions or for reasons where it is impossible, expensive or challenging to harvest and

import the roundwood into the sawmill.

The �rst important step of the conversion is debarking. The tree bark may contain stones,

metal or other dangerous things that can cause damage in later stages of the process [4].

This phase is mainly a safety measure to protect expensive saws. Secondly, it allows

a sawyer to visually evaluate the quality of the log. This step can be undertaken directly

after felling the tree in the forest.

Sawing is the next and the most important step in the whole process. The log is sawn in

the longest possible straight length and by choosing a desired pattern [4]. The pattern of

the cut depends on several factors:

• type of sawing machine,

• log dimensions,

• type of wood,

• condition,

• purpose of use.

Figure 4 shows an example of a sawing pattern.

Before the cut, the log may be clamped and turned so the headsaw can cut the log to yield

the best possible timber quality [4]. The sawing step ends with the resawing process,

where thick boards can be cut into smaller planks and boards in standardised width and

length. If any defects are present, they can be removed by boards undergoing trimming

or edging, which modi�es the edges of the planks. The wood further proceeds to the next

step – sorting and grading.

Before grading, sawn and trimmed timber is sorted according to thickness, width, length,

quality, grade and species depending on the market requirements [4]. Sorted timber then
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Figure 4. An example of a typical sawing pattern. The blue boards are the main yield, and the
yellow boards are referred to as side boards.

undergoes quality grading, where a machine or an individual marks a grade on each board.
Boards are graded by grain direction, presence, type, position of knots or other defects
and general appearance. Section 2.2 discusses the grading process and system.

Wet timber freshly sawn is called green timber [3]. Green timber still contains water, and
wood in this state is heavy, weak and susceptible to attack by insects or fungi. Therefore,
the next step is to dry the timber to an acceptable moisture content level. The drying
step is used to dimensionally stabilise the wood, improve strength and colour, and reduce
weight, making the boards more economically transportable [3, 4]. Porter writes about
more benefits in [3]. Among many ways to dry timber, two methods are usually used:

• Air-drying (natural drying) is a method that involves stacking timber on a large
piece of land in a way that ensures good airflow to reduce the moisture in the wood
to the desired value as quickly as possible [4]. Although air-drying reduces operat-
ing costs, it increases the chance of fire outbreaks and requires more land and time.
Suitable reduction in moisture content can take many months [3]. This method of
drying timber is very unreliable.

• Kiln drying (artificial drying) is a method in which the green timber is placed in
a closed chamber, where sawyers can regulate airflow, temperature and humidity to
make the conditions suitable for optimal results while minimising quality degrada-
tion [4]. Sawmills spend 70-90 per cent of total energy on kiln drying. However,
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using residues such as bark from the debarking process as fuel, this energy require-
ment is not a problem as the energy recovered from the residues is often in excess.
In contrast to air-drying, this process takes days instead of months [3].

Combining these two methods is possible when usually partly air-dried timber continues
dehumidifying in the kiln drying chamber [3]. This drying step is optional, as green
wood can be sold directly to customers. After the drying process, the dried boards are
re-inspected, as the drying process can cause new defects that can be removed by further
treatment and thus achieve a higher or lower quality of wood and, therefore, change their
grading [4]. After the reinspection and regrading, timber is packaged and shipped to
a particular customer depending on the quality, species, and use.

2.2 Timber defects

The quality of wood is influenced by defects, which directly affect the price of the re-
sulting timber [3]. Therefore, minimising the probability of defects helps the sawmill
generate boards of higher quality, thus generating more capital. Defects can be divided
into three main categories:

• natural defects,

• defects caused by drying,

• damages caused by machinery.

The step of drying green wood can cause permanent damage to its structure either when
incorrectly piled or during the process itself. These defects include, among other things,
stains and distortions such as twists, curvatures, and splits. Natural defects occur naturally
in the wood, such as shakes (cracks) and knots [3]. The presence and positioning of knots
in the boards are essential to the quality of the end product and are present in every log.
The knots and their locations are the heaviest factors when it comes to the value of the
end product. Therefore, their characteristics will be described in more detail.

As a tree progresses to grow and new branches appear, the trunk at the bottom develops
and grows annual rings around low dead branches [5]. These branch leftovers are referred
to as knots. If the growing continues when the branch falls, the annual rings continue
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to cover the leftovers of the branch until it is completely covered. Knots that are fully
covered are referred to as encased knots or dead knots. Figure 5 depicts the process of the
formation of knots in wood [5]. The process can be divided into three stages. In the first
stage, the branch grows from the trunk. The second stage is when the branch goes dead
and falls, and the process of encasing begins. The third stage is when the knot becomes
fully encased.

Figure 5. The process of formation of knots. The Figure displays the three stages of the pro-
cess. [5].

Dead knots are often loose, which makes them a potential danger when sawing [3]. The
size, location and number of knots on the final sawn board affect the visual and strength
properties of the timber. The smaller the knot, the bigger the strength of the board. Knots
in the centre of the board provide a minor strength reduction, while the appearance on
the edges causes a much more significant strength reduction. The appearance of knots on
boards after using different sawing patterns is portrayed in Figure 6 [5]. Moreover, the
distance between the knots also affects the strength, for maximising strength, the distance
should be big. Knots have different names based on their positioning. Listing some
types [3]:
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Figure 6. The appearance of knots on the sawn board in relationship to the type of sawing pat-
tern [5].

• face knots,

• margin knots,

• edge knots,

• arris knots,

• splay or spike knots.

Figure 7 shows the various positioning of these knots on finalised boards [3].

Poorly positioned knots affect the board’s quality, strength, grade and price. The best
position for a knot is on the faces of the board [3]. The edges, particularly arris knots, de-
crease the quality the most because they can fall off and damage the integrity of the board.
Certain grading rules exist for determining the boards’ grades. Various factors, such as
natural defects, defects from drying, saw and roller marks, surface stains, colouring, and
moisture content, affect the resulting grade of the board. Timber can be possibly graded
in three stages of the sawmilling process:

1. at the beginning as logs,
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Figure 7. Visualisation of different knot positions and their respective naming [3].

2. as sawed green wood,

3. after drying.

The edging and trimming operations done in the last phase of the sawing process are
made using grading rules for knots [6]. Rules that split timber into groups could differ
in different countries [3]. Some European countries have groups numbered in Roman
numerals, from i (firsts) to vi (sixths). The lower the number, the better the quality of
timber. Finland, Norway and Sweden use a Nordic grading system to classify redwood
and whitewood into grades A, B and C. The A group is divided into four sub-groups, A1
to A4.

Figure 8 illustrates different board looks for each grade [3]. Each plank is marked with
a shipping mark on the cut end, showing where the board originates from and its respective
grade. Rules that group these planks are categorised by appearance and are called by
Porter in [3] as commercial grading rules.

Apart from the commercial grading rules, the author in [3] also describes the strength
grading process. This process and the strength grouping are much more complicated due
to the seriousness of its use.
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Figure 8. Examples of how boards of different grades can look [3].

2.3 Machine learning in sawmilling

The constant evolution of the industry is extending further and further into ordinary fac-
tories, and processes that were once carried out manually are now carried out with the
help of robots or other forms of computer assistance. Machine assistance has also made
its way into the sawmilling industry. Machine learning, computer vision, and artificial
intelligence methods are becoming part of the log-sawing process to streamline it and
achieve better results. This section provides examples of solving various tasks in the
sawmilling industry with the help of machine learning approaches, but it is not a compre-
hensive review. The research examples are grouped into categories based on what task
they perform.

Board inspection

Inspecting boards is an important task, as it is performed to evaluate the quality of the
product. If this task is automated, it will help the sawmill to save resources and assess the
grade quicker and more accurately [7]. Some tasks are challenging even for a human with
expertise [8].

A solution for detecting timber defects using neural networks is a paper by Li et al. that
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features a You Only Look Once (YOLO) model called YOLOX with improved architec-
ture. Their solution detects four types of defects on sawn boards [9]. Authors in [10] pro-
pose a similar method for detecting three types of defects with a transfer-learned single-
shot multibox detector.

An article by Rudakov et al. [7] proposes a method of detecting mechanical damage on
boards from the sawing process. See Figure 9 for a scheme of the method [7]. Seeing
these damages can simplify the timber grading process because the damage type also
affects the given grade. Small overlapping patches of a board image are classified by
a Convolutional Neural Network (CNN) to detect mechanical damage on the board. Four
CNN architectures were implemented, trained and compared to find the best-performing
model. The Visual Geometry Group (VGG) architecture achieved an accuracy of 92% for
individual patches.

Figure 9. A schematic visualisation of the method for detecting mechanical damage on boards [7].

Shustrov et al. [8] used the help of CNNs to identify tree species from the exterior features
of boards. Small patches are extracted from the whole picture of a board, and these
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patches are individually classi�ed. Figure 10 shows the diagram of how this method works

[8]. Four CNN architectures were evaluated with three rules for combining the individual

patch classi�cation results. The best combination reached an accuracy of 99.4% and

a real-time performance.

Figure 10. A schematic representation of the method for wood species identi�cation [8].

Log inspection

Detection of external log defects was the main task of continuous research done by

Thomaset al. [11–14]. The automated solution can detect defects on barked hardwood

logs using a laser scanning device. The most recent publication presents a method that de-

termines the location of defects by extracting surface height from 3D images. 2D circles

are �t into log cross-sections to perform the detection. For this task, a robust estimator

was developed in [13] to reliably estimate the centres and radii of the �tted circles. Sub-

sequently, local height changes between circles are scrutinized, and defects are located

by observing signi�cant surface rises or depressions [14]. Even though the data obtained

from laser scanners often exhibits outliers and missing data [15], the developed estimator

showed little to no in�uence from it [14]. The �nal solution featured a graphical user

interface and detected 53 severe defects out of 64 on 14 logs, representing 90.2% of the

correctly detected defective areas.
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Process control

Timber tracing is a task where boards can be traced back to the origin of a log. This

task can provide sawmills with information that can be used, apart from other bene�ts,

to predict the end-product quality in the early stages of the sawing process and, more

accurately, grade the boards. A multimodal encoder-decoder network method is proposed

in [16]. The author presents a technique to match grayscale board images to laser scans

of logs. Heightmaps from the scans are constructed and translated by the multimodal

encoder-decoder network to an image form. At the same time, an RGB image of a board

can be converted by the identical process to the exact image form representation, and both

outputs are compared. Figure 11 shows a process diagram [16]. The network is trained

using barcode images representing the position of knot clusters obtained from CT scans,

which are required only for the training phase. The trained network can then convert

heightmaps from laser scans and board pictures captured by cameras to image forms,

which are then compared, and the best matching log for the board is found. This method

resulted in 87% precision on the whole dataset.

Figure 11. Diagram showing board-to-log matching. With the input of heightmap of a board and
an image of a board, the task is to match the board to the respective log [16].

Other presented usages of machine learning in process control fall under the topic of

virtual sawing and are presented in the next Section.

2.4 Virtual sawing and sawing optimisation

To maximise their income, sawmills need to convert felled material effectively into good

boards. Raw materials represent major costs in sawmills, so focusing on maximisation

of volume and quality yield is trying to be achieved by many different approaches [17].

These approaches are still being developed, and with the help of machinery and algorith-

misation, they are helping to create high-grade timber.
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Zolotarev, in his thesis [15], states that knots and their positioning contribute most to the

degradation of timber quality. It is impossible to avoid them since whole logs are used

for sawing, but their position can be corrected to appear in a desirable place in the �nal

product. More information about knots and their effect on wood quality can be found in

Chapter 2.2.

Virtual sawing

Virtual sawing is a method used by sawmills that helps to estimate yield by simulating

the sawing process. Virtual sawing is usually done before live sawing to optimise sawing

parameters, which are then used to convert a real log into timber. The parameters which

are mainly optimised are the sawing pattern. An example is presented in Figure 4, and

the angle at which the log is cut. External features of the log, such as diameter and

shape, are commonly used to select the pattern and angle to maximise the yield. However,

using internal features of the logs (mainly knots) to optimise the sawing parameters is

certainly helpful [15]. One of the ways to perform virtual sawing is by using CT scanning

technology. This method is precise but expensive. Another way is to use a laser scanning

device, which can see only the external features but is faster and cheaper. Next, two

algorithms for knot detection and virtual sawing are presented.

Zolotarevet al. in [18] create a method that models internal knot distribution using ex-

ternal log features. As Section 2.2 explains, the information about its position helps to

deliver better products. The method provides an alternative to the slow CT scanning tech-

nique using data obtained from laser scans. A heightmap is acquired, and slight bumps are

detected on the surface, corresponding to the knot position inside the log. The heightmap

is convolved with the Laplacian of Gaussian �lter to �nd a two-dimensional map with

approximate knot locations. A few maps are collected over a long period of time and then

expanded to the third dimension to form the �nal 3D result. Figure 12 shows a scheme of

the modelling method [18]. This method provides a less accurate but faster alternative to

the regular CT scanner technique, which can detect the knots more precisely.

This solution is further developed in [19], where a Generative Adversarial Network (GAN)

is trained to output photorealistic board images. In this task, the essential part is correctly

mapping knot positions from the log to the �nal board. The training was done on a dataset

of 100 logs, which were sawn beforehand, and the �nal products were captured and used

as ground truth. The study assessed the ability of GANs to generate photorealistic images

from log heightmaps and knot maps, and its design is represented in Figure 13 [19]. The
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Figure 12. A scheme of the method for modelling internal knot distribution [18].

realistically looking images of virtual boards were achieved, and the knot positions could

be predicted – knot maps as input provided better results than heightmaps.

Figure 13. A design of the method for generating realistic images of boards from knot maps.
The input for the method is a knot map (virtual board) or a projected heightmap obtained by the
method for modelling internal knot distribution [19].

Software solutions for virtual sawing

Many research studies focus on sawing optimisation and virtual sawing, utilizing the ex-

isting solutions in virtual sawing programs. Most of these are commercial, and it is un-

known how their methods work in detail. WoodCIM® is a software of the Wood Technol-

ogy group at the Technical Research Centre of Finland, the development of which started

in 1970. It was developed for the purpose of increasing the value yield and pro�tability

of wood and is able to optimise processes and perform simulations to estimate the value

yield. Figure 14 shows how the software visualizes logs and knots [20].

The same research group in 2007 created a tool called InnoSIM with similar log maps as
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Figure 14. A reconstruction of a log with knots in WoodCIM® software [20].

shown in Figure 14, but the software is also able to perform pseudo colourization of logs,

sawing patterns and boards (see Figure 15 [21]). The boards can be automatically graded,

and their volume calculated [21,22].

Figure 15. Features and capabilities of the InnoSIM virtual sawing software [21].

SIMSAW is another tool used for virtual sawing published by the National Timber Re-

search Institute in South Africa in 1978 [23]. This software was used to try different

sawing patterns and see the effect on results but had a limited number of sawing pat-

terns [24]. SEESAW is a software from 1987 that can perform sawing, edging, grading

and resawing [25]. In 1990, the same group from New Zealand developed a tool named

AUTOSAW for both automatic and interactive sawing simulations [24]. SIMQUA [26]

is a French software from 1990 that can perform virtual sawing and produce a detailed
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visual analysis of wood quality [24]. A virtual sawing method called RAYSAW utilising

a ray-tracing approach has been published more recently in 2012 [27]. The virtual boards

can be viewed graphically, as seen in Figure 16 [27], and graded according to rules used

in North America.

Figure 16. The output from the RAYSAW program and a real sawn board in comparison [27].

Sawing optimisation

Next, research results from �ve papers that focus on cutting optimisation are presented.

Some of the studies use positions of a log while sawing calledhorns-up/horns-down.

Horns-up positioning places the log where the curvature of the log faces up as opposed to

horns-down position where the curvature of the log faces down to the conveyor belt. The

difference is visualized in Figure 17.

Research by Changet al. [28] based on 29 logs of �ve species and three grades from north-

eastern Indiana were scanned with a GE HiSpeed CT/I medical X-ray scanner. Then, the

researchers proceeded to cut the logs in the sawmill in almost all cases with grade sawing.

Next, virtual logs were created from the captured images from the CT scanner. These vir-

tual logs have been sawn with the TOPSAW sawing optimisation software to determine

the maximum lumber value possible and directly compare it with the value obtained from

the live sawing method. The logs were sawn to the same type of lumber in both cases.

The research resulted in TOPSAW sawing optimisation software outperforming live saw-

ing with an overall potential value gain of 46% when all the species and grades were
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