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ABSTRACT 
 
This work comprises strength grading for structural timber according to European 
standards and prediction of grade-determining properties by various technologies and in 
various stages of the sawmilling process. The detection technologies applied on logs were 
outer shape scanning, laser scattering, x-ray scanning and resonance analysis. For boards, 
microwaves, laser scattering, x-ray scanning, resonance analysis and visual scanning 
applied. Tracing of log rotation angle has been done to enable reconstruction of boards 
based on the log-scanning results. Modelling of strength, modulus of elasticity and density 
has been done using partial least squares. A method for deriving settings for structural 
grades based on several modelled properties has been proposed: the smallest increment 
algorithm. Classification to structural grades has been made by this algorithm and by 
classification trees, all validated according to the method stipulated in the standard. Visual 
override was studied by grading strictly on deformation criteria. Profitability of a grading 
process has been studied, based on relative net mill prices and production costs for 
structural timber and alternate grades from 2007. The quality of the grades has been briefly 
studied by analysis of the lower tail of some strength distributions.  
 
The result shows that all grade-determining properties must be estimated to achieve high 
raw material utilization and quality. The means for such estimation is not important, but 
the quality of the variables derived, based on the technology, is critical to the result. It was 
shown that tracheid-effect scanning by laser scattering gave variables valuable for strength 
prediction and that microwave signals in a very basic form provided more information 
than density alone. Log scanning by x-ray and resonance analysis enabled machine strength 
grading to the strength grade C40 already at the timber yard. It was indicated that the log-
graded material below the 5th percentile was weaker than the board-graded material of the 
same grade. The result from pregrading by log grading showed itself in improved 
profitability for certain grade combinations and market conditions. As expected, the 
financial result is strongly dependent on the structural timber and alternate grade properties 
and price, grading accuracy and properties of the species. Different equipment can classify 
a specimen differently, although the final properties of the final grade fulfil the 
requirements for both machines. For this reason, it is important to select the stronger 
material in pregrading. Doing the opposite will alter the distribution to the unsafe side. 
The conclusion is that an integrated strength-grading process gives flexibility and enables 
the producer to meet well-defined customer specifications for structural wood products. 
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SAMMANFATTNING 
 
Detta arbete omfattar sortering av konstruktionsvirke enligt Europeisk standard och 
uppskattning av klassificeringsgrundande egenskaper med hjälp av olika tekniker i olika 
steg av sågverksprocessen. De mättekniker som använts på stockar är skanning av yttre 
form, röntgenskanning, trakeideffektskanning och resonansanalys. På plankor användes 
mikrovågsskanning, trakeideffektskanning, röntgenskanning, resonansanalys och 
utseendeskanning. Stockens rotationsvinkel vid skanning och sågning har registrerats för att 
en rekonstruktion av plankorna baserat på information från skannrarna skulle kunna ske. 
Hållfasthet, E-modul och densitet har modellerats med partiella minsta kvadratmetoden. 
En metod för att ta fram inställningsvärden för maskinell sortering av konstruktionsvirke 
med hjälp av flera klassindikatorer föreslås: minsta inkrementmetoden. Klassificering har 
gjorts med denna och med klassificeringsträd, i samtliga fall kontrollerade genom den 
metod som är fastställd i standarden EN14081. Effekten av den visuella 
kompletteringssorteringen studerades enbart baserat på kraven för deformationer. 
Lönsamheten för en sorteringsprocess har studerats baserat på 2007 års nettopris vid 
sågverk samt produktionskostnader för konstruktionsvirke och alternativa produkter för 
samma år. En översiktlig studie av kvaliteten hos konstruktionsvirkesklasserna har skett 
genom analys av materialet i den lägre 5 % -fraktilen för några fördelningar.  
 
Resultatet visar att alla klassbestämmande parametrar måste uppskattas för att en hög 
kvalitet och högt råvaruutnyttjande skall erhållas. Med vilken teknik en sådan uppskattning 
görs är inte viktigt, men kvaliteten hos variablerna som baseras på mätningarna är kritisk 
för att nå ett gott resultat. Arbetet visade att trakeideffektskanning gav information som var 
värdefull för hållfasthetsuppskattning och att enkla variabler baserade på mikrovågssignaler 
ger mer information än enbart den som fås ur densiteten. Timmersortering baserat på 
röntgen och resonansanalys möjliggjorde sortering av konstruktionsvirkesklassen C40 
redan på timmerplan. För timmersortering indikerades att plankorna i den lägre 5 % -
fraktilen var svagare än motsvarande material och klass sorterat som plankor. Försortering 
av timmer var ekonomiskt gynnsamt under vissa marknadsbetingelser och för vissa 
klasskombinationer. Som förväntat berodde det ekonomiska resultatet starkt på 
prissättningen av konstruktionsvirke och alternativa produkter, sorteringsnoggrannheten 
och träslagets egenskaper. Olika utrustningar kan ge sorteringsresultat som uppfyller 
kraven, trots att de olika utrustningarna klassificerar en enskild planka olika. Av denna 
anledning är det viktigt att vid styrke-försortering välja ut det material som bedömts som 
starkare, eftersom det motsatta kommer leda till att hållfasthetsdistributionen förskjuts mot 
det osäkra hållet. Slutsatsen är att en integrerad hållfasthetssorteringsprocess ger flexibilitet 
och möjliggör för producenten att möta väldefinierade kundkrav för träprodukter ämnade 
för konstruktioner. 
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1. INTRODUCTION  

Overview of integrated strength grading 
The term "Integrated strength grading" implies an integrated process, rather than a single 
element in a production process. It can also imply integration in both directions of the 
forest-end user value chain, enhancing profitability not just for the sawmilling and further 
processing, but rather an optimization of the whole chain. Thus, the whole concept of an 
integrated strength-grading process is much broader than strength grading in general. For 
that reason, a brief overview of the concept is given in the introduction, although the 
subject is larger than the scope of the present work. 
 
Machine strength grading relies on measurement techniques and statistics. Grading 
machines cannot measure the actual strength of any sawn timber, since that would require 
that each board should first be broken. The measurement techniques estimate wood 
properties related to strength or other required mechanical properties with some 
uncertainty. Statistics are needed due to the uncertainty.  
 
Development of strength-grading processes includes work in several dimensions:  

• Processing of signals from measurement equipment.  
• Development of variables that relate to the properties of the investigated wood 

specimen. 
• Modelling by using the variables to describe the strength properties of the 

specimen 
• Development of settings based on the derived models. 
• When the settings are applied, the mechanical properties of a sample shall meet the 

requirements.  
• There is additional control that has to be done on the material before it can receive 

its labelled grade.  
• The production of structural timber must be profitable. 
• Finally, the profitability of the whole sawmill must be considered, not just the 

strength-graded products. 
 
Standards may provide both incentive and hindrance for development. A standard 
demanding high predictive ability of the equipment for a reasonable economy of grading 
can force machine builders to improve. If the standard regulates too much, based on the 
present knowledge, it will not leave openings for new development. 
 
Sales of timber for construction purposes depend on relevant requirements in the product 
standard. If the standardized requirements for some properties are too high in relation to 
the consumer need, the yield in those products will be low, thus making the price high. 
This will reduce demand, as the product can be changed to bigger dimensions in lower-
specified products or even competing materials. Added to that, there is the need for more 
expensive machines for enabling grading to higher grades. 
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Machine strength grading as business depends greatly on customer needs (or building 
codes and trends), machine development, product and production standards, wood 
properties that are the result of silviculture and harvesting and, finally, the process quality 
at the sawmill. Not all of these aspects have been covered in the present work. However, 
compared to present practice, the process has been extended to include selection of proper 
raw material in log grading. Log grading is the first decision-making point for the steering 
of raw material within the boundaries of the sawmill.  
 
Would it be possible for sawmills to prepare to meet higher customer expectations on 
structural products with maintained or improved profitability by applying an integrated 
strength-grading process? 

What is a "strength grade"? 

European structural timber 

The standardized European structural timber system is defined in the product standard 
EN338, and the products are called C grades (or classes). The present work is limited to 
the European standard. Structural timber grades are more than grades with the strength 
defined. There are three equally important requirements on grade-determining properties 
(GDP) for the construction grades: bending strength, modulus of elasticity in bending and 
density. Modulus of elasticity, or stiffness, is defined according the board’s resistance to a 
load, and strength is defined according the load at which the board breaks. Density is 
measured as the weight divided by the volume of a knot-free test piece taken from the 
board. 
 
Strength is, for example, a limiting factor in roof trusses. Modulus of elasticity is often the 
most important property. As an intuitive example, it can be understood that stiffness is 
important in floors. Density governs the strength of connections, nail and screw holding 
strength (EN1995-1-1:2004). The grade-determining properties are considered by the 
grading machine through estimations of one or several of the properties and the settings 
for grades based on the estimations. There are also requirements on shape, rot, fissures and 
damage. The latter are normally detected in the so-called visual override. More definitions 
on structural timber grades are given later in the text. 

Wood anatomical features influencing strength 

Wood is a composite structure with properties on different anatomical levels. Some of 
these are due to characteristics of the species in question; others are due to growth 
conditions on different levels, while yet others depend on silviculture practice. Finally, the 
properties of a sawn board also depend highly on the processing between tree and 
deliverable product. The following description is a simplification, aimed only at providing 
the basic concepts of wood anatomy and its relation to strength (most from Dinwoodie 
(2000)).  
 
On the chemical level, softwood tissue consists of cellulose (42%), hemicellulose (27%), 
lignin (28%) and extractives (3%). Extractives are mainly resin, nutrients and protection for 
the tree and will not be considered further here. Cellulose can be regarded as the brick in 
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wood structure, while the cement is hemicelluloses and lignin. Cellulose forms long chains 
of molecules, building up large, crystalline structures. Hemicelluloses form small, 
semicrystalline molecules that, together with lignin, bind the cellulose to larger structures. 
Lignin forms large, amorphous molecules. The high stiffness in wood is mainly accounted 
for by lignin and hemicelluloses, especially in dry condition. 
 
Considering structural end use of softwoods, the most important feature of wood at the 
micro level is the tracheid. This is a wood cell mainly responsible for water transport and 
strength in the living tree. Tracheids are mainly axially directed in the stem. There are 
other functions in the tree in which tracheids participate as well, but these are less 
interesting from a structural viewpoint. 
 
The tracheid is between 2 and 4 mm long and has a slenderness ratio (length:diameter) of 
about 1:100. Its cross section is roughly rectangular, with a cavity and a cell wall. The cell 
wall consists of several layers, with the dominating S2 layer most interesting from a 
structural viewpoint, since it constitutes 85% of the cell wall thickness, thus comprising the 
majority of wood tissue.  
 
The S2 layer consists mainly of cellulose microfibrils, slightly inclined along the axis of the 
tracheid, and lignin deposits from formation of the cell wall. The microfibril angle varies 
with depth and along the axis of the tracheid. For spruce, the angle is normally in the 
interval 10°-30° versus the tracheid axis. The wood tissue closest to the pith, the juvenile 
wood, has a higher microfibril angle, resulting in lower stiffness.  
 
Cell wall thickness in tracheids varies as they are formed over a season. The earlywood 
formation is fast, and the tree needs to transport water to the growing branches, causing 
thin cell walls to be formed (~2μm). The latewood has the function of supporting the tree, 
thus these tracheids are slightly longer, and the cell wall is thicker (<10μm). The 
seasonally repeated process of wood growth causes annual rings to be formed. 
 
Compression wood is formed to straighten the tree if it deviates from vertical growth. The 
cross section of compression wood tracheids is rounder than normal tracheids. It has 
higher lignin content and steeper microfibril angle. Compression wood is more brittle 
than regular wood, although the compression strength is higher.  
 
Clear wood is the wood without knots or other deviations. It can be characterized by 
annual rings and spiral grain. Spiral grain is the angle of tracheids, which are inclined in a 
helix pattern along the stem (Säll 2002). For example, the spiral grain of spruce in Sweden 
is inclined 3  to the left close to the pith and shifts on average to the right for each year. In 
Sweden, it has been found that at 80 years’ age, it is parallel to the stem. Some few trees 
differ significantly from this pattern, where the grain maintains an increasingly leftwards 
inclination. Boards sawn from such trees are more prone to distortion during drying 
(Nyström 2002). 
 
In a cross section of an older stem, different types of wood tissue can be found: juvenile 
wood closest to the pith, heartwood, which does not participate in water transport in the 
living tree, and sapwood, where the water transport takes place. Juvenile wood serves a 
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purpose to protect the young part of the conifer tree from breakage due to external stress 
while it is thin and has low resistance. After about 10–20 years, the tissue has reached the 
state that is called mature wood. The mature wood is the most desirable from a structural 
viewpoint. A lower microfibril angle and, normally, a lower spiral grain angle compared to 
juvenile wood make mature wood stiffer and stronger with less moisture movement.  
 
Strength is highly dependent on the macroscopic structure of wood and how a wood 
member is stressed. The effect on strength of the angle between grain and an applied stress 
can be approximated according to the Hankinson formula (Figure 1). Wood is very strong 
parallel to grain, but the strength is considerably reduced perpendicular to grain. The 
consequence is that all features of a wood specimen are serious if they cause deviations of 
grain angle from the axial. 
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Figure 1. A graph of the Hankinson formula, which describes the effect on strength depending 
on angle between the stress and the grain. Here applied on characteristic properties for the 
European structural grade C40. 

The properties of clear wood vary both axially (along the stem) and radially (across the 
cross section). Density varies with growth conditions, depending on nutrients, stand 
density and climate. Deviation from clear wood is normally referred to as defects. 
Compression wood is clear wood, but is regarded as a defect.  
 
Knots, the remains of branches, can be sound or dead. Sound knots are knots that were 
still growing and involved in water and nutrient transport in the living tree. Dead knots, 
sometimes called loose knots, are simply dead branches that remain in the stem, 
encapsulated by living wood tissue. In a stem, a dead knot in the outer part of the tree is 
naturally sound closer to the pith. As the fibres are formed around the dead knot, and 
further along the stem, the dead knot influences strength less than a sound knot, where 
fibre direction goes from the stem into the branch and causes tension perpendicular to 
grain (Foley 2003). 
 
Other deviations from the axial fibre structure are, for example, due to top breakage, 
where grazing animals have fed on the top of the young tree, or snow and wind have 
broken the top. This causes the nearest branch to take the lead in the tree formation, with 
consequent high surrounding slope of grain, accompanied by formation of compression 
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wood. Thus, two strength-reducing features are found in the same defect, which causes 
top breakage to be one of the most serious defects. 
 

Measurement technologies 
Generally, any technology can be applied to strength grading, as long as it provides some 
estimation of the grade-determining properties. A brief technology overview follows. 

Measurement of stiffness by bending 

Bending machines were the first machine-grading devices and are still widely used. As a 
specimen is fed through the machine, the board is either bent to a fixed deflection and the 
reactive force on the roller measured, or it is exposed to a fixed force and the deflection 
measured. Depending on the equipment, many measurements are given for each board 
along its length. From the measurements, various descriptive statistical measures can be 
derived, such as average, variation and lowest value, all telling something of the properties. 
The relation between stiffness and strength is utilized to give the final grade to the board 
(Boström 1994).  
 
Due to deformation (i.e., bow), a board may require a greater force in order to be bent in 
one direction than the other. It is necessary to measure the board stiffness in both 
directions or to compensate for the phenomenon by measuring the deformation. Some 
machine manufacturers have solved this by mounting two bending units in series in the 
same housing. Others have chosen to measure the deformation by various techniques. In 
older machines, the board had to pass twice, one for each face. 
 
The result of the measurement is a stiffness profile of the board from which the average or 
weakest section can be derived and used for grading. The main weaknesses with bending 
type machines are that they do not measure the stiffness of the whole board length and 
that measurement is not contact free. Modern bending machines are very fast and do not 
limit throughput as the older machines did. Bending machines are favoured in some cases 
because a certain proof loading takes place; i.e., the deflection causes the weakest 
specimens to break during grading, thus eliminating the risk that those specimens would 
end up in a construction.  

Measurement of stiffness by acoustic techniques 

An object is brought into vibration by impact, for example, of a hammer, and the 
vibration is recorded with some technique (microphone, laser inference). Acoustic 
measurement methods estimate the dynamic modulus of elasticity (EA-n) which is closely 
related to the static modulus of elasticity. The dynamic modulus of elasticity can be 
calculated based on the resonance frequency (fA-n) in some axial mode (A-n), the density 
(ρ) and the length (L) of a beam. The sound wave velocity (V) or transit time (t) can also 
be used instead of the resonance frequency, with slightly different result (Ohlsson & 
Perstorper 1992; Wang et al. 2007), 

ρρρ ⋅=⋅=⋅⋅⋅= −
−

2
2

2

2
t
LVL

n
fE nA

nA .    [Equation 1] 
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Grading with this method is cheap, and installation is easy for the producer, but when 
used as a single predictor, grading accuracy is not as good as for combined systems 
(Hanhijärvi et al. 2008).  
 
The resonance frequency of a beam depends on the properties of the beam in the regions 
that are vibrating, or in compression-extension movement for axial vibrations. For the first 
mode, mainly the middle part of the board is in movement, thus the elastic properties in 
this region influence the result. The second mode frequency depends more on the outer 
ends of the beam. By using these different values, by statistical calculations or by other 
kind of filtering, grading accuracy can be improved (Larsson et al. 1998). 
 
Ultrasonic measurement is also used for grading on a limited scale (Sandoz 1989). The 
limitation of ultrasonic measurement is that it currently requires coupling, i.e., contact 
with the object being measured, which reduces grading speed and decreases the robustness 
of the system. Compared to resonance frequency measurement, ultrasonic provides the 
possibility of grading different sections of a log, which gives some information about 
weakest section (Han 1996). Consequently, the technique is used for in situ examination 
of structural components (Ross & Pellerin 1994; Tiitta et al. 1998; Ross et al. 2006).  
 
The technology also offers the possibility to examine standing trees for defects and general 
quality, as probes can be used for interesting sections without causing major damage to the 
living tree (Sandoz 1996; Wang et al. 2000; Wang et al. 2007). To be really successful, it is 
likely that a combination of measurement techniques is needed, because such things as, for 
example, spiral grain, length (Han 1996), moisture content and temperature (Sandoz 1996; 
Edlund et al. (personal communication)) influence the result. 

Scanning in the visible spectrum 

Machine visual grading has been widely adopted for quality grading of sawn or planed 
timber. The industrial motivation has been to equalize quality, increase production speed, 
reduce labour cost and reduce the need for training of operators. With grading machines 
replacing human graders, recalibration for customer-specific requirements is also 
facilitated. 
 
Using the visible-light spectrum (imaging) can be done in different ways. The visual 
grading rules (EN1912, INSTA 142 (SIS 1998)) have been adapted to the machines, 
which merely replace the human with a machine in order to reduce cost and increase 
production speed. However, this cannot be regarded as machine strength grading. The 
yield is rather poor due to a low accuracy in the strength prediction, R² 0.22 (Hanhijärvi 
et al. 2005). 
 
Parameters derived from the machines can be used for strength prediction, as knots and 
other defects are recognized. Most visual scanners in use are intended for visual quality 
grading, i.e., for joinery or trading purposes. This means that there is no other estimation 
of the mechanical properties of wood with the exception of knots and grain deviations.  
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Scanning of laser scattering 

Laser scattering uses the so-called tracheid effect to detect grain direction in wood (Soest et 
al. 1993; Nyström 2003). The method has been used in many commercial visual scanners 
past and present, since knot detection is improved by it. The tracheid effect uses the 
principle that, like most crystalline fibres, wood fibres conduct light in the axial direction. 
Incident laser light will be scattered along the grain direction and can easily be read by 
cameras due to the high contrast in laser light. 

X-ray scanning 

X-ray scanning relies on the attenuation of radiation in matter. The attenuation depends 
on the molecular constitution and the density of the material. Since wood is a carbon-
based material, with some share of oxygen, hydrogen and nitrogen, it does not require 
much calibration depending on species and gives a rather accurate measurement of density 
(Lindgren 1991).  
 
With high resolution in the scanner, density variation can be image-processed to give 
variables describing the interior of the timber specimen (Bacher 2008, Grundberg & 
Grönlund 1998). Knots, ring width, abnormal grain deviations and compression wood can 
all be detected as density variations (Figure 2). 
 

 
Figure 2. X-ray images from two different positions in the wood production process: The 
uppermost image is a spruce log, scanned by log x-ray. The four images below it are the 
boards sawn from log, scanned by x-ray in a grading machine. Grades from top to bottom; 
C40, C30, C30 and C40. Both outer boards were consequently graded to C40. 

Dielectric methods 

Dielectric methods refer to methods for measuring the dielectric properties of wood, such 
as EIS (Electric impedance spectroscopy) and microwave scanning. EIS has not been used 
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for strength grading, but has potential in this direction (Tiita 2006). Microwaves have 
been used in commercial strength-grading equipment (Boström 1994). 
 
Microwaves are generally known to produce good estimations of density, anisotropy and 
moisture content, all variables that can be used to estimate mechanical properties (Bucur 
2003). From microwave radiation, various measures can be used: phase, amplitude and 
polarization. The measures respond to several wood properties simultaneously, so each 
effect must be isolated. Temperature and thickness also influence the signal.  
 
A major drawback that can and must be mitigated by some means is the effect of boundary 
conditions. Around the physical border of the material, artefacts are added by the 
transition from wood to air. This is also the most interesting part of the board, considering 
the effect of knots on edgewise bending.  
 
Dielectric properties have also been used for strength-grading purposes, to determine grain 
angle in combination with bending machines (Bechtel et al. 1992; Shen et al. 1994). 
 

Models of grade-determining properties 
The machine measurements give variables that are used for estimating properties of the 
board through a model. The estimate created by the model is called an indicating property 
(IP) and is used for grading. A model is a way to mathematically describe reality, for 
example as in Equation 1. A model must be stable and possess predictive ability, so that 
variations outside what is present in the sample do not affect the indicating property in an 
unforeseeable way. For that reason, it is important to use a representative sample for the 
modelling. The model is preferably transparent, i.e., possible to logically understand and 
scrutinize. 
 
A major concern in all modelling is to prevent overfitting. Overfitting means that the 
models will adopt too closely the patterns in the sample data, without representing the 
patterns in a wider population. The risk for overfitting can be reduced by using 
appropriate validation methods, such as separate training and prediction sets. The first set is 
used only for making the model, and the second only for validation of the model. How 
large a share of the data to use in each data set depends on the particular data. In general, a 
model can be made from few observations if the variation within the data is large enough 
and the observations are representative of the population, while more are needed for 
validation to test the model.  
 
The more parameters influencing grade-determining properties the machine and model 
consider, the better the yield and quality that can be achieved. Otherwise, this uncertainty 
influences settings for the machine and the various structural grades. One example is 
moisture content, which influences the signal in different systems in different ways. 
Density is affected, but also stiffness and the signal as such for several technologies. 
Another example is temperature, which influences the stiffness and dielectric properties of 
wood.  
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Linear models are the most common for indicating properties. Most models predict 
modulus of elasticity in some form, as this is the easiest property to measure, but there is 
also more complex grading based on models of more than one grade-determining 
property. Some work has been done on classification or prediction of wood properties 
using nonlinear models, though not many for strength properties (Rouger 1996). Some 
classification algorithms are less transparent, for example neural networks, which are 
difficult to interpret.  

Measurement accuracy and consequences for the grading result 

The requirement levels cannot be set on minimum property, e.g. strength, as long as there 
exists some uncertainty due to measurements or material. For machine strength grading of 
wood, both the measurement and the material call for the use of statistical measures instead 
of absolute values. This will have an impact on the grading result. A consequence is that 
one timber specimen might be graded to different grades if it is graded more than once by 
the same machine and for the same grade combination. This is an effect of the inaccuracy 
of grading.  
 
It is statistically more correct to express the indicating property of a board as a random 
variable, with some expected value and variation (Figure 3). Assume that the same boards 
would be graded many times, and the indicating property on which grading limits are set 
varies. Depending on how large the variation is (length of the box and tail), there is always 
a probability that the setting will reject or accept the specimen. In fact, a board with a 
lower average measured value might be accepted, while one with a higher average value 
might be rejected, depending on randomness. The relation between the true grade-
determining property and the measured value is also characterized by randomness (Figure 
4). For this reason, it is only allowed to grade a board once. 
 

Indicating property given by grading machine

Setting for grade

A

B

C

D

G
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Accepted to gradeRejected from grade

 
Figure 3. A schematic illustration of grading parameters or measurements (indicating 
properties) as random variables, assuming that each board has been measured many times. 
Boards A and B are more likely to have values below the setting for the grade, while board C 
might have the grade with some certainty. Board D is very unlikely to have a value below the 
setting. 

Consequence for grading result of using different grade combinations 

A timber specimen does not have a predestined strength grade; it depends entirely on the 
characteristics of the grades that are to be employed at the same time. Consequently, the 
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distribution of the grade-determining properties in the same grade, graded with different 
grade combinations, will also vary, with the exception of the required characteristic values.  
 
Figure 4 illustrates the differences between grading to C24 as a single grade and grading to 
a combination of C35 and C24. It can be noted that almost the entire fictive sample fulfils 
the requirement for C24, but in adding a high grade to the combination, the amount of 
rejects increases considerably. The quality of C24 increases, by judging from the strength 
of the few lowest values. Both C24 distributions fulfil the requirement for characteristic 
strength. 
 

 
Figure 4. Schematic comparison of grading the same material with two different grade 
combinations. Grading to C24 alone (1) is compared to the combination C35-C24 (2). The 
settings for the indicating property of the machine are indicated by vertical lines and strength 
requirement levels by the horizontal lines. All observations are indicated with their assigned 
grade and some fictive measurement error. Red indicates 5% of the specimens that are below 
the requirement level in each grade for the C35-C24 grade combination (fictive sample). 
Outside the scatterplot, the frequency of observed values is plotted. 
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Standards 
Europe is diverse in traditions. Timber construction has been practiced for several 
thousands of years in the various regions of Europe, which has influenced the number of 
beam sizes used. Traditionally, a European sawmill has to sell to many different European 
markets, which implies that many different rectangular cross sections must be produced.  
 
The influence on production of the large number of dimensions required is that change of 
dimension happens rather often in the production line, i.e., short series. For this reason, 
the main system for machine strength grading has been the "machine-controlled" system. 
This means that the grading limits on the machine indicating properties for a certain grade 
in a grade combination (produced at the same time) are fixed for several dimensions in a 
range. Machine control requires settings that account for a great variability, as timber 
might be procured over a large area. Consequently, the raw material is not used to its 
maximum at all locations, while in some, the requirements are barely fulfilled.  
 
The machine-controlled system is static, using fixed settings. Contrary to machine control, 
the dynamic method Output control uses continuous sampling and testing to verify that 
the product fulfils the requirements, and settings are adjusted accordingly. Output control 
is the most commonly used method outside Europe, but in Europe, machine control is 
almost the only method used for European products.  
 
The European standard framework for machine strength grading is found in EN14081-1-
4:2005, Strength-graded structural timber with rectangular cross section. The four parts of 
it deal with 1: General requirements; 2: Additional requirements for initial type testing; 3: 
Additional requirements for factory production control; 4: Grading-machine settings for 
machine-controlled systems (with amendments). It refers to various standards for testing 
and statistical correction. The most important for grading are Structural timber – 
Determination of characteristic values of mechanical properties and density (EN384) and 
Strength classes (EN338). Testing of properties is regulated in Timber structures – 
Structural timber and glue-laminated timber – Determination of some physical and 
mechanical properties (EN408). 

Test method and corrections of characteristic values 

Bending strength is found by edgewise, four-point bending of the board (Figure 5). The 
weakest section is placed in the constant-moment region, with the defect randomly 
oriented towards compression or tension side (EN408).  
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Figure 5. Photo and description of bending test setup according EN408. A device for 
measurement of local modulus of elasticity was used, but only the global modulus of elasticity 
was used in analysis.  

 
The characteristic value is adjusted for board widths deviating from the reference value of 
150 mm. An additional correction depends on the actual sample size. This can be seen the 
other way around, so that the strength requirement is reduced when machine grading is 
used, compared to visual grading (factor kv in EN384). 
 
Stiffness measurement follows the same method as bending strength, but the value for each 
specimen is derived using the elastic part of the stress-strain curve (generally between 10% 
and 40% of the force at failure). The characteristic value is corrected for moisture content 
deviating from 12%. The requirement is reduced by a factor 0.95 to account for the fact 
that the weakest section has been tested, since this is rarely the way specimens are stressed 
in a construction. 
 
Density is measured on a small, knot-free sample, cut close to the fracture. The 
characteristic value is corrected for moisture content deviations from 12% MC ( 12,,12). 
 
Bending strength is not a "pure" material property, as it is a mixture of tension strength 
and compression strength (Figure 1). With the intended end use in mind, it is a relevant 
property to test. Bending strength is difficult to model, causing lower yields compared to 
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tension-defined grades, where the test itself provides results that are not a mixture of 
different effects.  

Requirements and levels 

The requirements on grade-determining properties are made in statistical measures. This is 
necessary due to the uncertainty of grading. The measures are 5th-percentile bending 
strength (fm,k) and density ( k) and average stiffness (E0, mean) (Table 1).  
 
The 5th-percentile value is the limit under which 5% of the specimens in a sample are 
found; i.e., 5% of the pieces are allowed to have a lower value than the limit. For strength, 
this is found by counting the actual number of specimens with a lower value (i.e., 
nonparametric distribution). Density is assumed to follow a normal distribution, so the 
characteristic value is calculated based on the average and the standard deviation. The 
characteristic value for modulus of elasticity is the arithmetic mean. 
 

Table 1. Grade-determining properties according EN338, adjusted according EN384 and 
EN338; Characteristic bending strength (fm,k), density ( k) and modulus of elasticity (E0,mean ) 
The kv factor should be applied to the sample, and not the requirement, but the effect is the 
same. The 0.95 factor is used to reduce the stiffness requirement to compensate for testing the 
weakest section of the specimen. 

Structural timber grade Grade-
determining 
property C14 C16 C18 C20 C22 C24 C27 C30 C35 C40 C45 C50
fm,k / kv MPa  12.5 14.3 16.1 17.9 19.6 21.4 24.1 26.8 35 40 45 50 
0.95 E0,mean GPa  6.7 7.6 8.6 9.0 9.5 10.5 10.9 11.4 12.4 13.3 14.3 15.2

k kg/m3 290 310 320 330 340 350 370 380 400 420 440 460 
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Procedure for derivation of settings in machine-controlled systems 
Modelling is free for the machine producer to do in the most suitable way, but derivation 
of settings for grading based on the indicating properties of the models is regulated in the 
standard (EN14081-2). 
 
Settings for the indicating property/-ies determined by the machine are made for each 
grade combination that a producer wants to use. When the settings are used, the produced 
batch shall fulfil both the requirements on grade-determining properties and classification 
accuracy compared to an optimum grade, i.e., grading by the destructive values. This is 
controlled by a cost-matrix method. In the following description, Figure 6 is used as an 
illustration of the process from sampling to accepted settings according EN14081-2. The 
numbers refer to the subprocesses in the figure. 
 
A sample of at least 900 specimens is sampled in a range of dimensions and geographical 
origin. The sample is divided into subsamples, depending on origin. Indicating properties 
are gathered by machine grading (Figure 6-1), and mechanical properties (grade-
determining properties, GDP) are assessed in accredited laboratories (Figure 6-2). 
 
Each specimen is assigned an optimum grade based on the grade-determining properties of 
the sample (Figure 6-3). For each of the grade-determining properties, the following steps 
are repeated:  

1. Sort on the measured value. 
2. Beginning with the highest-ranked specimen, mark as many as possible as 

belonging to the grade until the modified characteristic value is reached. 
3. The grade-determining property that resulted in marking of the fewest specimens 

shall be used for assigning the optimum grade. 
4. Check that the requirements for the other two grade-determining properties are 

met for the selected specimens. 
5. If the requirements are met, assign the optimum grade to them. 

If the requirements are not met, use only the specimens selected during step 3 and start all 
over, but now considering only the remaining grade-determining properties. 
 
Machine settings are made by leaving out one subsample at the time, resulting in as many 
machine settings as subsamples. The requirements on grade-determining properties must 
be fulfilled for each grade on all but the left-out subsample by using the settings (Figure 6-
4). Finally, the average of the settings is used, unless it deviates by more than 15% from the 
most conservative of the single settings achieved. Then this most conservative setting shall 
be used, but reduced by 15% towards the average (Figure 6-5). All specimens are now 
graded using the settings to get an assigned grade. 
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Figure 6. Derivation of settings in the European machine-controlled system. From Paper IV.  

Classification accuracy is controlled by the use of a Global cost matrix, which is made 
using a Size matrix and an Elementary cost matrix (Figure 6-6). The Size matrix is made 
by describing the number of specimens for each optimum (rows) and assigned grade 
(columns) (Table 2). The Elementary cost matrix for all possible optimum/assigned grade 
combinations is given in the standard. From this, the Elementary cost matrix for the actual 
grades can be derived (Table 3).  
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Table 2. Size matrix, describing the number of specimens in each optimum and assigned 
grade, marked as [s] in Figure 6. 

Assigned grade 
Optimum grade C40 C30 C18 Reject
C40 85 40 93 0 
C30 19 25 221 1 
C18 5 6 329 3 
Reject 0 0 0 0 
Sum 109 71 643 4 

 

Table 3. Elementary cost matrix, a matrix with elementary cost values, marked as [e] in Figure 
6. The cost for assigned rejects has been omitted, as they have no influence on the acceptance 
of settings. The elementary cost matrix values are given in the standard for all grade 
combinations. Cost for optimum reject must be calculated based on the grade it is being 
assigned. 

Assigned grade 
Optimum grade C40 C30 C18 
C40 0 0.53 1.59 
C30 1.11 0 1.01 
C18 4.07 2.22 0 
Reject 6.54 4.07 1.11 

 
The Global cost matrix (gij) is calculated by multiplying the number of specimens in one 
cell in the Size matrix (sij) with the corresponding value in the Elementary cost matrix (eij) 
and dividing it with the total number of specimens assigned to that grade, so that  

=

⋅
=

N

j
j

ijij
ij

s

es
g

1

,         [Equation 2] 

where N is the total number of grades used at the same time, i are rows and j are the 
colums in the matrix.  
 
The resulting values in the cells for wrongly upgraded material, or "False positive" (for 
example, the amount of C18 optimum grade classified as C30), in the Global cost matrix 
are not allowed to exceed 0.20. If that is the case, the setting must be increased until the 
classification criteria are met (Table 4). 

Table 4. Cost matrix for the example given in Table 3 & Table 2. M marked as [g] in Figure 6 
and derived according the equation given in Equation 2. 

Assigned grade 
Optimum grade C40 C30 C18 
C40 0 0.30 0.23 
C30 0.193 0 0.35 
C18 0.187 0.188 0 
Reject 0 0 0 



Integrated strength grading 

 17

Visual override 
Many machines do not recognize certain defects that are reason for downgrading 
according to visual rules. For this reason, manual visual override is necessary. In practice, it 
means that a grader performs an extra control of each board, on all four sides, for what 
might have been overlooked by the machine.  
 
The requirements are different for below and above C18. The different requirements are 
with regard to fissures, deformations, wane, rot, insect damages and abnormal defects 
(EN14081-1). Most critical in normal circumstances are the deformation requirements, 
but this is perhaps also the most logical from the end user’s point of view. A comparison 
between the present requirements and those proposed by Johansson et al. (1994) after a 
study of end-user requirements can be seen in Table 5. According to these, only the 
deformation requirements for higher grades are acceptable. Deformation has a considerable 
influence on yield. 

Table 5. Proposed limitations for some deformation values by Johansson et al. (1994) and some 
visual-override requirements according EN14081-1. Three different widths have been used for 
comparison, assuming 45-mm thickness and 2-m length of the product. 

Deformation Bow [mm] Crook [mm] Twist [mm] 
Width [mm] All All 100 125 150 
Johansson et al. (1994) 6 4 5 5 6 
EN14081-1,  C18 20 12 8 10 12 
EN14081-1, > C18 10 8 4 5 6 
 

Grading as a process 
Connected to the grading equipment is a grading process. The present process is robust 
and accounts for changes in earlier process steps and raw-material variation. The cost for 
robustness is increased off-grade, i.e., "push" products that are not asked for by the market 
and thus yield a lower profit, if any. In the case of strength-graded products, the off-grade 
consists of lower grades or rejects. For all sawmill production, the total profit for a certain 
batch of timber determines the profitability of the business, not single products.  
 
To reduce the amount of off-grade, improved processes must be developed. When doing 
so, it is essential to se to the robustness of the processes. Forest industries act in a very 
harsh industrial environment, highly affected by weather conditions. This must not affect 
the reliability of the grading result. 

Present process 

Figure 7 gives an overview of the current process. Traditionally, the producer receives 
logs cut to length based on some price list. The logs are sawn based on price lists where 
the top diameter and length are decisive for maximizing the volume and value yield for a 
specific rectangular section and log diameter. Drying and planing are customized for the 
end product. Strength grading is done just before or after planing and, finally, the visual 
override, before packaging. In the final step of the production process, there are limited 
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opportunities to change the intended end use of the material. ("What you saw is what you 
get!") 
 

 
Figure 7. Traditional production process for machine strength-graded products. Strength 
grading fits mainly in "Further processing" in the current layout (image courtesy of Stora Enso 
Timber). 

Improvements of presawmill process 

The first decisions, which influence the final batch profitability, are, for instance, made 
when selecting species, possibly entailing genetic engineering or selection of clone material 
and site. For fast growing species, often in the form of plantations with shorter rotation 
time, the end use is often considered at this stage (Jayawickrama & Carson 2000; 
Lindström et al. 2006). Strength properties have been used as one criterion for clone 
selection. Density was used as a means for selecting the right clones, but this strategy has 
been questioned, as density is not always a good indicator of strength, even for plantation 
species (Tsehaye et al. 2000). A better method for increased development speed, quality 
assessment of modulus of elasticity on standing trees, has been proposed (Lindström et al. 
2002). 
 
The second decision is made when the planting and cultivation scheme is made. As this 
was made based on assumptions so far back in time for most European species, it is 
questionable whether this step should be controlled with the target to achieve material for 
strength properties. For shorter rotation, the situation is different, and it should be 
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considered, as it is well known that mechanical properties are affected by spacing and 
thinning strategies (Figure 8) (Mäkinen & Hein 2006; Lindström 1997; Kliger et al. 1995; 
Persson 1976).  
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Figure 8. Diameter of the thickest branch versus whorl number, counted from the top of the 
tree downwards, for three different stand densities of spruce (from Mäkinen & Hein 2006). 

 
The most realistic start of quality management aiming for strength, for slow growing 
plantations, comes with silviculture measures at thinning and at the end of rotation and 
final cutting. At thinning time, acoustic techniques can be applied to select the best stems 
to leave for final cutting (Huang et al. 2003). Good agreement between time-of-flight 
measurements on standing trees and resonance measurement of logs has been shown, 
although with dependences on bark and branches (Lasserre et al. 2006). 
 
Final thinning can influence the strength of the boards, depending on the growth rate 
allowed before and after thinning. A high growth rate the last years before harvesting will 
allow more of the wood grown before the thinning action to be used. Assuming that the 
trees grow slower before thinning, many annual rings with mature wood (high stiffness 
and density) will be formed. If sufficient cultivation time is left after thinning, this high-
quality wood can be used in the boards. Otherwise, most of that material will be chipped 
and used for paper or fuel production. The final cutting is finally the step when the right 
decisions have to be made. A lot can be accomplished by basic understanding of trees’ 
growth and the effect of different features on strength, naturally combined with the 
requirements on length and diameter of the logs (Figure 9).  
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Figure 9. Observed and predicted values from modelled mean and maximum knot diameter in 
Norway spruce stems. The lines h1 and h2 relate to different regression models. (From Moberg 
2001.) 

 
One of the basic customer requirements is length. If the length requirement cannot be 
fulfilled, the strength does not matter at all, unless length management is achieved by 
joining techniques. But length influences strength. For spruce grown in closed stands, the 
butt log is generally of good quality, but higher up in the stem, the logs might be of very 
low quality. Thus, the length must be steered by considering knot size in the final log. 
Selection of where to cut the stem into logs can be facilitated by the use of advanced 
grading techniques at harvesting (Huang et al. 2003). At this stage, traceability might be 
needed for precise steering of the log to the right end product, possibly also for reducing 
the need for information gathering in later stages of production.  
 
If selection of proper raw material for strength cannot be done in connection with 
harvesting, it can be done at the sawmill. Some companies use long log length or full stem 
length to the mill. This enables crosscutting of logs at the log-grading station where 
scanning for the desired properties can be done in a controlled manner (Nordmark 2005).  

Evaluation of improved grading 
The two key performance indicators for a grading process are the economical effect for 
the producer and the quality of the produced material as customer value.  

Economical effect for the producer 

The value of a product for the sawmill is traditionally evaluated by the yield in different 
grades, as this is the basis for financial return. When producing only one product category, 
this is essentially correct, but as soon as material is steered to different product categories 
by pregrading, the total value must be considered, otherwise the comparison will be 
skewed.  
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Sawmill finances are difficult to grasp clearly. Each decision along the conversion chain 
from a tree (seed) to the end product influences profitability. Suboptimization is a natural 
consequence, as responsibility is divided into different sections of the chain and there is a 
lack of feedback in the system (Figure 10). There are some functions responsible for 
optimizing over larger spans of the process, production planning being one of those. 
Better optimization could be achieved by traceability and information feedback, which 
would enable evaluation and continuous improvement of decisions. 
 

Forest industry conversion chain

Forestry Logistics Fibre products Wood products

Wood procurement Production Sales Development

Planning Log grading Sawing Further processingDrying

Customer

 
Figure 10. Schematic description of the forest industry conversion chain at different resolution 
levels.  

Quality of the graded material 

As long as the criteria for a grade are fulfilled, the quality is appropriate. However, there 
are differences that could be referred to as quality differences. This variation is found in 
the lower tail of the strength distribution. The 5th-percentile value must be fulfilled by the 
grading, but there is nothing regulating the variation below it. In other words, how weak 
those 5% of too weak specimens are. As an example, compare the distributions in Figure 
4.  
 
This is normally described by the coefficient of variation (COV) for a lognormal 
distribution fitted to the lower tail of the cumulative strength distribution. The coefficient 
of variation is the standard deviation divided by the average. The COV of both resistance 
(strength) and action (load) influence the probability of failure, thus the calibration of 
safety factors. Structural timber is assumed to follow a lognormal distribution with 
COV = 0.25 (Anon. 2006). 
 
To reduce confusion for the structural designer, who has to know many materials, the 
number of different timber grades is kept to a minimum. For that reason, visual strength 
grading and machine strength grading are considered equal. If visual grading rules are 
followed strictly, the characteristic value is higher than for machine-graded material, and 
the yield is lower (Ranta-Maunus et al. 2001). In practice, visual grading results vary with 
the grader. So far, no reduction of COV by machine grading compared to visual grading 
has been shown for the grades where both methods are allowed. 
 
Machine grading benefits from the reduced requirement on bending strength by the kv 
(=1.12) factor (EN384). The kv factor is applied to grades where visual grading is allowed 
(with reservation for recent changes where C35 has been accepted for visual grading in 
certain species). One consequence of this policy, and the accuracy in derivation of settings, 
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is that the material with grades below C35 does not fulfil the labelled strength of the 
grade.  
 
This factor apparently benefits producers with machine-grading equipment (with higher 
yields) and stimulates sawmills practicing visual grading to change. The small sawmills that 
cannot afford expensive equipment are still able to produce the visual grades, but with a 
reduction in yield. For a grading process to be competitive in the long term, 
improvements must be made to satisfy both the financial interests and the quality 
improvements. Ultimately, they go hand in hand, as improved quality will lead to a more 
competitive material and thus better financial return from the process. 
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2. OBJECTIVES AND LIMITATIONS 

Objectives 
The main hypothesis in this research project was that efficiency and profitability of 
structural timber production could improve through an integrated strength-grading 
process in which all material is graded according to strength, but only the profit-generating 
material is used for the product. This could be achieved with existing or soon-to-be-
implemented technology. 
 
The objectives of the papers are: 

I. Explore microwave-scanning technology for strength grading and compare it with 
other technology. 

II. Add to the existing knowledge base about strength grading on logs using x-ray 
scanning by investigating whether or not tracing the actual volume in a log that will 
later constitute the board contributes to better explanation of board strength. 
Compare models based on four scanning directions with two scanning directions and 
determine the value of additional directions. 

III. Determine the possibility and limitations of using spiral-grain-angle measurement on 
logs and dry boards for strength grading. In addition, determine if and how it can 
contribute to a strength-grading process by studying if it complements other 
implemented measurement technologies. 

IV. Suggest how various classification algorithms can be applied to the present standard 
for strength-graded structural timber and study the impact on quality and economy 
of using a classification tree instead of the present method. 

V. Study various integrated grading processes by combining grading equipment and 
study how they influence sawmill economy and structural timber quality. 

Limitations 
The research has been limited to grading in sawmill operations, existing measurement 
technology and simplified profitability estimations. The European standard was used as a 
framework for the whole project (EN338, 14081:1-4, 408, 384), and only the machine-
controlled system was considered. Bending was the only reference method studied.  
 
Most studies were done on Norway spruce (Picea abies (L.) Karst.). Only one study 
included Scots pine data (Pinus sylvestris). In the Nordic countries, spruce is the most 
common species in use for construction purposes at present. All raw material came from 
the so-called Nordic growth area, in this case Sweden, Finland, Russia and Estonia. Only 
sawn and planed structural sizes were studied. 
 
The size of the studied samples is large, according to scientific standards, although limited 
compared to the material flow in an industrial environment. The conclusions must be 
considered carefully before decisions are based on them as repeatability of machines, log-
sizes and cutting pattern might influence the final result in an unexpected way. 
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3. MATERIALS AND METHODS 
In order to reach reliable conclusions for industrial processes and equipment for such a 
variable material as wood, large amounts of data acquired under realistic circumstances are 
needed. When the object of study is a process, including measurements both on logs and 
on dry timber in various stages of further processing, traceability is a major concern.  

Wood material and measurement equipment used 
Four wood samples with respective measurements were used (Table 6). In all samples, all 
types of logs have been present: butt, middle and top logs. Sampling was done on logs in 
all but one sample, the Stora Enso Timber sample, where boards were sampled. This was 
the sample with the widest geographical coverage, based on Finnish, Swedish, Estonian 
and Russian material. All other samples were collected in Finland and Russia.  
 
For the pilot sample and Stora Enso Timber sample, sawing and drying were done 
according to best practice at each mill, with progressive or batch kilns. For the 
Combigrade 2 sample, both sawing and drying were done at research facilities in order to 
control the conditions.  

Table 6. Summary of the wood material used in the articles. 

Sample name Species Log size 
(mm) 

N Sawn size span 
(mm) 

N 

    Thickness Width  
Pilot sample Spruce 195–210 120 50 150 234 
Stora Enso Timber sample Spruce 140–240 – 38-50 100–200 1432
Combigrade 2 Spruce 154–398 828 828 
(Hanhijärvi et al. 2008) Pine 152–364 897 

38-63 100–200 
897 

 
Industrial scanning was done with industrial equipment in regular industrial lines intended 
for production (Figure 11 and Figure 12). Some measurements were made with laboratory 
equipment, mainly in Papers I and III (Table 7 and Table 8).  

+180
360 -

 
Figure 11. Images used for tracing the rotational position of the board during scanning and 
sawing for the Pilot sample. The photos were taken of the same log. Note the line used for 
derivation of rotational position and the log identity number. Left: 3-D scanner. Centre: Grain 
scanning and x-ray scanning. Right: Sawing. 
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Table 7. Summary of the equipment used in the articles. 

Equipment Producer and brand name  Short description 
3-D outer shape 
scanner 

Mikropuu Opmes 604 Industrial outer shape scanner, 
laser triangulation (Figure 11). 

Log x-ray scanner Bintec Wood-X Industrial x-ray log scanner, 
four directions (Figure 12). 

Visual scanner Finscan Board Master Industrial color scanner for 
defect and shape recognition, 
transverse flow. 

Strength-grading 
machine 

Microtec Golden Eye 706 
(Bacher 2008) 

Industrial strength-grading 
machine, combining planar x-
ray with resonance analysis. 

Grain scanner SP Trätek Snedfiber On-line  
(Nyström 2003) 

Industrial spiral-grain-angle 
detector, using the tracheid 
effect (Figure 11, centre). 

CT scanner Siemens Somatom AR.T Medical CT scanner. 
Microwave scanner LTU  

(Johansson 2001) 
Laboratory microwave 
equipment, electromagnetic 
transmission. 

Resonance analysis 
tool 

Fibre-Gen HM200 
(Carter et al. 2005) 

A handheld acoustic 
measurement tool.  

 
All industrial scanning was done with control over the orientation of the logs or boards. 
For the pilot sample, the rotational direction of the logs was recorded on each scanning 
occasion and in sawing (Figure 11). The purpose of keeping control over direction is to 
enable later matching of features. 
 

 
Figure 12. Example of a debarked log passing through the log x-ray scanner. 
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Grain scanning on boards was done with the boards turned with the pith away from the 
scanner, with the laser spot cantered on the board, so that the tracheid effect was visible on 
a tangential surface on a plane perpendicular to the laser beam. The scanner gives values 
along the whole length of the specimen. This was repeated twice for the pilot data and 
once for the Stora Enso Timber sample (Table 8). 
 
The visual scanner and strength-grading machines were used in as close to normal 
working conditions as possible, although a gap between the specimens must be permitted 
for saving of data and keeping board identities in order. For the pilot data (Table 8), the 
strength-grading machine was used in different locations for different measurements, i.e., 
the x-ray scanning was done in one place, and the resonance measurement in another. 

Table 8. Summary of the machines used for the various samples and the number of specimens 
with complete data. 

Sample name 
- Subsample 

Paper
no. 

Log (L) and board (B) scanning 
equipment used 

N(* 

Pilot sample II+III 3-D outer shape scanner (L) 
Grain scanner (L) 
Log x-ray scanner (L) 
Grain scanner (B) 
Strength-grading machine (B) 

119 
119 
119 
234 
234 

- Validation material II CT scanner (L-stumps) 20 
- Microwave material I Microwave scanner (B) 87 
Stora Enso Timber sample IV Strength-grading machine (B) 1432 
- Spiral grain material III Grain scanner (B) 559 
Combigrade 2 V Log x-ray scanner (L) 

Visual scanner (B-rough) 
Strength grading machine (B-planed) 

1725 
1725 
1725 

*) More specimens were scanned, but these were the data for which all machines were 
used. 
 
Laboratory measurement consisted of CT scanning. The slice width was set to 5 mm, with 
10-mm distance between scans. Microwave scanning was done by manual longitudinal 
feeding of boards through the scanner. Dummy wood specimens were placed close to the 
scanned specimen in order to reduce the boundary effect. 
 
All boards were destructively tested in bending according to EN408 after scanning in all 
but one case, Paper IV, where the spiral-grain angle was measured on short pieces after the 
destructive testing; hence the reduction in number of specimens (Table 8).  
 
All bending tests were done at accredited laboratories with the exception of the pilot 
sample, which was tested by the author and main author of Paper I (Figure 5), supervised 
by laboratory staff. Correction of the values for size, moisture, etc., was not done in the 
modelling studies (Papers I–III). However, in Papers IV and V, corrections were made, 
since settings were sought for. 
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One deviation from the procedure in EN408 was made for the pilot data. The logs were 
ranked according to the average dynamic modulus of elasticity of the boards (Equation 1), 
and for half of the data, every second board was turned with the largest defect to the 
compressed side and every second board to the tensed side. The purpose was to determine 
the effect of weak-side orientation on bending strength. 
 
Manual measurement of annual-ring width was done for the pilot sample. This was done 
by counting the number of rings in the cross section, from closest to the pith diagonally to 
the farthest corner of the sample. The average ring width was that number divided by the 
same distance.  
 

Modelling, variables and settings derivation 

In order to evaluate the potential of equipment for grading of structural timber, there must 
be a model for the grade-determining properties, or classification rules based on the 
measurements. The model is based on measured or estimated properties of the log or 
board, features that can be used as variables in the model. In all the papers, modeling was 
part of the work. Settings for strength grading according to standard were derived in 
Papers IV and V. 

Development of variables 

Wood properties and strength are linearly related in general. The average knot-area ratio 
of a log or board gives an indication of its suitability in a construction (Figure 13). 
However, deviations occur that will degrade the resulting model. One example of that is 
density. High density generally correlates positively with strength, but compression wood 
has high density and low strength. Compression wood is normally not present in the 
whole log; just like knots and top ruptures, it is a local defect (Figure 14). A local feature 
can be used as a global variable, i.e., presence of top rupture or compression wood, size of 
the biggest knot or butt taper of the log. For increased grading precision, it should be used 
as a local variable. 

A B C D FE

G

 

Figure 13. Illustration of the difference between local and global variables. A, B, C and F 
represent diameter measurement at different positions in the log, giving taper measures. D 
represents the worst whorl/KAR. E represents presence of serious defects (fibre deviations, 
compression wood, etc.). Section G represents local variables (see Figure 14). (Log image 
courtesy of Mikropuu Oy.) 
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GG

 
Figure 14. Schematic illustration of local features, a whorl, ring width and density variation of 
clear wood. From these features, variables can be derived, such as knot volumes, whorl 
volumes, knot angles, knot diameters, grain deviations, ring width variation and density 
variations. (Log image Courtesy of Mikropuu Oy.) 

 
Although important, variable extraction was kept at a minimum during the work. 
However, some feature extraction took place in Papers I, II and V, in Paper I, simply 
because there were no variables from the start, in Paper II, because the equipment 
supplier’s variables were based on the whole log while the intention was to study only 
certain volumes of the log, and in Paper V, for the visual scanner, although the vast 
majority of that work was conducted by experts at the machine supplier. In Paper III, 
Paper IV and most of Paper V, the variables were already given by the machine suppliers. 
 
The work with Paper II had the ultimate purpose of evaluating the possible improvement 
from being able to select how to rotate the log in sawing based on the scanning result. 
The log x-ray scanner supplier supplied data for each scanning direction in the format of 
lists with density and knot measures for every third millimetre of the log. From this 
information, variables were developed for whorls, ring widths and density. The virtual 
boards were reconstructed based on the rotational position in scanning and sawing (Figure 
11). 
 
The same variables were collected from the section where failure was estimated to have 
begun, from the constant-moment region in the bending test, the full span in bending test, 
and finally the whole board and log. Various threshold levels were used in filtering the 
data, and different statistical measures were applied to the variables: average, standard 
deviation, max, min and median. 
 
For Paper I, there was no development of local variables. The microwave variables 
available were averages of phase, amplitude and polarization for each pixel line along the 
board.  
 
For Paper III, the variables were given in advance, as supplied by the grain scanner. The 
variables were originally used in the internal routines of the scanner to measure the spiral 
grain angle at many points along the scanned specimen. The value intended for grading is 
the median of the angle, but the algorithm used information on the area and eccentricity 
of the laser spot. A thorough description is given in Nyström (2003) and repeated in Paper 
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III. Some filtering on the number of measurements was done, since one sample consisted 
of short boards. In Paper III, the outer-shape scanning variables were also used for 
modelling. 
 
One new variable had to be derived in the work with Paper III, although it was not used 
for grading. In order to rule out the possibility that the grain scanner was simply measuring 
the number and size of knots, the centre knot density sum was derived by image 
processing. This was done using x-ray images of the boards, filtering clearwood out and 
summing up the remaining density for a limited section in the middle of the image. 

Modelling and deriving settings 

In Papers I–III and V, PLS (partial least squares) was used, as it has proven successful for 
wood applications (Oja 1999; Nyström & Hagman 1999); it was chosen for all but Paper 
IV. Modelling was done in accordance with common multivariate practice (Eriksson et al. 
1999). When a sufficient number of observations were available, separate training and 
prediction data sets were used. 
 
The settings derivation procedure in the standard (e.g.. validation method) is designed for 
the output of a model giving one continuous IP for each board. The intention in Paper IV 
was partly to evaluate whether a classification algorithm could provide better grading 
results than linear models could. The standard itself is based on classification techniques 
(Rouger 1996). The selection of cost sensitive classification trees was due to the widely 
accepted algorithms behind it (C4.5) (Quinlan 1993) and the possibility to influence the 
trees by cost matrixes (Domingos 1999). All modelling in Paper IV was done in Weka 
v3.5.6 (Witten & Frank 2005). The main concerns during the work with Paper IV, from 
the point of view of standards, were to determine if the trees could give settings good 
enough to fulfil the cost matrix calculation and to determine if a method of averaging the 
output for different subsamples could be found. 
 
An alternate approach was tried in Paper V, where the main objective was to study the 
financial effect of a grading process on sawmill finances. In settings derivation with several 
IP values that are not independent, the result depends on the order in which thresholds are 
applied. If the lowest 10% of values of one IP are selected, the result will not be the same 
as if the same number of specimens were selected from another IP (Figure 15).  
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Figure 15. Illustration of a single threshold applied to the lowest 10% of values of one IP and 
the consequence on other grade-determining properties. The same observations are coloured 
red. Simulated data. 

As the data to be handled have at least four dimensions (3 x GDP + N x IP), an algorithm 
is needed to facilitate settings derivation and reduce the influence of the order in which 
the data are filtered. A method was proposed in Paper V intended to facilitate settings 
derivation, the Smallest Increment Algorithm (SIA). In short, SIA finds the IP value that 
gives the smallest reduction of the data, regardless of IP and GDP, until an accepted setting 
is found (Figure 16). The settings are validated by the method stipulated in the standard 
(Figure 6).  
 

Target: Check if the sample graded by the above found settings fulfills the GDP criteria, 
if not, repeat until it does.
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Figure 16. The Smallest Increment Algorithm applied in Paper V. The subsample data are fed 
into the routine, and the data are reduced as little as possible by using the IPs at hand until 
accepted settings are found. If those do not fulfil the cost matrix calculation, the routine 
continues until the cost matrix is fulfilled. 
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Visual override and Nordic timber grading 
Visual override and grading according Nordic timber qualities (Anon. 1997) were studied 
in a limited way in Paper V by applying deformation criteria from EN14081-1 to data 
from a visual scanner on rough-sawn timber (Table 5).  
 
The same data were used for simulation of visual grading to Nordic timber. Industrial 
factory settings were used for those dimensions where such existed; for the other 
dimensions, similar settings were developed. These settings were not validated in industrial 
use, but were assumed to give the desired result. For the Nordic timber grades, virtual 
trimming was allowed in order to improve quality. 

Evaluation of improved grading 
In Papers I–III, the degree of explanation, mainly for bending strength models, was used as 
a criterion for comparison. A yield and value comparison was applied in Paper IV. Since 
the same material was used and grading to the same grades was done, but with different 
methods, the comparison could have been done on yield only. In Paper V, material was 
steered to two different product categories; thus, the total value had to be compared. In 
this case various processes were applied (Table 9). This also implied different production 
costs, which were deducted from the value of the products.  
 

Table 9. The different grading processes studied in Paper V. 

Case Process step 
 1 

Setting type  
for step 1 

Process step 
2 

Setting type  
for step 2 

A Log grading Machine control - - 
B Dry grading Machine control - - 
C Machine grading Machine control - - 
D Log grading Pregrading Machine grading Machine control
E Dry grading Pregrading Machine grading Machine control
F Log grading Pregrading Dry grading Machine control
G Log grading Pregrading Dry + machine grading Machine control

 

Quality evaluation 

In Paper IV, the final quality was assessed according to the required grade-determining 
properties and by the variation of them between different subsamples (consistency of 
grading). In Paper V, this was slightly expanded to include the coefficient of variation for 
the whole distribution, although it is not the common distribution to compare. The 
intention was to give an indication of lower-tail variation. The predicted 5th-percentile 
value, based on the fit, was compared with the nonparametric value. 

Financial evaluation 

For consistency, all financial evaluation was based on production cost and net mill prices 
from the same year, 2007. Production cost and prices were acquired from Nordic 
sawmills. To make the evaluation more general, the prices and costs were made relative, 
with C30 as the reference (Table 10). No consideration was made of the largest 
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influencing cost, raw material. With fixed dimensions of the material, no studies could be 
made of changes in log diameter, cutting pattern, sawing yield in other dimensions, etc. 

Table 10. Relative prices used in Paper IV (only C grades and no weighting) and in Paper V. 
The prices are based on average net mill prices in Finland during 2007. Nordic timber grades 
are added as alternate quality for the rejects from log grading. 

C grades 
Relative  
price/m3 

Demand weighted relative 
price/m3 

C40 108 108 
C30 100 100 
C18 83 0 
REJECT 37 0 
Nordic timber 
qualities Spruce Pine Both species 
A 71 79 105 
B 67 75 100 
C 63 71 0 
D 58 67 0 
REJECT 37 37 0 

 
All costs were very simply calculated, the cost for one department divided by the 
production flow through that department counted in cubic metres (Table 11). In Paper V, 
the value (V) for C grades and Nordic timber qualities was calculated by deducting the 
costs (C) from the price (P) and multiply by the volume for the actual grade, 

=+= − qualitytimberNordicgradesCTotal VVV  [Equation 3]  
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The total volume was roughly the same at all pregrading levels (only some virtual 
trimming was done on Nordic timber qualities). 
 

Table 11. Relative costs applied in Paper V. Based on average costs from one sawmill during 
2007, based on cubic metres. 

Production subprocess 
Relative cost/m3 end 

product 
Log sorting, sawing, packaging 7 
Drying 12%A 4 
Drying 18%A 2 
Dry gradingB 5 
PlaningB 7 
Either of A and B marked subprocesses is used in combination. 

 
Based on these prices, the pregrading alternative was studied; i.e., the log grading is not 
certified for strength grading, but used for refining the raw material for the C grading. The 
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yield, value for each grade and the total batch value were studied depending on pregrading 
setting. All pregrading settings were found by SIA. Both log grading and dry grading by 
the visual scanner were done. 
 
When pregrading was done with the visual scanner, the value was reduced by the extra 
cost of both dry grading and planing. This is under the assumption that the Nordic timber 
grades are produced to the same moisture content. Generally, pregrading in dry conditions 
reduces the number of choices so much that it will fail already at the idea level.  
 
When log grading was used as pregrading method, both the dry grading equipment and 
the grading machine were assumed to be in the planing line, thus compared under equal 
conditions. 
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4. RESULTS AND DISCUSSION 
The results of the work show that log grading is a profitable method for the producer to 
steer the right raw material to the right end use, where structural timber is one such end 
use.  

Wood material and measurement equipment used 

The properties of the samples influence the results. If there is little reject present in the 
samples, it will be difficult to evaluate particular aspects related to reject. However, the 
samples were representative for the single sawmill or combination of sawmills they 
represented, so the problems faced in these studies are the same as what people working 
with standardization meet. 

Models and importance of variables  

The number of models presented in the papers is for modulus of elasticity 20, bending 
strength 16 and density 7. Some common properties are presented here.  
 
These models are static; i.e., they are derived once based on existing data, without 
validation, additional industrial testing or continued modelling. The result from deriving a 
model statically gives only an idea of how an optimized model would work, its ability and 
final formulation.  

Log models and variables 

Log variables made prior to this work were primarily calibrated for other grading purposes 
than strength, and mainly for pine. Thus, the spruce variables might not be representative 
of what the equipment is capable of after a better calibration. However, the models are 
good enough to be used for various industrial purposes, among them, strength grading. 
 
Figure 17 shows some of the models from Paper V as examples. A priori known 
information has been used in the form of the variable Board height. This variable is not so 
important, and the result is contradictory for the models. Continued calibration of the 
models would have revealed if this variable should be used or not. Practical consideration 
might also influence its use. Density at 12% MC is well modelled by using the heartwood 
density and ring width or some other indicator of growth speed, such as whorl distance 
and whether or not it is a butt log.  
 
Modulus of elasticity was modelled using various global variables, the most important 
being acoustic measurements (speed of sound, dynamic modulus of elasticity) and global 
knot variables (Figure 17). Density and ring-width variables were not equally important 
for spruce and pine.  
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Figure 17. Overview of models in Paper V as sum of scaled and centred coefficients for various 
feature categories, constant omitted. Hierarchic models have been recalculated to original 
variables and summed in the categories. A priori known information, such as sawn dimension, 
is included in the model. Variables that do not contribute were excluded. The size of the scaled 
and centered coefficients shows the approximate importance of the category in the model.  

 
Bending strength was the only model benefiting from local, especially knot-related, 
variables (Papers II and V). As no iterative modelling work was performed, only general 
conclusions regarding the value of local variables are possible. An interesting observation 
from Paper V is that acoustic measurement on logs does not add much explanatory ability 
to bending-strength models (Figure 17). 
 
One contradiction, which is easy to explain, is the importance of butt-log detection in the 
models. Log taper is often a significant variable in modelling mechanical properties. It is 
positively correlated to strength and stiffness, although a high taper causes fibres to be 
directed out of plane (the board). An interesting example is given for a model with rather 
poor ability (Figure 18). This model shows how patterns in the data, which are relevant, 
must be interpreted with background knowledge. The given data only contain 
information on log diameter at different intervals, which causes the algorithm to describe 
strength in the boards by these parameters. 
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Figure 18. Scaled and centred coefficients for a PLS strength model based on log diameter data 
only, 95% confidence interval for the coefficients (cvSE). Imagine how the ideal log would 
look. 

The model describes a pattern that top logs are generally weaker than butt logs. It tells us 
to look for logs with relatively large top diameter, and small waist. Normally, it is not 
possible to find the ideal log according to the model, with both wide top and butt ends. 
But interpreted with knowledge of tree growth, the model can be interpreted as such that 
butt logs with large top diameter and low over-all taper are most beneficial from a strength 
point of view and that top logs are the least strong, as the relative diameter at the middle 
of the log is large compared to the top. 
 
As with all wood properties, there are serious deviations from this pattern, depending on 
individual growth conditions. The testing method also adds some bias to the models in 
this case, as in general for butt logs. The greatest fibre deviations occur at the boards’ butt 
ends, but testing of that special region is impossible with the standardized setup, and thus 
serious weaknesses due to grain deviations are not revealed. For example, Norén & 
Persson (1997) found that the upper half of the butt log was stronger than the lower part 
when graded by bending machine, which gives local values along the board. 

Variables in microwave scanning  

Low resolution of the data (8 x 8 mm) and boundary conditions made development of 
local variables difficult in Paper I (Figure 19). Instead, various global variables were 
developed based on the amplitude and phase of transmitted microwave radiation.  
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Figure 19. Comparison between grey-scale surface scan (top) and microwave-signal-generated 
images (amplitude in the middle and phase at the bottom). Note that knots are distinguishable, 
but coarse, and that the physical boundaries of the board cause noise in the wood 
measurement. 

The rough variables showed that there is more explanatory ability in microwave signals 
than x-ray-determined density alone (Table 12). The polarization, which was expected to 
give information on fibre direction, consisted mainly of noise in the acquired data. In 
order to use more advanced variables based on the signal, more development work must 
be done with special attention to the influence of board edges on the signal.  
 

Table 12. Prediction of local modulus of elasticity using microwave response compared to x-
rays in combination with grain-scanner grain angle and manual annual ring width (Paper I). 

Variables in the model Training set 
R² [%] 

Training set 
Q² [%] 

Test set 
R² [%] 

Microwave Amplitude 43 41 55 
Microwave Phase 37 36 51 
X-ray density 29 27 50 
Grain angle 3 -3 - 
Ring width 33 31 55 
Amplitude + Ring width 54 52 65 
Phase + Ring width 50 48 65 
X-ray density + Ring width 46 44 65 
 

Variables based on grain scanning 

Paper I showed that the median grain angle alone, as a global variable, does not explain 
strength or stiffness of spruce. The same result was found in Paper II, on another sample, 
but in addition, the other variables from grain scanning were used for predicting strength. 
Later studies have given contradictory results and shown that spiral grain angle can be used 
for strength-related grading (Lycken et al. 2009).  
 
It was found that by combining the variables from the grain scanner, strength was 
explained by R² 34%. The degree of explanation of variables was studied (Table 13). It 
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was found that the knot-density sum does not influence the measurement as much as 
other properties. This means that there are other properties of wood than knots that are 
measured by the technique and related to strength. The standard deviation of the grain-
angle measurement is most closely related to the centre knot density sum, as the average 
density of the board. However, the centre knot density sum does not explain strength and 
modulus of elasticity. 
 

Table 13. The goodness of fit between various measuerments and wood properties. (The pilot 
data. 'Center knot density sum' refers to the result of image processing of planar x-ray 
scanning images.) Result of Paper III. 

(r sign) r² [%] Em,g fm Average
board 
density 

Ring 
width

Log 
taper

Center knot 
density sum 

Mean eccentricity  54 43 34 -36 -3 -7 
Mean grain angle  20 28 1 -17 5 -1 
Std deviation grain angle -49 -53 -13 43 -6 37 
Mean laser spot area 31 29 5 -39 -18 -13 
Em,g 100 80 67 -59 2 2 
fm 80 100 46 -59 8 -6 
Average board density 67 46 100 -49 7 44 
Ring width  -59 -59 -49 100 -13 -11 

 
One hypothesis, supported in the literature, is that large variation in grain angle acts as an 
indicator of fast-grown wood tissue (Sarén et al. 2005), which is often of lower quality 
than slower grown wood (Norén & Persson 1997). It is interesting to note that the 
correlation between grain angle standard deviation and mechanical properties is good. 
Similarly, knot density sum and ring width correlate relatively well to it. Both the latter 
are indicators of growth speed.  
 
Naturally, a technology giving high spatial resolution information should be used for local 
variables. Since only one line is scanned along the board with the grain scanner, the local 
extremes were not reliable. As the technology is widely implemented in scanners for visual 
properties, it should not require too much development work to use it also for strength 
grading.  
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Derivation of settings 

Grading trees 

Grading trees were successfully adapted to the present standard.  
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Figure 20. One of the derived grading trees. One grading tree per subsample voted, with equal 
weight, for the final classification result, from Paper IV. 

If any classifier voted to reject a specimen, that vote had veto. All other classification 
results were voted with equal weight. 
 
Some attention was paid to how to validate that none of the trees vote too different from 
the others, in a way similar to the standardized averaging of subsample settings. This is a 
concern mainly because the tree-generation process is unstable, causing trees to look very 
different. Thus, the grading result is not obvious at a glance, even though the classification 
method in itself is transparent. Even three variables provide some difficulty of 
interpretation, as for the tree in Figure 20, which is visualized in Figure 21 through its 
classification result. 
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Figure 21. The variables used by the grading tree in the example, visualized by the classification 
result for the observations. The numbers refer to the decisions in Figure 20.  

The method proposed was to compare the number of specimens with the majority vote of 
the voting classifiers. If one voting tree assigns 15% or more of the specimens differently 
than the majority vote, that tree would get a 15% reduced weight, for example. That 
would be relatively similar to the accepted method. In the study, the highest disagreement 
for one classifier and subsample was 10%, which was found on the excluded subsample. 
The total amount of disagreeing votes was 6.9% on the excluded classifier, a classification 
result made up by the classifications on the subsamples excluded from training. About 60% 
of the disagreeing votes were for upgrading (4.1% of the total) (Table 14).  
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Table 14. Comparison of the share of specimens in each subsample assigned a higher grade by 
the individual classifier than by the majority vote. SSn is the subsample, and S-SSn is the 
classification tree made on all data except the subsample SSn. Excluded is the result of 
combining the classifications from the subsamples not present in creating the classification tree 
(grey cells).  

Classification trees  
Subsample S-SS1 S-SS2 S-SS3 S-SS4 S-SS5 Excluded 
SS1 1% 5% 1% 6% 3% 1% 
SS2 1% 6% 2% 8% 4% 6% 
SS3 0% 5% 1% 8% 5% 1% 
SS4 1% 4% 1% 6% 2% 6% 
SS5 2% 2% 0% 5% 7% 7% 
Total 1.0% 4.3% 1.0% 6.7% 4.0% 4.1% 

 
Note that S-SS4 often gives a higher classification than S-SS1. The "excluded classifier" 
does not behave worse than the other classifiers, which means that the classifiers cannot be 
claimed to be overfitted. 
 
Classification accuracy improved from 64% correctly classified to 73% by cost-sensitive 
voting classification trees. Especially the amount wrongly downgraded was reduced 
compared to the certified model and setting. This is where a producer can improve raw-
material utilization while fulfilling the requirements on the product.  

Evaluation of Smallest Increment Algorithm – SIA 

The smallest increment algorithm used in Paper V enabled grading to grade combinations 
including higher grades than what was possible using a single predictor. It should not be 
accounted to SIA, as this property of "combined grading" has been acknowledged in 
earlier research as well (Turk & Ranta-Maunus 2003).  
 
SIA as such is a rather coarse method, but it served as a tool for settings derivation to 
enable studies of other effects. More theoretically well-founded methods, such as linear 
programming, were not applied. 
 
The grade-determining properties were compared between a single setting and multiple 
settings while studying the setting evolution for C40 based on all specimens in the sample 
(Figure 22). The setting evolution describes how SIA for each iteration chose the IP and 
IP value, giving the smallest reduction of the number of specimens in the sample. In 
parallel, the characteristic values are the result of applying the same settings for each 
iteration. 
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Figure 22. Comparison of the influence on grade-determining properties (right) of pine of 
using a single IP (left, white) compared to combined multiple IPs (left, other colours). Left: 
Setting values in log grading of pine. White line is the single IP; the other colours are settings 
for combined grading. The black IP is the same as the white, but applied with SIA in 
combination with the other. Right: Normalized grade-determining properties of the material 
accepted in pregrading. White is the result from applying a single IP and black from multiple 
IPs. C40 GDP requirement fulfilled at the end of lines. 

By using a single IP, the GDP for C40 was reached faster than with multiple settings. In 
the region around C30 GDP, multiple settings gave a better yield. This result is based on 
the full sample, and not subsample-divided material, which deviates from standard and was 
only used to study the difference in GDP between settings. 
 

Settings 

Most of the settings validated according to the normal way of the standard did not show 
any surprises. The settings for the visual grading equipment show how the equipments 
ability to detect grade-determining properties, in combination with the characteristics of 
the species, affects the result. 
 
The visual scanner does not have any density recognition. Density of spruce is almost not 
related to visual properties, just as density and strength are only weakly related. Strength of 
pine, on the other hand, is more closely related to density. For the actual data, Hanhijärvi 
et al. (2008) found that the coefficient of explanation between density and strength was  
R 2= 14%–31% for spruce, and R2 = 42%–56% for pine. In addition, pine had about 30 
kg/m3 higher average density than spruce. This made density requirements easier to reach 
with the pine samples, with classification accuracy limiting the yield, although balanced 
with strength (Table 15). Consequently, the reason for a high characteristic value and low 
cost of classification for spruce was the low density and the poor correlation between the 
estimated mechanical properties and density; i.e., the grading for density was close to 
random (compare with Figure 15).  
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Table 15. Relevant cells from the global cost matrix and the grade-determining properties 
(GDP) achieved by applying the visual scanner settings for both species. 

Global cost Assigned grade 
Spruce Pine Optimum 

grade C30 C18 C30 C18 
C18  0.072 – 0.199 – 
Reject  0.012 0.055 0.126 0.199 
GDP     
fm,k    [MPa] 31.9 22 27.6 19.2 
E0, mean [GPa] 13.0 11.6 12.5 10.3 

k   [kg/m3] 381 360 402 371 
 
Compare also with Table 2 and Table 4, which show the results from the log-grading 
equipment settings for the C40-C30-C18 combination for spruce. 

Evaluation of improved grading 
By using classification trees in Paper IV, a 10% increase in yield of C30 was achieved. The 
financial return from that increase was a 2% improvement of the value, i.e., the sawmill’s 
financial return for the actual batch (Table 16). This paper demonstrates the importance of 
studying the impact of changes on a larger system than one isolated grade. For that reason, 
Paper V included alternative grades and a study of the profitability of the whole process. 
 

Table 16. Comparison of grading yield from optimum grading and three different 
classifications: the certified grading result, the proposed majority vote and lowest vote trees 
(Paper IV).  

Classifier Grade Yield 
Relative 

Producer value 
Total batch 

value 
Value 

utilization 
C40 39% 42.0 
C30 36% 35.8 Optimum 
C18 25% 20.5 

98.3 100% 

C40 22% 23.8 
C30 39% 39.1 EN 
C18 39% 31.6 

94.5 96.1% 

C40 23% 24.6 
C30 49% 49.1 Majority 
C18 28% 22.9 

96.6 98.2% 

C40 20% 21.6 
C30 47% 46.8 Lowest 
C18 33% 27.0 

95.4 97.1% 

 
Improved yield is a key performance indicator, but there are limitations in the raw 
material that make comparison relevant only when using the same material. Perhaps a 
better measure is the utilization rate, assigned grade compared with optimum grade yield. 
This was used in Paper IV, and it was concluded that the assigned yield in some grades 
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could exceed the optimum yield as a consequence of statistics, i.e., when grading a three-
grade combination and achieving a high yield in the middle grade at the cost of reducing 
the yield in the highest grade. Naturally, such a measure can only be derived for large 
destructive tests, such as the ones performed in this work.  

Visual override 

An important item that is easy to disregard while working with machine data is the impact 
of visual override on the result. It is known that drying quality seriously affects the sawmill 
finances, and in Paper V, it was shown to apply to a strength-grading process as well. 
Although the quality limitations in the study were rather strict, it shows that the yield 
reduction in higher grades due to deformation is more serious than the choice of machine 
(Table 17). Luckily, there are methods developed within the wood-drying field to 
mitigate deformations (Salin et al. 2005). Besides the effect from drying on deformation, it 
has been shown that the temperature itself influence strength negatively (Bengtsson & 
Källander 2001), although depending on the method applied for drying (Hansson & Antti 
2003). 

Table 17. Machine-grading yield for a certified grading machine, with and without visual 
override. Paper V. 

Machine grading with  
visual override 

[%] 
 
Machine grading C40 C30 C18 REJ 

Sum 
Machine 
grading

C40 10 0 8 2 21% 
C30 0 24 19 11 54% 
C18 0 0 18 6 24% 
REJ 0 0 0.4 0.5 1% 
Sum machine grading 
with visual override 10% 24% 46% 20% 827 pcs 

 
Whether or not strength grades and visual grades competed for the same raw material was 
also studied. To some extent, they did, as the highest visual grade (A) had a slightly higher 
characteristic strength than the lower grades (Table 18). But it was shown by the yield 
comparison that the agreement could be disregarded (Table 19).  

Table 18. Yield and characteristic strength for Nordic timber grades, graded by the dry-grading 
equipment (Paper V). 

  Nordic timber grade 
 Species A B C D Reject 

Spruce 55% 27% 13% 4% 1% Yield 
Pine 10% 37% 42% 11% 0% 

Spruce 30.4 21.7 20.2 19.1 - Characteristic 
strength (MPa) Pine 32.5 19.3 19.1 18.1 - 
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Table 19. Grading result for Scots pine in Nordic timber grades and C grades as number of 
pieces. 

Nordic timber grade 
C grades A B C D Reject
C40 36 33 47 17 1 
C30 38 85 70 18 0 
C18 18 206 242 59 0 
Reject 0 8 18 2 0 

 

Quality aspects 

It has been shown earlier that the quality of structural timber is better in higher than in 
lower grades; i.e., the amount of too weak material in a higher grade is less than in lower 
grades (Turk & Ranta-Maunus 2003). This comes as a consequence of the statistics used 
for determining the grades. Paper V briefly touched on the subject, but only for the higher 
grades, as those were the targeted products. 
 
The most important aspect regarding material quality from using pregrading, or a grading 
process, was found in Paper V. It was concluded that there is no risk involved in using 
pregrading—the quality can only improve, as long as settings are based on a sample that is 
not pregraded. An example is the influence of pregrading by log-grading equipment (x-ray 
scanner and resonance analyzer) on the characteristic value and COV (Figure 23). 
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Figure 23. The influence of pregrading on quality parameters, nonparametric characteristic 
bending strength and the normal distribution fitted 5th-percentile values. Pregrading by log 
grading (LG) (black), is compared to a combination with a grading machine (MG), grading 
C30 as highest grade. Only the C30 grade is displayed (white series). From Paper V. 

 
It was also found that a negative selection, i.e., choosing rejected material from one 
machine and grading it again in another, is dangerous and can be compared to grading of 
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rejects with the same machine. In the example, rejected logs were sawn and graded to 
C30 by a visual scanner, and passed to the grading machine (Table 20, column VII). The 
C40 was clearly not acceptable, but when combining the accepted material from log 
grading, the result was accepted again (column V + VII = X). The corresponding result 
for C30 was acceptable at all positions, although density and modulus of elasticity were 
close to the requirement. However, with more complex raw material flows, studies of 
consequences must be more thorough. In some cases, a diverging and converging material 
flow might be acceptable.  

Table 20. Process design and its effect on grade-determining properties and COV for spruce. 
(For consistency, the column headers are the same as in Paper V. Some have been left out.) 
COV is based on the overall assigned grades, assuming normal distribution. 

Case 
Process step included 

II III V VII X 

Log grading to C40 and C30 
Machine control settings I    

Accept in log grading   C30 
Pregrading at fixed value   I  I 

Reject in log grading  < C30 
Pregrading at fixed value    I I

Dry grading to C30 
Machine control setting    I I

Machine grading C40 and C30 
Machine control setting  I I I V 

Grade C40 
fm,k (MPa) 40.2 41.9 43.8 28.9 41.5 

E0, mean (GPa)  14.6 14.9 15.2 14.3 15.0 
k (kg/m³) 429 423 439 416 427 

fm COV N (%) 15 15 14 17 15 
Yield (%) 13 21 13 5 18 

Grade C30 
fm,k (MPa) 30.4 31.4 35.4 33.2 33.5 

E0, mean (GPa)  13.8 12.2 12.8 12.0 12.3 
k (kg/m³) 415 385 408 384 387 

fm COV N (%) 19 17 16 14 15 
Yield (%) 9 54 8 18 26 

I indicates the subprocesses in the raw-material flow. V indicates a 
joining of two flows. 

 
Some examples of the lower tail of the strength distribution can show important aspects of 
quality by grading (Figure 24). The optimum grade has practically no tail, which is natural, 
since a setting has been used on the actual strength. The optimum grade is a valid 
benchmark for the other grades, to show the potential for improvement.  
 
The characteristic strength value for the dry-grading equipment is shifted upward 
compared to the corresponding value for log grading. This is mainly because the dry-
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grading equipment has no density-grading ability; thus this was the restricting property 
when deriving settings (Table 15).  
 
The majority vote model has a characteristic value matching the demand, while the 
certified settings are not calibrated on this particular material and exceed the requirement. 
Consequently, the tail is longer for classification trees with majority vote.  
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Figure 24. A comparison of the lower tail of the cumulative strength distribution for various 
grading equipment, setting combinations and processes (spruce). 

Using the log grading equipment with machine-control settings gives the worst quality, 
from a safety point of view, of the studied examples (Figure 24). A combination with a 
grading machine increases the characteristic values, which is also shown in Figure 23. 

Financial aspects 
The yield for grading machines used with machine control showed that it was possible to 
achieve similar yields for spruce graded to C30 as the highest grade with the log-grading 
equipment as with the grading machine (Table 21). The pine yields were not as good as 
for the grading machine, but better than for the dry-grading machine. The dry-grading 
machine yield suffered from the previously mentioned lack of density measurement.  
 
Pregrading gives the ability to roughly choose yield according to need. The inaccuracy of 
grading causes the grading machine to not estimate the strength properties in the same 
way as the pregrading equipment; thus there will always be some rejects. The studied 
grades and equipment combination show this effect clearly (Figure 25). 
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Table 21. Grading Yield for spruce and pine for machine-controlled settings. Case refers to 
Table 9. 

Spruce 
Case A 
LG C40 

Case C 
MG C40

Case A 
LG C30

Case B 
DG C30

Case C 
MG C30

C40 13% 21%    
C30 9% 54% 83% 41% 84% 
C18 78% 24% 16% 59% 13% 
Reject 0% 1% 0% 0% 2% 

Pine 
Case A 
LG C40 

Case C 
MG C40

Case A 
LG C30

Case B 
DG C30

Case C 
MG C30

C40 12% 15%    
C30  23% 54% 40% 71% 
C18 88% 58% 29% 57% 10% 
Reject 0% 3% 17% 4% 19% 
LG – Log grading, DG – Dry grading and MG – Machine grading. 
The grades in the headers refer to the highest grade in the grade 
combination.  
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Figure 25. C grade yield as share of pcs after log pregrading and machine grading (Paper V). 
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Figure 26. Batch average value depending on species, weighted or unweighted grade value 
(limited or unlimited demand), grade combination, grading equipment and share of material 
accepted in pregrading. The average value when grading accept from log grading to C grades, 
in different grade combinations, and the reject to Nordic timber. Letters refer to case studied. 
LG – log grading, DG – dry grading as machine and MG machine grading. With all material 
rejected in pregrading, the value for Nordic timber is found. Note the difference in scale 
between weighted and unweighted values. For DG, the extra process cost has been deducted.  

When assuming no demand for the lower grades, the sensitivity analysis showed that 
pregrading was beneficial for spruce in both grade combinations for the grading machine, 
but not at all in full demand (Figure 26). 
 
In full demand, the price difference is too large to motivate any sales of spruce to Nordic 
timber grades, while for limited demand, the yield in grade A was so high that Nordic 
timber was more beneficial than C grading. 
 
For pine, in the limited demand case, log pregrading for C30 production with the grading 
machine gave the best result. However, both grade combinations improved with 
pregrading, and even pregrading by dry grading gave a better result than the Nordic 
timber grades. Pregrading by the dry-grading equipment (Case E) gives in all other cases a 
slightly lower value, compared to log grading, to a considerable extent due to the extra 
production cost added by using two departments.  
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When the dry-grading equipment is used as final grading machine and compared on the 
same cost basis to the grading machine, the financial result is worse (compare case F with 
D-C30 Figure 26). The dry-grading equipment was more beneficial for final grading than 
the grading machine in one case: for pine in full demand, without pregrading. This 
depended on the lower amount of rejects compared to the grading machine, caused by 
almost twice as high yield in C30 (Table 21). The price difference was low between C30 
and C18, and the price for rejects was very low. This shows the high impact of waste on 
the financial result, which is emphasized by the improvement pregrading accomplishes for 
the grading machine in the same case. 
 



Integrated strength grading 

 52 



Integrated strength grading 

 53

 

5. FUTURE WORK 
The era of sawn timber as an almost ungraded product without product specification is 
coming to an end. Evolving new uses for the raw material as a source of energy and 
chemicals, in combination with reduced time and knowledge for ad hoc solutions in the 
building process, call for new, cleverer products and production processes.  
 
Strength grading provides an example of how wood products can be competitive in the 
future: by providing a material with well-defined properties for engineering purposes. 
Compared to synthetic composite materials and metals, wood has many advantages, 
mainly because it is renewable, it is sound for living creatures and the environment in all 
stages of its life cycle and it is lightweight in relation to its strength.  

Measurement technology and grading algorithms 
It is obvious that no technology alone can reveal the hidden, secret of strength of wood. 
Thus, multisensory equipment is needed. Acoustic technology forms a reliable basis 
together with x-ray scanning, regardless of where in the process the grading is being done. 
By using such a combination, a good global measurement is achieved, and important local 
variables can be derived. Tracheid scanning adds additional important local grain-angle 
information, dielectric methods reveal moisture, and in combination with near-infrared 
scanning, chemical information can be derived. Visual scanning is needed for the visual 
properties of the material, as wood must be multifunctional to be competitive. In the 
shorter term, it might even be necessary to include a proof-loading procedure in the 
system. 
 
The work on grading algorithms must proceed on different levels. This would include 
development of a highly advanced finite-element model for gradual implementation when 
proven reliable, but simultaneously, clever grading algorithms and statistical methods must 
be combined. Amongst them, and for the short term, it would be interesting to see the 
results of adaptive neuro-fuzzy inference systems, as described by Jang (1993), for 
classification of structural timber a technique using the strength of neural nets to calibrate 
fuzzy-logic models, which are easy for humans to understand. Pattern detection and 
artificial intelligence are growing fields from which the wood industry may benefit.  

Process studies 
The increased characteristic values in a sample after pregrading indicate that pregrading 
allows for less conservative settings in the grading machine. If a sample is defined 
according to the pregrading settings, the strength-grading machine would get lower 
settings, and the yield would increase compared to what has been shown in this study. 
However, even if the characteristic value increases, the lower tail might be unaffected. 
This remains to be studied in greater depth. 
 
To extend the research area outside sawmill limitations requires dynamic studies 
performed in an iterative manner. With static data, as in this work, no analysis of the 
influence of sawing pattern or changes in harvesting decisions could be done. On the 
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positive side, this is where the largest financial improvements can be made in the wood 
production process; but on the other hand, this is an uncertainty of the produced results. 
More accurate grading results might be achievable with a narrower definition of the 
incoming raw material. 
 

Product development 
Product development and a closer adaption to the customer's demands could improve 
raw-material utilization. Instead of general structural grades, grades designed for the needs 
of different structural members could be made. The glulam grades defined by tension 
strength (outer lamella properties) and density (finger joint strength) are one example. This 
development improves raw material utilization due to a better method for assessing 
reference strength (tension vs. bending), which gives better models, thus yield. In 
addition, the more precise definition of requirements for the product improves the 
utilization of raw material properties (Leicester 2004). Such developments require efforts 
from both building companies and producers, since detailed understanding of structural 
needs, the anisotropic properties of wood, grading technology and statistical grade 
determination is essential. 
 
The property of material in the lower tail of the strength distribution is important for code 
calibration, i.e., for the derivation of material partial safety factor for timber. 
Consequently, this is an important research topic for the timber industry in order to 
improve competitiveness of the material. There are several cross-functional aspects to 
research: How should structural timber grades be defined to complement other materials 
and serve the designers’ needs? Can the expected benefits in properties counterbalance the 
assumed reduction of yield and the consequent increase in price? Such a focus will also 
drive the development of new equipment with improved accuracy.
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6. CONCLUSION 
This work has shown that 

1. Pregrading of logs for strength grading improves the quality of the end product, 
structural timber. 

2. Log-grading equipment can be used for strength grading.  
3. Reconstruction of the position of the board within the log, based on four scanning 

directions or less in the log-grading equipment used, does not improve strength 
prediction appreciably compared to using global variables. 

4. Microwave signals contain more information than density alone and could be 
further adapted for strength-grading purposes. This will require proper 
consideration to be paid to boundary conditions and the definition of local 
variables. 

5. Tracheid scanning can be used as a supplementary measurement in multisensory 
systems to improve grading accuracy. 

6. Log grading by combining x-ray scanning and acoustic resonance measurement 
gives a better explanation of strength than using either of them alone. 

7. Classification trees can be used for strength grading with increased classification 
accuracy and consequently, increased value for the producer. 

8. Voting classifiers can replace averaging of settings from different subsamples. 
9. Modelling strength properties by partial least squares provides stable models.  
10. Tree grading provides an opportunity for certifying a strength-grading process with 

several subprocesses. 
11. Pregrading gives the producer flexibility in selecting raw material and final 

products, depending on the market situation, for improved financial results. 
12. Nordic timber visual qualities are not closely related to strength properties. 
13. All grade-determining properties must be estimated to achieve good yield and 

quality. 
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ABSTRACT

In this study, 90 boards of Norway spruce (Picea abies (L.) Karst.) sized 48 x 148 mm in cross-section,
have been examined using different scanning and measurement techniques. All of the boards originated
from a sawmill located in southern Finland. Planar X-ray scanning, microwave scanning, and grain-angle
measurement have been performed. In addition, strength and elastic properties were assessed for each
piece by four point bending. The purpose of the study was to relate the potential of microwave scanning
compared to other, industrially available techniques and to explain the physiological background of the
microwave responses. The results show that the microwave signal, after transmission through wood,
contains information about the bending strength and the modulus of elasticity. The correlation to density
is a key factor. Annual ring width was also found to be correlated both to microwave measurements and
strength properties.
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INTRODUCTION

There are several factors that influence the
strength properties of sawn lumber. The varia-
tion that occurs between timbers of different
species can usually be graded before the logs are
taken into the sawmill. However, there is also a
variation within the same species and even
within a single tree. By visual grading of the
sawn boards with either manual or automatic
systems, it is possible to sort the material. Me-
chanical grading machines that measure bending
stiffness are commonly used for strength predic-
tion. The drawback of this method is the need
for physical contact and moving parts in the ma-
chines.
According to Dinwoodie (2000), the correla-

tion coefficient between density and compres-
sion strength is 0.9. This correlation has been
used to predict strength from X-ray measure-
ments by Oja et al. (2000) for classification of
logs and by Schajer (2001) for classification of
sawn lumber. Average density alone does not
explain all the variation in strength. Leban and
Haines (1999) have, for example, shown that
there is a correlation in annual ring width and
elasticity for larch. Such information about the
structure can be obtained from X-ray measure-
ments, but X-rays can not be used to separate the
dry wood density from moisture. Hence there
still remains a need to develop other sensors that
measure properties of wood.
Several studies have shown the potential of

microwave scanning for prediction of density,
moisture content, and grain angle (GA) of a tim-
ber specimen. How variations in moisture con-
tent or dry density affect a transmitted micro-
wave signal has been described by Lundgren et
al. (2006) and by Hansson et al. (2005), among
others. Shen et al. (1994) proposed a microwave
method for measuring grain angle that has been
verified by Sjödén et al. (2005). The influence of
grain angle on the microwave signal has been
used by Leicester and Craig (1996) to detect
knots in combination with a conventional me-
chanical stress grader. Microwave measure-
ments have also been combined with X-rays for
strength grading in the Finnograder, which has

been tested together with two bending machines
and one machine based on the speed of sound in
a study by Boström (1994). Boström concludes
that the best prediction of bending strength was
attained from the bending machine. However, he
notes that the Finnograder is less sensitive to
grading speed and that a better yield might be
achieved by adjusting the setting values. The
response from a microwave sensor has been re-
lated to elasticity by Choffel et al. (1992) and to
bending strength in studies by Johansson (2001)
and by Lundgren (2005).
The aim of the present study was to compare

the microwave sensor used by Johansson and
Lundgren to other scanning techniques for
strength grading of sawn timber. Another aim
was to quantify the correlation in the measure-
ments from the microwave scanner with grain
angle and density measurements.

MATERIAL AND METHODS

The timber raw material chosen for this study
was Norway spruce (Picea abies (L.) Karst.)
from southeastern Finnish stands. The logs were
randomly selected from one sawmill on two dif-
ferent occasions. There was a natural variation
within the material, since both butt and middle
logs fulfilled the requirements of a predefined
top diameter of about 200 mm measured 100
mm from the top of the log. Two center pieces
were straight sawn from each log to the nominal
dimension 50 × 150 mm and planed to 48 × 148
mm. This resulted in 90 boards with lengths be-
tween 3.5 and 5.5 m. A conventional channel
kiln was used for drying of the boards. After
drying, the boards were stored for several
months in an even climate so that the moisture
distribution could be assumed to be uniform dur-
ing scanning.
The measurements were performed on differ-

ent occasions. On each of these the weight of
each board was recorded for moisture content
correction. Grain angle was measured by a laser
scattering technique and the tracheid effect as
described by Nyström (2003). After sawing, dry-
ing, and planing, a scan was performed on the
sapwood side of each board. This measurement
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was done in the center of the board, roughly
above the pith. The values represent the median
grain angle for each board. X-ray scanning was
done as planar X-ray in the longitudinal feeding
direction on each board by a Microtec Golden
Eye 706 strength-grading machine. The scan-
ning speed was between 80 and 90 m/min.
The boards were scanned with a microwave

sensor from Satimo working at 9.375 GHz in
combination with a computer and a conveyor as
described by Johansson (2001). The scanner
shown in Fig. 1 functions as a line-scan camera
with a resolution of 8 mm. For the present study,
the boards were manually fed through the scan-
ner with a speed of approximately 10 m/min.
Each line in the resulting image represents av-
erage values from measurements covering a
length of between 50 and 100 mm of the board.
The sensor is based on electromagnetic trans-
mission through the wood and modulated scat-
tering technique, which is described by Bolomey
and Gardiol (2001). The electromagnetic field
was measured in two orthogonal polarization
angles. From the measured variables, the ampli-
tude and the phase shift of the signal were cal-
culated. Differences in the sensors were mini-
mized by subtracting a measurement without an
object in the scanner. The measured variables
can be reduced to three components that de-
scribe amplitude, phase shift, and polarization of
the transmitted field. Finally, the modulus of
rupture (MOR), the local and the global modulus
of elasticity (MOE) in edgewise four-point load-
ing were tested according to the European stan-

dard EN408 (2003). The test was performed on
full-sized beams. It was recorded whether the
most serious defects influencing strength were
on the top or the bottom side of the board. A
mean value for the annual ring width (ARW)
was taken from a cross-section close to the point
of failure.
Multivariate modeling was done using Partial

Least Squares (PLS) regression (Geladi and
Kowalski 1986) and the software Simca P
10.0.2.0 (Anon. 2002) from Umetrics. The data
were divided into a training set consisting of
80% of the observations, which the models were
based upon, and a test set (the remaining 20%)
to which the models were applied. Key figures
used to evaluate the models are the goodness of
fit (R2) when the models were applied to training
set and test set and the goodness of prediction
(Q2).

RESULTS

Three observations were removed from the
data set prior to modeling due to scanning errors
(first board in the microwave scanning se-
quence) and missing values. Average values and
variation in some of the variables for the remain-
ing observations are shown in Table 1. The cor-
relation matrix in Table 2 shows that local MOE
has a higher correlation with amplitude and
phase from microwave measurements than with
X-ray scanning.
Since the result from destructive bending is

affected by local defects, there will be deviations
from the correlation to average density, as can
be seen in Figs. 2 and 3. This was the case both
when the largest defect was turned down
(circles) and when it was turned up (triangles).
Figure 4 shows how some of the remaining

variables are correlated to MOR and MOE. A
principal component analysis (PCA) was per-

FIG. 1. Microwave scanner.

TABLE 1. Average values of wood properties.

Density
[kg/m3]

ARW
[mm]

MOR
[MPa]

Local
MOE
[MPa]

Global
MOE
[MPa]

MC
[%]

Mean 452 2.1 47 11500 10800 11.9
Std. Dev. 31 0.6 11.7 1560 1965 0.3
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formed in order to find correlations. The result is
shown in Fig. 5 where the horizontal compo-
nent, P1, explains most of the variation with
R2 � 0.64 and Q2 � 0.56. These values in-
crease to R2 � 0.80 and Q2 � 0.63 when P1 is
combined with P2. The vertical component, P2,
indicates a correlation in grain angle, annual ring
width, and MOR. However, Q2 values are low,
which means that this can not be generalized to
other sets of data. The signal from the transmit-
ting antenna was mainly polarized in one direc-
tion. Polarization was calculated as the relation
between the signals in two orthogonal direc-
tions, but the amplitude in one of these direc-
tions was close to zero. Therefore, the measured
signal in that direction consisted mainly of
noise, and the polarization variable is strongly
correlated to attenuation. No reliable model for
prediction of grain angle from the microwave

measurements could be established. Variations
in moisture content were small, and hence the
response, both in phase and in attenuation, was
mainly governed by density.
The ability of different responses to predict

dry density was compared, and the result is pre-
sented in Table 3. The microwave variable with
the strongest correlation to density was phase.
The different models for prediction of local
modulus of elasticity are compared in Table 4.

DISCUSSION

As expected, a high correlation was found be-
tween X-rays and density. The correlation be-
tween density and MOE/MOR was lower for the
boards where the weak side (largest defect) was
turned down during the destructive bending.

TABLE 2. Correlation matrix for the measured variables (R2 values).

Amplitude Phase X-ray ARW GA MOR Local MOE

Amplitude 1.00
Phase 0.81 1.00
X-ray 0.79 0.86 1.00
ARW 0.2 0.20 0.17 1.00
GA 0.001 0.004 0.000 0.006 1.00
MOR 0.32 0.26 0.17 0.41 0.08 1.00
Local MOE 0.45 0.40 0.32 0.36 0.01 0.62 1.00

FIG. 2. Modulus of rupture (MOR) plotted against glob-
al density of the tested boards.

FIG. 3. Local modulus of elasticity (MOE) plotted
against global density of the tested boards.
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This was also expected, since the size and shape
of defects on the tensile side affect the results
more than defects on the compression side.
Some observations with high density but low

elasticity were found in the training set used to
calibrate the models. This could explain why
better models for prediction of MOE were ob-
tained from microwave scanning than from X-

rays since properties other than average density
are important. All models were improved when
annual ring width was added as a variable. An-
nual ring width in combination with either mi-
crowaves or X-rays gave the best prediction
when the models were applied to the test set.
Microwaves in combination with annual ring
width gave the highest correlation coefficients
for the training set.
Some knots can be identified in the images

obtained by microwave scanning, but if the aim
is to find knots, a higher frequency should be
used, since resolution in that case is more im-
portant than penetration depth.

CONCLUSIONS

The ability to predict elasticity from micro-
wave scanning is mainly due to the correlation

FIG. 4. Scatter plots for some of the variables in relation to modulus of rupture (MOR) and modulus of elasticity (MOE).

FIG. 5. Loading plot generated by Principal Component
Analysis (PCA). The plot shows how microwave (MW)
variables are correlated to other variables.

TABLE 3. Density prediction using microwave (MW) re-
sponse compared to X-rays in combination with grain angle
and annual ring width.

Training set
R2 [%]

Training set
Q2 [%}

Test set
R2 [%]

X-ray 97.3 97.1 98.9
MW amplitude 84.0 83.7 70.1
MW phase 88.6 88.2 77.3
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between density and elasticity, but there is more
information related to strength and elasticity in
the microwave signal than can be obtained from
density alone. All models for prediction of elas-
ticity were improved when information about
annual ring width was added. The microwave
sensor that was used in this study cannot mea-
sure variations in grain angle, but none of the
models were improved when information about
grain angle was added.
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Training set
R2 [%]

Training set
Q2 [%]

Test set
R2 [%]

MW amplitude 42.5 40.7 55.2
MW phase 36.6 35.8 51.3
X-ray 29.3 27.2 49.5
GA 3.2 −2.6 —
ARW 33.4 30.6 55.4
Amplitude, ARW 54.2 52.0 64.7
Amplitude, GA 43.2 38.6 52.0
Amplitude, ARW, GA 54.5 51.9 62.4
Phase, ARW 50.2 47.9 64.7
Phase, GA 37.2 33.4 44.8
Phase, ARW, GA 50.3 47.9 60.9
X-ray, ARW 46.4 43.6 64.5
X-ray, GA 32 26.6 42.4
X-ray, GA, ARW 47.6 44.2 60.1
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PREDICTING THE STRENGTH OF SAWN WOOD BY TRACHEID 
LASER SCATTERING 
 
Mattias Brännströma*, Janne Manninenb, and Johan Ojac  
 

An industrial laser light scattering scanner, designed to detect the spiral 
grain angle of logs by the light scattering along the grain, was used on 
two large samples of Norway spruce (Picea abies (var. Karst)) in various 
sawn dimensions (approximately 750 pieces). Additional measurements 
were made by other techniques, such as X-ray scanning, resonance 
frequency measurement, and various manual measurements. The 
strength properties of the boards were measured by destructive testing in 
four-point bending according to European standard. Multivariate methods 
(PLS) were used to model the relationship between the bending strength 
of the board (MOR) and the measurements. Based only on the output 
from the simple tracheid scattering equipment, a model for MOR 
achieved an R² exceeding 0.3. Combinations with average density or 
outer shape parameters from log scanning resulted in R² 0.4 and 0.3 
respectively, although these parameters alone only accounted for R² 0.2. 
The results can be used to increase the understanding of strength in 
wood and in an improved industrial strength-grading process. 
 

 
Keywords:  Wood; Scanning; Strength grading; Log grading; Norway spruce; Spiral grain angle; Tracheid 
effect; Density; Laser; Multivariate models  

Contact information:  a: (Luleå University of Technology and) Stora Enso Timber, SE-791 80 Falun, 
Sweden; b: Stora Enso Timber, P.O.Box 39, FI-06101 Porvoo, Finland; c: SP Technical research institute 
of Sweden, Skerìa 2, SE-931 77 Skellefteå, Sweden. *Corresponding author: 
mattias.brannstrom@storaenso.com 
 

INTRODUCTION
 
 Wood fibers in softwoods form a spiral along the trunk, which is called spiral 
grain. The spiral grain of Norway spruce (Picea abies (var. Karst)) in northern Europe 
follows a pattern in which the helix has an approximately three-degree left-hand twist 
close to the pith. After about 80 years of growth, the angle becomes parallel to the stem, 
and after that slowly inclines to the right (Fig. 1) (Säll 2002). The change from left- to 
right-handed twist is the general pattern for trees in the northern hemisphere (Skatter and 
Kucera 1998). Large deviations from this pattern occur in Norway spruce, both in annual 
rings and between annual rings. Fertilization seems to have an effect according to some 
studies (Sarén et al. 2006), while others claim primarily that environmental factors have 
little impact and that heritage has much more influence on the spiral grain angle 
(Hannrup et al. 2004).  

mailto:brannstrom@storaenso.com
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Fig. 1. Schematic description of the typical spiral grain angle development in Norway spruce, 
provided that the annual radial growth is about 1 mm. The grain angle is given relative to the 
cross-section of the board and the log top diameter for one of the samples in the study. 
 
 
 Some trees do not follow this pattern at all. Instead of turning from a left-handed 
to a right-handed helix, they tend to increase the left-handed angle with age. Boards from 
these specimens are also prone to twist more during drying. To be able to detect these 
logs and boards originating from them, automatic equipment has been developed 
(Nyström 2003). Recently, this equipment has also been made commercially available in 
different versions by The Swedish Testing and Research Institute, SP Trätek (Oja et al. 
2006). 
 The equipment, called here a tracheid effect scanner, uses visible red laser 
illumination and a camera to detect the spiral grain angle on the surface of an object: log, 
block or board. The incident beam is scattered more easily in the direction of the grain 
(tracheids in softwoods) than perpendicular to it. The technique is well known as the 
tracheid effect and is widely used in various scanners. By employing the elliptical shape 
of the dot on the wooden surface, the grain angle in relation to the movement direction of 
the object can be calculated (Fig. 2). There are other parameters also derived from the 
image processing, such as eccentricity and area of the spot (Nyström 2003). 



 

PEER-REVIEWED ARTICLE  ncsu.edu/bioresources
 

 
Brännström et. al. (2008). “Predicting sawn wood strength,” BioResources 3(2), 437-451.  439 

 
Fig. 2. A schematic description of grain angle measurement on logs and boards in longitudinal 
transport. This specimen with left-handed spiral grain represents an individual prone to distort 
during drying. 
 
 It is not only the grain angle in the longitudinal-tangential direction that can be 
determined by laser light scattering in wood. Several wood and fiber properties have been 
related to the scattering pattern, such as the angle in the longitudinal-radial direction,  
called "diving angle" (Simonaho and Silvennoinen 2004), density (Simonaho and 
Silvennoinen 2006), areas with high resin content, juvenile wood, compression wood and 
degradation of wood (Seltman 1992). It has been indicated that other properties, such as 
fiber length (Soest et al. 1993), pit density, and moisture content (Simonaho and 
Silvennoinen 2004; Simonaho et al. 2003), could also be revealed by, or at least 
influence, the pattern. Advanced models for light scattering in single wood fibers have 
also been created (Saarinen & Muinonen 2001). 
 It is a common view that the greater the grain angle, especially around local 
defects, the higher the reduction in strength, particularly tensile strength (Dinwoodie 
2000). Galicki & Czech (2005) made a comparison of different models for tensile 
strength in pine and found that at high grain angle, tensile strength depends only on grain 
angle, while at low grain angle, tensile strength is controlled by a combination of grain 
angle and density. That study was done on small, clear and controlled samples. In larger 
sizes, telegraph poles of Douglas fir and Western Larch with a steep left-handed surface 
spiral grain (6°–7°) have about 50% reduced strength compared to right-hand twisted or 
straight-grained specimens (Lowery & Erickson 1967). 
 Various methods of machine strength grading are gaining popularity in the 
European woodworking industry, but visual strength grading is still in wide use. It has 
been shown that the grading accuracy of strength grading by Nordic visual rules (Anon. 
1998) on Norway spruce is rather poor, R² = 0.22 for bending strength, compared to the 
best machines where R² ranges from 0.4 to 0.6. Among Nordic softwoods, the strength of 
spruce is generally more difficult to predict than that of pine (Hanhijärvi et al. 2005). 
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 The results of previous research suggest that the grain angle should be a good 
variable for wood strength models, and recent development has enabled measurement of 
the variable with rugged and low cost equipment. Thus there is a need for an applied 
study of the technique in the strength grading field.  
 
 
EXPERIMENTAL
 This section describes the raw material used in the study, the industrial processing 
and the equipment used for measurements, the laboratory testing, image processing and 
analysis performed. 
 
Wood Material 
 In this study, two samples of Norway spruce (Picea abies (var. Karst)) were used. 
The sampling was made timewise separated and by different criteria, due to other 
analysis than reported here, The first sample consisted of 120 logs with a top diameter of 
approximately 220 mm. The logs were selected randomly at a log yard of a sawmill in 
southern Finland.  
The second sample consisted of a mixed sample of boards of various dimensions 
originating from Sweden, Finland, Russia and Estonia. Some boards in sample two came 
from the same sawmill as the logs in sample one. Dimensions and the number of boards 
in the 2nd sample can be found in Table 1. The boards were picked out at random, but 
only boards fulfilling at least the lowest quality demands were kept and planed. Butt, 
middle and top logs were represented, all with a top diameter in the range from 140 to 
240 mm. 
 
Table 1. The Number of Pieces Used in this Study from the 2nd Sample (after 
filtering), their Various Sizes and Origin. 

Board Size [mm] Origin [pcs] 
Thickness Width N Sweden Finland Estonia Russia 

44 100 74 - 56 - 18 
44 125 34 - - 19 15 
50 150 95 11 21 22 41 
44 175 123 - 86 17 20 
47 175 29 29 - - - 
47 200 51 - - - 51 
50 200 153 25 128 - - 

Total Number of pcs 559 65 291 58 145 
 

Industrial Measurements, Devices and Processing 
 Table 2 lists the most important measurement equipment used in the study in the 
order of its use. 
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Table 2. An Overview of the Commercially Available Measurement Techniques 
used in the Study. All Equipment is of Industrial Standard.
Element in the 
Sawmilling Process 

Manufacturer / Model  Method Applied 

Log Sorting Mikropuu 3D 3-D Log outer shape scanner 
Log Sorting SP / Snedfiber On-line Tracheid effect scanner 
Planing mill Microtec / ViSCAN Vibration frequency analyzer 
Planing mill Microtec / Golden Eye 702 Planar X-ray scanning 
Planing mill SP / Snedfiber On-line Tracheid effect scanner 
 
Industrial processing 
 The first sample was scanned as logs, for outer shape on bark, by a 3-D log outer-
shape scanner, followed by scanning with the tracheid effect scanner after debarking. The 
logs were straight-sawn to retain two center boards (as in Fig. 2), nominal dimensions 50- 
x 150-mm. The boards were dried in a conventional progressive kiln and stabilized to 
about 16% moisture content during storage. After planing, the boards were analyzed with 
a vibration frequency analyzer and a planar X-ray scanner. Later, they were scanned 
again in another planing line with the tracheid effect scanner and finally destructive 
testing was made.  
 The second sample was also tested by the vibration frequency analyzer and the 
planar X-ray scanner (Anon. 2006b) after planing. After the destructive testing, the 
boards in the second sample were trimmed from the fracture, which left only shorter 
lengths, from 1.2 to 1.8 m. These shorter pieces were scanned with the tracheid effect 
scanner after some time in storage.  
 
X-ray scanner and vibration frequency analyzer 
 The vibration frequency analyzer and the planar X-ray scanner are certified 
according European standard for strength grading (EN14081). The vibration frequency 
analyzer uses the well-known relation (equation 1) between first mode axial resonance 
frequency (fA-1), length (L), density ( ) and dynamic modulus of elasticity (EA-1) 
(Ohlsson & Perstorper 1992). In this study, the relation was used without multiplying by 
the density value, being thus used only as an indication of the EA-1. The planar X-ray 
scanner gives grayscale images of X-ray attenuation through the material. These images 
were not used for grading, but only to find knot information by image processing. 
 
 2

11 2 AA fLE  (1) 
 
Tracheid effect scanning 
 The tracheid effect scanner consists of a laser, a camera, and a computer. The 
circular spot diode laser emits radiation at 660 nm with a power of 5 mW. A CCF 15 
grayscale CMOS camera gathers information from the shape of the dot on the wood 
surface. The scanner gathers information along one line on the board with a sampling rate 
of 250 Hz. Internal algorithms is filtering the data to get registered measurements. To get 
a representative value, the grain angle directly over the pith (i. e. orthogonal to the pith 
direction) should be measured (Fig. 2). In practice, the measurement will vary slightly 
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from this position due to the irregular shape of the log; thus the varying pith position in 
the board.  
 For each board or log, several values are derived from the internal image analysis, 
such as mean eccentricity (e) of the ellipse according to equation 2, where a is the major 
axis and b is the minor axis. Further, the mean area of the ellipse (A), the mean, median 
and standard deviation of the global grain angle in relation to the direction of movement 
of the board ( mean, median and std respectively) are derived. The grain angle is defined in 
this study as negative for left-handed spiral. 
 

 
b

bae , (2) 

 
 All tracheid scanning was done along the centre of the tangential surfaces of the 
boards (Fig. 2). Data from the 2nd sample for boards with more than 30 registered 
measurements were kept for analysis. For the other boards, the variable values were 
assumed not to be safely representative of a whole board length and was thus omitted. 
Table 1 presents the material remaining after removing 39 observations. 

Laboratory Testing and Analysis 
 This section describes the destructive testing, the image processing, the modeling 
and evaluation of the models. 
 
Destructive testing 
 All boards were tested in four-point edgewise bending according to the European 
norm EN408 in two certified laboratories. The bending strength (Modulus of Rupture or 
MOR) and global Modulus of Elasticity (MOE) were determined.  
 After the destructive testing, the average ring width (ARW) in the first sample 
was measured manually at a position close to the fracture, from the pith diagonally to the 
farthest edge of the cross-section. 
 Density was measured on several occasions during the process. This was done as 
the average board density simply by dividing the weight by the volume, and as the clear 
wood density according to EN384. 
 
Image processing 
 Some image processing was necessary to find the correlation between selected 
tracheid effect scanner variables and the number and size of knots at the centre of the 
board, i. e., at the measurement area for the tracheid effect scanner. The knot density sum 
and knot length in the center area of the board were found by a simple density threshold 
in the planar X-ray scanner images. The data analysis was performed in Matlab (Anon 
2006a). 
 
Statistical models and evaluation 
 Principal component analysis is suitable for analyzing data where noise and 
collinear variables are present. In this study, analysis was performed by Principal 
Component Analysis (PCA) and Partial Least Squares (PLS) in Simca-P, while normal 
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regression was analyzed in Excel (Lindgren 1994; Anon 2005; Anon 2003). For 
validation of the models, two data sets are usually used, the training set (TS) and the 
prediction set (PS). The prediction set was selected randomly distributed amongst the 
board dimensions in the second sample. A shortcut partly used in analysis of the first data 
set is to only use Q2, the "goodness of prediction", without a separate prediction set 
(Wold 1978).  
 

RESULTS AND DISCUSSION 
 
Wood Strength Properties 
 The average wood strength properties varied between the samples (Table 3), 
which was expected, considering the differences between the two samples as to 
geographical coverage, origin and variation of the dimensions of the cross-section.  
 
Table 3. Results from Destructive Testing. The Mean and Standard Deviations 
for Selected Strength and Wood Structural Properties of Both Samples. 
(Standard deviation within parentheses). (1) Average board density, 2) small clear 
test piece cut close to fracture.) 

Sample No N 
Bending Strength 
(N/mm²) 

Modulus of Elasticity 
(N/mm²) 

Density 
(kg/m³) 

Annual Ring 
Width (mm) 

Sample 1 232 48.6 (11.6) 11020 (1570) 454 (1 (31) 2.1 (0.7) 
Sample 2 559 43.0 (13.4) 11558 (2138) 428 (2 (44) - - 

Board Strength Predictive Models 
 Models based only on the tracheid effect scanner variables explained more than 
one third of the variation in strength, and the stability of the models were good (R² and Q² 
were on the same level). By adding a density value, the predictive ability of the model 
increased, although density itself explained relatively little of the variation in strength 
(Table 4, Fig. 3, and Table 6). Models were made with the same variables on the first 
sample separately. For these models, no separate prediction set was made (Table 5). 
 Although there was some increase in R² (from 0.55 to 0.56 for both TS and PS) 
for a model including both an indication of the dynamic modulus of elasticity and the 
tracheid effect scanner variables, the Q² was reduced compared to the pure dynamic 
modulus model. This indicates that most of the wood properties measured by the laser are 
also measured by the resonance method, but not by density. 
 Simonaho and Silvennoinen (2006) found that the eccentricity of the ellipse 
(equation 2) increased with density. Although the measurement takes place at the surface, 
only about 50 mm from the pith, the density of the whole board is used as a reference. 
Spruce density varies greatly in the radial direction (Brännström 2004), which causes the 
value to be less representative. Instead, the mean eccentricity was most closely related to 
MOE (Table 4), which indicates that other wood or fiber properties than density alone are 
revealed by the measurement. One such example could be that compression wood, 
although of higher density, reduces the eccentricity of the ellipse (Seltman 1992; 
Nyström 1999). 
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Table 4. The correlation (r %) between Different Measures and Wood Properties. 
(The 1st sample. 'Center knot density sum' refers to the result of image 
processing of planar X-ray scanning images.) 
(r sign) r² [%] MOE MOR Average

Density 
ARW Log 

Taper 
Center Knot 
Density Sum 

Mean eccentricity  
54 43 34 -36 -3 -7 

Mean grain angle  
20 28 1 -17 5 -1 

Std deviation grain angle 
-49 -53 -13 43 -6 37 

Mean laser spot area 
31 29 5 -39 -18 -13 

MOE 
100 80 67 -59 2 2 

MOR 
80 100 46 -59 8 -6 

Average density 
67 46 100 -49 7 44 

Annual ring width (ARW) 
-59 -59 -49 100 -13 -11 

 
 
 
Table 5. Strength Predictive PLS Models Based on the 1st Sample. Scaled and 
Centered Coefficients and Number of Principal Components in the Model (PC). 
(Since the coefficients are scaled and centered, the importance for the model can 
be estimated by the size of the coefficient.) 

Equipment 
Tracheid 
effect 
scanner 

Tracheid effect 
scanner & 
Density 

Tracheid 
effect 
scanner 

3-D Tracheid effect 
scanner & 3-D 

State Board Board Log Log Log 

Constant 4.20 4.20 4.20 4.20 4.20 

Mean angle 0.18 0.23 0.14  0.12 

Std dev angle -0.34 -0.34 -0.25  -0.21 

Mean eccentricity 0.27 0.18 0.16  0.13 

Mean area 0.19 0.12    

Manual density  0.33    

3D Volume    -0.11 -0.09 

3D Sweep    0.17 0.15 

3D Top taper    -0.26 -0.22 

3D Butt taper    0.24 0.20 

PC 1 2 1 1 1 
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Table 6. The Predictive Ability of the PLS Tracheid Effect Scanner Models for 
MOR Presented as the R2 (goodness of fit) Q2 (goodness of prediction) and 
RMSE (the root mean square error).  
Equipment Sample & 

Wood State 
Data Set R² Q² RMSE 

[N/mm²] 
Tracheid effect scanner 1st board Training set 0.40 0.38 9.0 

2nd board Training set 0.34 0.32 11.5  
2nd board Prediction set 0.34 - 10.3 

Tracheid effect scanner & 
density 

1st board Training set 0.51 0.49 8.1 

2nd board Training set 0.45 0.43 10.6  
2nd board Prediction set 0.44 - 9.4 

Tracheid effect scanner 1st log Training set 0.15 0.13 10.7 
3D outer shape 1st log Training set 0.24 0.23 10.1 
Tracheid effect scanner & 
3D 

1st log Training set 0.34 0.31 9.5 

 
 Both R² and Q² were better for the model based on the 1st sample compared to the 
2nd sample. The actual position of failure, and the surrounding wood, was not scanned for 
the 2nd sample while it was done for the 1st sample. The used variables were global for the 
whole board, consequently; Which part of the the board that is scanned should not have a 
great influence, but it cannot be stated for sure because some variation was lost by the 
method used. The lower precision for the 2nd sample can also come from the larger 
variation in board dimension and origin (Table 1).  
 Diving angle is a variable that should be greatly influenced by the sawing method. 
Boards from low-taper logs should have lower diving angle than those from higher-taper 
butt logs or top logs. Since this sample was straight-sawn, one can assume that the board 
surface consisted mainly of diving fibers. Thus, the low correlation between mean 
eccentricity of the ellipse and the shape of the log (Table 4) indicates that the diving 
angle has a small effect on the ellipse compared to other features influencing light 
scattering or simply that the variation in diving angle was too low due to the use of the 
same sawing technique for all boards.  
 With the destructive testing method used, the impact of knots along the centre line 
of the board should be minimal on strength. However, the knots along the centre might 
give an indication of knot properties on a global level for a board or log and thereby 
affect the correlation with strength. The knot density sum in the measured part of the 
board did explain a certain amount of the grain angle standard deviation value, as well as 
the strength. Sarén et al. (2006) found that the grain angle variation in the tangential-
longitudinal plane is larger for wide annual rings. Hence, the degree of explanation added 
to the model by the standard deviation could come from the combined effect of knot 
variable measure and the annual ring width correlation.  
 The mean grain angle, with its negative average value (Table 7), is positively 
correlated to strength only vaguely (Table 4 and Table 5). This variable could increase in 
importance with a higher spatial resolution (several dots covering the whole width and 
thickness). According to the models, a large area and a high eccentricity are positive for 
strength. Density correlates weakly with eccentricity and not at all with spot area (Table 
4).  
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Table 7. The Variation of Tracheid Effect Scanner Variables on the Different 
Scanning Occasions for the Samples. Median, Mean, and Standard Deviation for 
the Grain Angle ( mean, median and std) and the Mean Eccentricity (e) and Area 
for the Scattered Ellipse on the Wood Surface (A). (The average values cannot 
be used for comparison due to lack of calibration between each run. Standard 
deviation within parentheses.) 
Measured Surface 
and Sample Number 

median 
[degrees] 

mean 
[degrees] 

std 
[degrees] 

E
[ ] 

A
[pixels] 

Log, sample 1 -1.31 (2.16) -1.37 (2.15) 1.81 (0.55) 0.99 (0.08) 553 (113) 
Board, sample 1 0.31 (1.45) 0.17 (1.49) 2.66 (0.79) 1.09 (0.08) 335 (29) 
Board, sample 2 -2.00 (1.50) -2.12 (1.51) 2.33 (1.05) 1.43 (0.31) 179 (40) 

 
 
 The possible use of the tracheid effect scanner for strength grading purposes has 
been shown by the models evaluated (Table 5, Table 6, and Fig. 3). The results are not 
better than those from available grading machines, but even when used as stand-alone 
equipment, the tracheid effect scanner gives a higher R² than human visual grading 
(Hanhijärvi et al. 2005). Simple density measurement enhances the capabilities and the 
potential of the technique.  
 These results are limited to Norway spruce of uniform moisture content, unless 
moisture content correction can be established. More resinous wood might alter the 
response from the scattering measurement considerably (Seltman 1992). 
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Fig. 3. Observed and Predicted MOR for the 2nd Sample. (Black triangles symbolize Prediction 
set and open circles symbolize Training set. Model based on tracheid effect scanner variables 
and global density of the boards. The model is presented in Table 5 and 
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Table 6. Regression line describes the Prediction set.) 
 Future research could focus on using more sensors, thereby covering a larger area 
of the board in the same way as several scanner manufacturers are doing today. The local 
grain angle could be utilized and the density and grain angle models of Galicki and Czech 
(2005) evaluated. It would also allow a better separation of the effect from different wood 
anatomy features on the diving angle, in such a way that it also could be used in the 
models. These results can serve as a base, a global strength estimation, in such an 
application. 
 
Log strength grading 
 Log grading models were made for both the tracheid effect scanner and the 3-D 
frame as single machines and as a combination of them (Table 5 and Fig. 4). The degree 
of explanation of the models for bending strength was increased to R² = 0.33 and RMSE 
= 9.5 N/mm² (Table 6) by using combined techniques. In an earlier study, similar models 
were made by using log X-ray scanning information from the 1st sample (Brännström et 
al. 2007). The degree of explanation was better, R² = 0.45 and RMSE = 9.21 N/mm², but 
the cost and complexity of the equipment is much higher. 
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Fig. 4. Observed and Predicted MOR for the 1st Sample Training Set. Model Based on 3-D Outer 
Shape Measurements and Tracheid Effect Scanner Variables Measured on Logs. (The model is 
presented in Table 5 and Table 6.) 
 
 No stable models could be made for strength when using the log tracheid effect 
scanner variables only, although the relationship between median grain angle at the board 
surface and the median grain angle at the log surface in the first sample could be linearly 
described with r² 0.76 by equation 3.  

 
08.1588.0 LOGBOARD GAGA . (3) 
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 When measuring on rough surfaces, such as debarked logs or sawn boards, noise 
from the ripped surface is added to the measurement. Hence, the precision of each single 
grain angle measurement is not reliable, but the median values from two boards from the 
same log agree well, especially when considering that slightly different radial positions 
might have been measured (Fig. 5).  
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Fig. 5. A comparison of the median grain angle ( median ) from the left and right board (as they 
appeared in sawing) from each log. First sample. 
 
 When scanning the log surface, the variation within the annual rings is not 
available to the scanner. Thus, the standard deviation in grain angle now only refers to 
the low variation at the log surface. This value reflects more the quality of the debarking 
operations than the variation in wood properties (i. e., noise). Additionally, the moisture 
content has a large influence on the width of the ellipse on green material, while the 
length is less affected by moisture (Simonaho et al. 2003). Thus, homogeneous moisture 
content is a prerequisite for the successful use of the variable. The small contribution of 
the variable to the models might come from the influence of knots (Table 5) in a similar 
way as for the boards. 
 
 
CONCLUSIONS 

1. Tracheid effect scanning can be used for rough strength estimation on Norway spruce 
logs and sawn boards. 

2. The grain angle standard deviation is more closely related to strength than the average 
grain angle when measured in a single line along the board length. 

3. The scattering effects "Laser spot area" and "eccentricity of the spot" are related to 
wood properties of boards and can be used for grading purposes, provided that 
moisture content is uniform. 
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Classification of structural timber by decision trees 
 – A comparison to the certified method. 

 

M Brännström 
J Westin 

 

Abstract 
This work is an example of how to adapt a classification method, in this case a 
classification tree, to the present standardized method for the development of settings for 
strength-grading machines. Data from commercially available industrial strength-grading 
equipment were used on a large sample (approximately 1440 pieces) of Norway spruce 
(Picea abies (L. Karsten)) in various sawn dimensions. The equipment is a multisensor 
scanning device combining planar X-ray and resonance frequency measurement. 
Destructive testing was done according to European standard EN408. The goal was to 
make the classification, based on machine data, as close as possible to the optimum 
grading, which was done according to standard. Two different approaches for 
classification by cost-sensitive decision trees were applied to the data and compared to 
classification accredited according to EN14081. Classification accuracy increased from 
64% correctly classified to 73%, and a reduction from 33% False Negative to 23% was 
achieved. False Positive increased from 3% to 4%. The outcome was an increase in value 
for the producer of 0.9%–2.1% at 2007 average price level. The improvement came 
mainly from an in-yield increase in C30 of 10%.  

Keywords: C4.5, classification, data mining, density, MetaCost, Picea abies, strength 
grading, resonance frequency, trees, wood, X-ray 

 

To meet the required performance 
of a wood construction, the designer has 
to select a proper quality of structural 
timber. The wood-producing company 
must select the raw material, boards or 
logs, in such a way that these 
requirements can be met, i.e., by 
grading. Grading can be done by 
strength-grading machines that measure 
various properties of the raw material 
(Hoffmeyer 1995; Hanhijärvi et al. 
2005). These properties are related to 
strength either directly or by some 

model. In theory, all wood, irrespective 
of origin and species, should be gradable 
by the same model if all important 
aspects are covered by the model. 
Classification into a grade is done 
according to standards that vary by 
region.  

The framework for European 
machine strength grading is stipulated in 
EN14081, and the strength grades and 
their characteristics are described in 
EN338. In addition, several standards 
are used for statistical corrections on 
batch values, method definitions for 
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sampling and testing of different 
properties.  

In EN14081, two main optional 
methods are described: Machine control 
and Output control. The settings for 
machine-controlled production are given 
in the standard. If a wood producer uses 
the prescribed settings in the machine 
they are intended for, with timber from a 
raw material area that the settings are 
certified for, the grading should produce 
material fulfilling the requirements in 
EN338. This method requires a 
minimum of extra work at the possible 
expense of some yield loss. This yield 
loss comes from the need to account for 
a larger raw material variation than what 
is typical for the single mill. Output 
control requires continuous testing and 
calibration of the machine to the raw 
material, a flexible method that requires 
some extra work. In return, the yield is 
expected to be higher. This system is 
widely adopted in most wood-producing 
regions outside Europe. 

The European standard for machine 
strength grading has requirements for 
both mechanical Grade Determining 
Properties (GDP) and classification 
accuracy of the grading machine. The 
GDPs for each grade are average 
stiffness and the characteristic (5-
percentile) for bending strength and 
density, all with some corrections 
(EN338). Principally, any measurement 
technology can be applied in a grading 
machine. However, the standard is based 
completely on the use of one or several 
continuous variables called Indicating 
Properties (IP). An IP may be derived by 
any model from the output of the 
grading machine. 

(To be able to follow the text it is 
recommended to follow Figure 1.) When 
settings, or threshold levels, for each 

grade are developed by using the IP, 
subsamples are used. Subsamples should 
reflect the properties of the raw material 
for which the machine is to be used. 
About 900 specimens are needed for a 
new machine and a wide range of 
dimensions. The full sample is used to 
find the optimum grade of the pieces, 
i.e., the classification that should be the 
ideal for any grading technique. The 
optimum graded sample fulfils the 
requirements for mechanical properties. 

Machine settings are derived for the 
whole sample by leaving one subsample 
out at a time. In general terms, averaging 
of the settings so achieved is used as the 
basis for production settings. The 
resulting assignment of specimens to a 
grade is controlled by both the 
mechanical properties in the full sample 
and the cost for misclassification by a 
cost matrix calculation in which the 
optimum grade is compared to the 
assigned grade by the grading machine.  

Increasingly, industrial wood 
processing consists of integrated 
processes; i.e., grading is not done solely 
at one stage in the production process, 
but is rather built up by a series of 
grading stages (Oja et al. 2004; Oja et al. 
2005; Brännström et al. 2007; 
Brännström et al. 2008). The 
information from these different stages 
can be used in two main ways: by 
combining the output or by using the 
information for step-by-step refining of 
the raw material to the end product. 
When combined use of data is desired, 
there are high demands on traceability 
between the individual wood specimen 
and its values. Traceability is possible 
today, but there are both an error rate 
and costs associated with the available 
techniques (Dykstra et al. 2003; 
Uusijärvi 2003; Chiorescu and Grönlund 
2004). In that perspective, tree 
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algorithms might provide a tool to adapt 
machine control to an integrated 
strength-grading process without 
traceability.  

Algorithms for induction of decision 
trees developed by Quinlan (ID3 and 
C4.5) have received widespread use in a 
variety of classification applications 
(Quinlan 1993). MetaCost is a general 
method for making classifiers cost 
sensitive that has been shown 

empirically to produce large cost 
reductions compared to corresponding 
cost-blind classifiers in a suite of 
benchmark databases (Domingos 1999). 

Rouger (1996) gave an example of 
CART (Classification and regression 
trees) applied to strength grading. That 
was before the new standard was 
formed, and no tree algorithms have 
been entered into the standard to date 
(EN14081-4). Although Rouger 

Boards Industrial 
scanning

Laboratory
testing

IP-values

GDP

Optimum
grading

Optimum
grade

V
al

id
at

io
n 

of
 s

et
tin

gs

EN338
fulfilled?

YES

NOD
er

iv
at

io
n

of
 s

et
tin

gs

1

Production
grading

Average
all subsample

settings

Assigned
grade

Temp.
assigned

grade

Derive
prel. 

settings
Sub-

sample

Size 
matrix

[s]

Global 
cost 

matrix
[g]

g fp<0.2
YES

NO

1

Methods
EN408
EN384

Grade
definition
EN338

Preliminary
production

settings

2

2

Subsample
settings

Production
Settings

EN14081-4

Elementary
cost matrix [e]

EN14081-2

1

2

3

4

5

6

Average
OK?

Adjust 
settingNO

YES

 

=

⋅
=

N

j
j

ijij
ij

s

es
g

1

Figure 1. A simplified overview over the stipulated routine for deriving settings for the machine-
controlled system in the European standard for machine strength grading (EN14081). Settings and 
standards are symbolized as documents, while output based on individual observations has been 
symbolized as data. 
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proposed the field as important for 
research, not much could be found in the 
literature regarding the application of the 
method to strength grading. Wood 
research has so far mainly focused on 
prediction of continuous variables, such 
as the GDP, by different multivariate 
methods (Brännström et al. 2008; Via et 
al. 2003) and neural networks 
(Mansfield et al. 2007). Thus, it would 
be valuable to propose a method for the 
application of modern classification 
algorithms to the standard and to 
evaluate possible benefits by comparing 
the technique to a certified setting 
combination.  

Materials and methods 
The reader is encouraged to follow 

Figure 1 and the reference numbers 
given in the text for better 
understanding. 

Wood material  
(Figure 1 – 1.) In this study, Norway 

spruce (Picea abies (L. Karsten)) in 
various sawn dimensions was used. The 
originating sawmills and raw material 
area were in Estonia, Finland, Russia 
and Sweden. Dimensions and numbers 
can be found inTable 1. The boards were 
chosen at random, and those boards 
fulfilling the basic requirements for 
machine strength grading production 
were kept (“saw-falling”).  

 
Table 1. The origin and size distribution of the samples used in this study. 

Dimension [mm] Subsample 
38 x 100 44 x 100 44 x 125 44 x 175 50 x 150 50 x 200 Total 

1 34  60 60 55 59 268 
2  71  100 109 50 330 
3 32 34  56 34 157 313 
4  86 35 36 129  286 
5   35 41 91 68 235 

Full sample 66 191 130 293 418 334 1432 
 

Industrial scanning and processing 
(Figure 1 – 1.) The boards were 

planed and analyzed with a Golden Eye 
706 commercial strength-grading 
machine. It consists of a vibration 
frequency analyzer and a planar X-ray 
scanner. The X-ray scanner produces 
grayscale planar X-ray images of 
attenuation through the material. From 
the combined information, different 
features related to wood properties are 
derived (Guidiceandrea 2005; Anon. 

2006). The output data from the grading 
machine consist of 125 different 
features. By combining density, 
resonance frequency and length, the 
dynamic modulus of elasticity can be 
derived (Ohlsson and Perstorper 1992).  
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Destructive testing, optimum 
grading and cost matrices in the 
standard 

(Figure 1 – 2.) All boards were tested 
in four-point edgewise bending 
according to the European standard 
EN408. The bending strength (fm) and 
global modulus of elasticity (Em,g) were 
determined. In addition, density and 
moisture content were measured 
according to EN384 ( ).  

(Figure 1 – 3.) Optimum grading into 
four different classes was done 
according to EN14081-2, EN384 and 
EN338. The grade-determining 
properties (GDP) for each grade are 
characteristic (5-percentile) bending 
strength (fm,k) adjusted for size, average 
stiffness (Emean) and characteristic 
density ( k), both adjusted for moisture 
content. The requirement on Emean is 
corrected by the factor 0.95 (EN384) and 
the fm,k is adjusted for lower variability 
of machine grading compared to visual 
grading by the factor kv = 1.12 for C30 
and lower grades. In brief, optimum 
grading is done so that all specimens that 
fulfill the criteria for one class (Table 2) 
by judging from each grade-determining 
property alone are marked as belonging 
to that class. The GDP resulting in the 
fewest specimens assigned to the class is 
used, for assignment to optimum grade. 
If the GDPs are not all fulfilled for the 
actual class, the procedure is repeated 
with the two remaining GDPs until the  

criteria are fulfilled, and the 
specimens are assigned this class as their 
optimum grade. (Figure 1 – 4.) 
Normally, production settings 
(thresholds) are found for one or several 
indicating properties (IP) from the 
grading machine so that the sample 
assigned a grade by the machine fulfils 
the GDP. This is done by leaving one 
subsample out at a time, finding 
accepted settings, and finally averaging 
all settings. (Figure 1 – 5.) 

If the difference between the average 
and the most conservative setting is 
larger than 15%, the production setting 
shall be adjusted by 15% towards the 
average; otherwise no adjustments are 
needed. In the present work, direct 
assignment by classification to a grade 
was used, rather than the use of a single 
threshold. Thus, the averaging had to be 
done by some other method (see the 
section Classification).  

(Figure 1 – 6.) In EN14081, 
classification accuracy is controlled by 
the use of a Global cost matrix. This is 
done using a Size matrix and an 
Elementary cost matrix. The Size matrix 
is built up by describing the number of 
specimens for each optimum grade 
(rows) and assigned grade (columns). 
The Elementary cost matrix for each 
optimum/assigned grade combination is 
given in the standard. From this, the 
Elementary cost matrix for the actual 
grades can be derived (Table 3). 

 
Table 2. Grade-determining properties (GDP) criteria for assignment to the studied optimum grades. 
Bending strength (fm,k ), machine strength grading factor (kv = 1.12 for grades  C30, else kv = 1.0), 
and the characteristic density k. Emean  is corrected by multiplication with the factor 0.95. 

Grade 
GDP C40 C30 C18 

fm,k / kv  [N/mm²] 40 26.8 16.1 
0.95 · Emean   [N/mm²] 13300 11400 8550 

k  [kg/m³] 420 380 320 
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Table 3. Elementary cost matrix for the 
grades studied. 

Assigned grade Optimum 
grade C40 C30 C18 
C40 0 0.53 1.59 
C30 1.11 0 1.01 
C18 4.07 2.22 0 
 

The Global cost matrix (gij) is 
calculated by multiplying the number of 
specimens in one cell in the Size matrix 
(sij) with the corresponding value in the 
Elementary cost matrix (eij) (Table 3) 
and dividing it with the total number of 
specimens assigned to that grade, so that  

=

⋅
= N

j
j

ijij
ij

s

es
g

1

, (Equation 1) 

where N is the total number of grades 
used at the same time. The resulting 
values in the cells for wrongly upgraded 
material, or "False positive" ((fp), for 
example, the amount of C18 optimum 
grade classified as C30), in the Global 
cost matrix are not allowed to exceed 
0.2.  

Selecting variables for classification 
(For a better explanation of the 

algorithms used in this section, please 
consult the references.) For variable 
selection, the full data were split into 4 
subsets at random. This was done to 
avoid the same combination of 
specimens as in the subsamples used for 
classification, thus avoiding the risk of 
overfitting in later analysis. On each of 
the subsets, the predictive ability of all 
variables to the classes was assessed, in 
combination with the internal correlation 
of the selected variables. This was done 
by using the data-mining software 
package Weka v. 3.5.6  and the variable 

selection algorithm Cfs Subset Eval and 
the Greedy Stepwise search method with 
tenfold cross-validation evaluation 
method (Witten and Frank 2005) (see 
also the final note). The method ranks 
variables in each subset by preferring 
high correlation to the classes and low 
intercorrelation. Manual selection of 
variables was based on information from 
the manufacturer of the grading 
equipment. 

For the EN-certified grading, the 
proper indicating properties and settings 
were used for the classification 
(EN14081-4:2005/A3:2007). These IPs 
consist of linear models modeling the 
grade-determining properties, based on 
similar variables as those selected by the 
algorithm for this study. 

Data preprocessing  
All machine-learning algorithms 

depend on reliable data. In the case of 
strength grading of wood, even the true 
classification is noisy. The 5th percentile 
admits pieces in the Optimum grade that 
do not fulfill the requirements as judged 
by their individual values. In order to 
reduce noise for training purposes, every 
specimen with an individual value below 
the required 5th-percentile value for 
density and strength (independently) was 
assigned a lower grade (Figure 1 – 3).  

Classification 
One of the aims of this article was to 

adjust a method for direct classification 
to EN14081, which is intended for 
classification (grading) by threshold 
values on continuous IP values. Decision 
trees were chosen for classification in 
this study due to their conceptual 
simplicity and interpretability. A tree is 
made up of nodes, at which the data are 
split by some criterion, and leaves, 
where the final class is assigned the data. 
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The size of a tree is equal to the sum of 
nodes and leaves. Two major, 
competing, decision-tree algorithms 
exist: CART (Classification And 
Regression Trees) and C4.5 (Hastie et al. 
2001). The decision-tree algorithm J48, 
which is the Weka implementation of 
C4.5 (Quinlan 1993), was used for 
creating classification trees. J48 was 
selected due to its proven good 
performance in other applications 
(Witten and Frank 2005).   

The MetaCost (Domingos 1999) 
classifier was used to make J48 cost 
sensitive. In cost-sensitive classification, 
the algorithm strives towards a 
minimized cost of the classification 
error, similarly to what is prescribed in 
the standard EN14081-2. The cost 
matrix of the classifier enables the user 
to steer the classification by altering the 
costs for misclassification. The cost 
matrix used for MetaCost must not be 
confused with the Global cost matrix in 
EN14081. The former is only used for 
the development of classification trees, 
while the latter is a required validation 
method for derivation of machine 
settings. 

MetaCost uses bootstrap aggregation 
to create, in this case, ten classification 
trees from two thirds of the data by 
resampling. Each of these is pruned, i.e., 
simplified, by size reduction, using the 
remaining third of the data. The output 

classification is combined by majority 
voting wherein each tree’s vote has 
equal weight. The training data are 
assigned a new class by this classifier, so 
that the assigned class minimizes the 
expected cost. The final step is to learn a 
new classifier on the reassigned data, 
resulting in a new pruned tree. What 
makes the method favorable is the 
interpretability of the final, single, 
classifier as well as the increased 
stability resulting from bootstrap 
aggregation included in the final model 
(Domingos 1999).  

(Figure 2 can be compared to Figure 
1 – 4-5.) In accordance with EN14081-2, 
the full data (S) were divided into five 
subsamples according to their origin, 
herein denoted by SSn, where n = 1, 2, 3, 
4, 5, (Table 1). In EN14081-2, settings, 
or IP thresholds for each grade, are 
found for each subsample by excluding 
it from the training data (S - SSn). 
Classifier development was done 
similarly to this method by making one 
classifier for each S - SSn. The 
development of an accepted 
classification tree in Weka followed this 
general method: A tree was generated by 
using all but one subsample (S - SSn). 
The mechanical properties in S - SSn 
were controlled for the fulfillment of the 
GDP requirements of EN338 (Table 2). 
The Global cost matrix was checked by 
the actual classification result. If all 

YES

Improve
settings or 
cost matrix

Full
sample

S

Sub
sample
S-SSn

Sub
sample

SSn

Sub-
sample

MetaCost
J48

MetaCost
cost matrix S-SSn

& algorithm 
settings

GDP
fulfilled

Tree
S-SSn

NO

YES

NO

Validation 
of settings 
(Fig 1 – 6)

4 - 5

Figure 2. The method for deriving cost-sensitive classification trees along with the control routine. It 
replaces process parts 4 and 5 in Figure 1. Validation of settings is done an extra time to ensure 
success at the final validation (Figure 1 – 6). 
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values in the cells representing a 
wrongly upgraded specimen were lower 
than 0.20, it was accepted (EN14081-2). 
If the derived result failed to pass any of 
these decision points, the process was 
started from the beginning with a 
changed setting of the algorithm or 
MetaCost cost matrix value. Changes 
were made manually by trial and error 
(Figure 2) 

In Weka, reduced error pruning was 
applied on all trees. The confidence 
threshold for pruning was 0.25. The 
minimum number of instances at each 
node was 2 (except for S - SS1, where 5 
were used accidentally), and one third of 
the data was used for pruning. An 
increase of the minimum number of 
instances and the use of reduced error 
pruning reduces the size of the tree. This 
is not a goal in itself, but it is easier to 
grasp a small model than a large one.  

Method of averaging the 
classification output 

When all subsamples had been left 
out once, all trees were gathered for 
voting (Figure 3), as a substitute for the 
averaging method stipulated in the 
standard (Figure 1 – 5). Note that these 
were all results of the aforementioned 
bootstrap aggregation, so this is the 

second time trees voted for a decision. 
Two different strategies were compared: 
Lowest vote and Majority vote. The 
Lowest vote will give the lowest 
assigned grade of all models to the 
specimen, while the Majority vote will 
use the grade most often assigned 
regardless of distance to the lowest.  

One risk with voting models, when 
essentially the same data is used for 
training and validation, is overfitting. In 
final voting, only one out of five votes 
from a classifier was not built with the 
actual observation in the training set. If it 
votes differently than the other, 
potentially overfitted, classifiers, it will 
be voted down. To enable studies of 
such effects, these classifications were 
gathered to an Excluded classifier 
(classification by classifier S - SSn on 
SSn, see Figure 4). The Excluded 
classifier is not intended for production, 
but can be regarded as a validation tool 
for the individual voting trees. It cannot 
be expected to perform as well as the 
voting classifiers, but it must not be 
much different. The worrisome lack of 
validation was studied by comparing 
disagreeing votes, classification 
accuracy and resulting mechanical 
properties by the classifiers.  

Tree
S-SS1

Tree
S-SS5

Sub
sample
S-SS1

Classification
by S-SS1

Classification
by S-SS5

Excluded
classifier

Sub
sample
S-SS5  

Figure 3. Derivation of Excluded classifier, which was only used for validation purposes. Only the 
data excluded (SSn) from derivation of the tree S-SSn were used. All five subsamples and trees were 
used (dotted line). 
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Certified grading result 
The present certified settings for the 

machine used, this species and grade 
combination, consist of threshold levels 
for three different modeled IPs for each 
grade (EN14081-4:2005/A3:2007). By 
applying these settings to the data, the 
resulting classification is referred to as 
EN grading. 

Determination of value 
The relative value of one graded 

cubic meter for the producer was 
calculated as 

Producer 

 value 
=

⋅=
N

igrade
ii RNMYield (%),(%)  

i= C40, C30, C18, (REJECT).  

The Yield, as share of pieces in a 
certain grade, was found by applying the 
grading settings or classifier to the total 
sample. RNM is the relative Net Mill 
price for one mill found by averaging 
price levels for the year 2007 (Anon. 
2008). C30 was selected as the reference 
with 100% value, resulting in C18 83% 
value and C40 108% value. The price is 
set by the market and may change 
rapidly due to a wide range of factors 
unrelated to product quality.  

The value utilization is a measure of 
how much of the optimum value is used 
by applying the grading algorithm. 
Theoretically, this value can surpass 
100%.  

 
 

Result and discussion 

Optimum grading 
Properties for the Optimum graded 

sample can be found in Table 4. No 
reject was found by optimum grading, 
nor did the classifiers make rules for it. 
Although Reject was available in the 
pretreated training data, the number of 
pieces was too low for the class to be 
found in each iteration. Since 
development of settings was not the 
main aim of the study, Reject has been 
left out of analysis.  

 
Table 4. Optimum grade properties for the 
full sample. 

  Grade 
GDP  C40 C30 C18 
fm,k  [N/mm²] 41.0 27.7 17.3 
Emean   [N/mm²] 14195 11627 8794 

k  [kg/m³] 424 381 334 
N  559 513 359 

Wood strength properties 
For all subsamples, there was good 

agreement between strength and 
stiffness, while density varied 
considerably in its relation to the other 
properties (Table 6). Bending strength in 
SS5 is much lower than in the other 
samples (Table 5). The correlation 
between strength properties is also 
amongst the weakest of all subsamples 
(Table 6). This subsample was the only 
one lacking dimensions smaller than 
44 x 125 mm (Table 1). SS1, on the other 
hand, had the highest average GDP 
values, and the strength correlations 
were amongst the best. In general, 
density was the GDP that varied most in 
correlation to the other two. Although 
classification is based partly on density, 
there was no obvious effect from the 
variation in GDP correlation on the 
misclassification cost for the Majority 
vote tree on any subsample (compare 

(Equation 2) 
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Table 6 and Table 9). Mechanical 
properties of all classifiers were similar 
(Table 13). For a better classifier, the 
average value of each property will be 

lower, if the requirements are based on 
characteristic value; i.e., the distribution 
is narrower. 

Table 5. Results from destructive testing. The mean, standard deviation (S) and characteristic value 
for selected strength and wood structural properties of both samples.  

 Bending strength  Stiffness  Density 
Sub-

sample Mean s 
Char. 
value 1 Mean s 

5th %-
tile  Mean s 

Char. 
value 2 

1 47.1 12.6 22.6 12970 2740 7870 450 43 379 
2 45.0 12.1 27.4 12140 2480 8300 438 38 374 
3 43.9 12.6 24.0 11540 2550 7440 426 41 359 
4 41.7 13.7 20.6 11820 3050 6750 433 45 358 
5 38.9 12.8 18.9 11030 2670 6670 423 44 350 

All 43.5 13.0 22.5 11920 2760 7360 434 43 363 
1 By ranking according to EN384. 
2 Derived from average and S according EN384. 
 

Table 6. A comparison of how well the strength properties in the different subsamples correlate. 

   Subsample  
r between 1 2 3 4 5 Full 
fm  vs E 0.79 0.77 0.80 0.83 0.76 0.80 
E vs  0.75 0.62 0.57 0.64 0.57 0.65 

 vs fm  0.56 0.44 0.37 0.55 0.41 0.48 
 

Selection of variables for 
classification 

Many of the variables were very 
similar, by judging from correlation to 
GDP and each other, which is why only 
the three best-ranked most common 
variables by ranking from all four 
subsets were kept for classification 
training. Two manually selected  

variables were also added based on their 
earlier proven predictive ability, i.e., use 
in present installations of the machine 
(EN14081-4:2005/A3:2007). At length, 
the dynamic modulus of elasticity, two 
different density values and two 
different knot-related features remained. 
Some were not used by the classifiers, 
depending on the actual subsample 
properties (Table 7). 

Table 7. The size of the different trees used for classification and the variables selected by the 
algorithm.  

 Classifier 
 S - SS1 S - SS2 S – SS3 S - SS4 S - SS5 
Size 17 29 13 51 29 
Leaves 9 15 7 26 15 
Variables 
used 

Edyn 
Density1 
Density2 
Knot1 
Knot2 

E-dyn 
Density1 
Density2 
Knot1 
Knot2 

E-dyn 
Density1 
 
 
Knot2 

E-dyn 
Density1 
Density2 
Knot1 
Knot2 

E-dyn 
Density1 
Density2 
Knot1 
Knot2 
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Classification and grading 
One classification-tree example is 

given (Figure 4 and 6), with some basic 
data about the other trees (Table 7). 
None of the trees had the same size, 
which was expected due to the unstable 
nature of decision-tree generation 
(Witten and Frank 2005). The initially 
selected variables were relevant for the 
algorithm in all but one case: Without 
SS3, fewer variables are needed (Table 
8) The classification accuracy of the 
voting classifiers was better than that of 
EN grading (Table 8). The 

misclassification cost was higher for 
Majority vote than for EN grading for 
optimum grade C18 assigned as C30 
(Table 9). This was also where the 
greatest economical gain was found.  
Table 8. Classification accuracy for the 
different approaches compared to EN 
grading. 

 Classifier 
 Majority Lowest EN 
Correctly 
classified 73% 68% 64%
False Negative 23% 29% 33%
False Positive 4% 3% 3% 

 

 

Table 9. Comparison of the Global cost matrix for EN grading and the Majority vote tree. Numbers 
indicate the subsample left out, and S indicates the full sample values. Gray indicates wrongly 
downgraded, where there is no cost requirement. 

Subsample left out 1 2 3 4 5 S 
Optimum 

grade 
Grading 
method Assigned grade C40 

C30 Majority 0.05 0.04 0.05 0.05 0.05 0.03 
C30 EN 0.07 0.06 0.05 0.07 0.05 0.06 
C18 Majority 0.02 0.03 0.03 0.01 0.01 0.01 
C18 EN 0.06 0.07 0.06 0.06 0.01 0.05 

  Assigned grade C30 
C40 Majority 0.18 0.16 0.20 0.15 0.18 0.21 
C40 EN 0.22 0.24 0.26 0.24 0.25 0.24 
C18 Majority 0.14 0.17 0.13 0.17 0.13 0.09 
C18 EN 0.09 0.09 0.07 0.10 0.07 0.08 

  Assigned grade C18 
C40 Majority 0.02 0.02 0.01 0.02 0.01 0.03 
C40 EN 0.03 0.03 0.02 0.03 0.02 0.03 
C30 Majority 0.27 0.22 0.23 0.19 0.20 0.28 
C30 EN 0.40 0.36 0.39 0.39 0.39 0.39 

Averaging the classification output – 
disagreeing votes 

Compared to Lowest vote, the 
Excluded classifier disagreed to 9%, 
which was very close to the 8% 
disagreement of Majority vote. 
Compared to the Majority vote, the 
Excluded classifier disagreed to 7%, 

whereof a bit less than half of the 
occurrences (3%) were given a lower 
class. Thus, the excluded classifier 
classifies similarly to Majority vote in 
terms of grade distribution. No deviation 
was larger than one grade. For three of 
the subsamples, the Excluded classifier 
disagreed most from the Majority vote, 
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but the difference was never higher than 
2% (diagonal in Table 10). Additionally, 
the Excluded classifier was not the most 
disregarded of the voting trees, where 
two won more often, and one clearly 
fewer times (total in Table 10).  

Classifiers based on the worst 
sample, SS5, won more often, or 
disagreed the least (Table 10) compared 
to those based on the better performing 
SS1 (Table 5, Table 6, Table 13). S - SS1 
won most often (Table 10), so the 
variation in SS1 might be too low to give 
a good explanation for the other samples 
(Table 5). SS4 seems to be the most 

important subsample for the fit, since the 
tree where it was left out was the largest 
one (Table 7) and the classification 
result was also the worst (Table 10). 

The 15% rule for adjusting the 
average setting value could be replaced 
by allowing one vote from Lowest vote, 
which would mean a reduction of 
average setting by 15% where there are 
disagreeing votes. In that respect, it is 
more precise than a simple averaging of 
a threshold. 
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Figure 4. The decision tree resulting from the MetaCost J48 and exclusion of subsample 3. Size 13 
with 7 leaves. Numbers in circles refer to the grading rule visualized in Figure 3. 
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Table 10. The share of disagreeing votes for each subsample and tree compared to Majority vote. 
Excluded classifier in gray. S - SS2 and the Excluded classifier had the same total number of 
disagreeing votes. 

Classified on Classifier 
subsample S - SS1 S - SS2 S - SS3 S - SS4 S - SS5 Excluded

SS1 3% 6% 3% 8% 5% 3% 
SS2 3% 10% 4% 9% 7% 10% 
SS3 4% 8% 5% 9% 7% 5% 
SS4 4% 5% 3% 7% 4% 7% 
SS5 4% 5% 3% 6% 9% 9% 
Total 3.4% 6.9% 3.7% 8.0% 6.5% 6.9% 
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Averaging the classification output – 
classification accuracy  

The result for the Excluded classifier 
was 71% correct, false negative 23% and 
false positive 6%. From the point of 
view of classification, the Excluded 
classifier performed better than both 

Lowest vote and EN grading, but the 
False positive share doubled (Table 8). 
Still, the requirements on the Global cost 
matrix were fulfilled (Table 11). The 
Global cost matrix shows that the 
Majority vote classifier is closer to the 
0.20 limit for the individual classifiers 
for C30 than is EN grading (Table 9). 

Figure 5. One of the five grading 
trees visualized through the 
indicating properties, E-dyn, 
Density1 and Knot2. The 
thresholds are marked with 
numbers, referring to Figure 2. As 
the settings are 3-dimensional, 
visualization of depth has been 
attempted using the broken lines. 
There is no difference between solid 
and broken lines from a 
classification point of view.  
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On the full sample, the difference is 
small. The improvement by Majority 
vote in decreased false negative is valid 
on both subsample and full sample level. 

Averaging the classification output – 
mechanical properties 

All classifiers fulfilled the 
requirements of the standard (Full 
sample in Table 13). Although it is not 
required by the standard, the mechanical 
properties in each subsample were 
assessed and compared (Table 13). 
Majority vote is closer to the 
requirements (Table 2) than is EN 
grading, but the difference is small. 

Strength is the limiting factor for all 
grades, followed by density, while 
stiffness clearly exceeds the 
requirements. Lowest vote resulted in 
fewer subsamples with values below the 
required, compared to both Majority 
vote and EN grading. Subsample 5 
behaves clearly differently, thus it might 
perform better with a classifier of its 
own (or with Output control). The 
mechanical properties resulting from the 
Excluded classifier fulfilled all 
requirements except the strength 
requirement for C40 (Table 11). The 
deviation is not big enough to be 
alarming (0.5 MPa), as it is not intended 
for production.  

 

Table 11. Global cost matrix and grade 
determining properties by applying S - SSn 
model on SSn and collecting the result for the 
whole sample (Excluded classifier). Gray cells 
indicate values below those required from a 
real classifier.  

 Assigned 
Optimum C40 C30 C18 

C40 0.00 0.18 0.03 
C30 0.06 0.00 0.23 
C18 0.02 0.19 0.00 

N 341 695 395 
fm.k 39.5 26.7 17.4 

Emean 15088 11971 9093 
k 436 387 342 

 

Value of the grading 
Industrial experience shows that a 

much larger (several thousand pieces) 
and independent sample is needed to 
give a good indication of the feasibility 
of strength-graded products. However, 
this study indicates that the best 
producer value and highest value 
utilization is found by using a Majority 
vote tree (Table 14). There is a good 
economical improvement potential for 
the producer, even by using the most 
moderate classification tree tried: 
Lowest vote. Applying tree grading 
yields a value increase for the producer 
of between 0.9% and 2.1%. Most of that 
benefit comes from an increase in C30 
(Table 12).  

Table 12. Rearranged size matrix for the Majority vote. Lowest vote and EN grading showing the 
number of pieces in each assigned and optimum grade. 

 Assigned C40  Assigned C30  Assigned C18 
Optimum Majority Lowest EN Majority Lowest EN Majority Lowest EN 
C40 313 278 296 242 271 254 4 10 9 
C30 13 9 17 415 371 284 85 133 212 
C18 2 1 4 45 28 21 312 330 334 
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Table 13. The GDP of the graded material in each subsample. Gray indicates values that do not fulfil 
the requirements of EN338. N/A indicates that the number of assigned pieces in that sample was too 
low for the statistics to be calculated. In the EN settings, there are settings also for Reject, but that 
was omitted in this study. However, remaining C18 grade fulfilled the requirements anyway. 

fm.k (MPa) Emean (GPa) k (kg/m3) 
Grade 

Sub-
sample EN Majority Lowest EN Majority Lowest EN Majority Lowest

1 42.9 40.2 41.1 15.2 15.1 15.3 435 437 439 
2 40.1 35.0 41.9 15.1 15.0 15.4 430 433 440 
3 39.1 40.0 38.3 15.1 15.0 15.4 422 430 436 
4 46.8 41.0 42.7 15.8 15.5 15.6 438 437 441 
5 24.3 30.3 N/A 14.7 14.8 15.1 419 436 447 

C40 

Full 41.2 40.0 41.2 15.2 15.1 15.4 431 435 440 
1 28.0 29.3 28.5 12.8 12.5 12.6 405 401 402 
2 29.5 29.6 29.7 12.1 11.9 12.2 399 394 397 
3 29.4 29.0 29.6 11.9 11.7 12.1 393 384 388 
4 29.6 27.5 28.5 12.6 12.1 12.5 403 391 391 
5 25.5 23.6 23.6 12.2 12.0 12.4 391 376 384 

C30 

Full 29.4 28.1 28.7 12.3 12.0 12.3 398 388 392 
1 18.5 18.1 18.2 9.4 8.9 9.0 342 346 338 
2 21.0 19.1 19.7 9.9 9.3 9.6 358 348 353 
3 19.3 18.8 19.3 9.9 9.2 9.5 349 345 347 
4 16.3 14.7 15.2 9.5 8.8 9.1 343 333 338 
5 17.1 16.0 16.6 9.6 8.9 9.2 342 334 336 

C18 

Full 18.5 17.4 18.0 9.7 9.0 9.3 347 340 342 
 

Table 14. Grading yield, producer value and value utilization by using different grading algorithms. 

Classifier Grade Yield 

Relative 
Producer 
value 

Total 
batch 
value  

Value 
utilization 

C40 39% 42.0 
C30 36% 35.8 Optimum 
C18 25% 20.5 

98.3 100% 

C40 22% 23.8 
C30 39% 39.1 EN 
C18 39% 31.6 

94.5 96.1% 

C40 23% 24.6 
C30 49% 49.1 Majority 
C18 28% 22.9 

96.6 98.2% 

C40 20% 21.6 
C30 47% 46.8 Lowest 
C18 33% 27.0 

95.4 97.1% 
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Future research  
A grading process could clearly 

benefit from the use of classification 
trees. Future research should therefore 
focus on how different classification 
strategies can be included in a machine-
controlled grading process in which 
grading starts with logs, or even trees. 
Decision trees can be reduced to rules, 
and economical factors can be brought 
into the grading process for optimized 
steering of raw material at each stage in 
the process. 

Future development of automated 
optimization algorithms for settings and 
the MetaCost cost matrix might improve 
on the result achieved by the trial-and-
error method applied in this study. 
Reject settings should be included in 
future studies, as a special routine is 
prescribed for that in EN14081-2. Other 
classification methods can be used and 
combined in the manner proposed here. 
It remains for further study to reveal 
how direct classification could be used 
for output-controlled grading. An option 
is to update the decision boundaries to 
match the raw-material quality in 
smaller regions, for example by applying 
ANFIS (Adaptive Neuro Fuzzy 
Inference Systems) (Jang 1993). 

Limitations for mechanical properties 
and classification results for the 
Excluded classifier could be defined in a 
standard in order to have clear limits for 
acceptance of voting classifiers. 

Conclusions 
In the present work, a method for 

direct classification applied to machine-
controlled grading according EN14081 
has been proposed. Both the classifiers 
Majority vote and Lowest vote gave 
better classification accuracy than the 
EN grading. The Majority vote classifier 

gives results similar to EN grading by 
judging both of the resulting GDPs in 
the subsamples and grades and the 
misclassification cost. The Lowest vote 
classifier reduces the false positive share 
of the cost of reduced classification 
accuracy. Producer economy and value 
utilization were improved by both trees. 
The voting method is simple and can be 
used for any classification method.  
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Licence and downloadable through: [http://www.cs.waikato.ac.nz/~ml/] (Retrieved 2008 
Oct 9.) 

 

 

 

 

Practicalities & Possibilities statement 
This study determined that direct classification methods can be used in the European 
machine strength-grading standard's machine-controlled method, with improved 
classification accuracy, new possibilities for grading processes and increased producer 
profit as results. 

http://www.cs.waikato.ac.nz/~ml
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THE IMPACT OF A STRENGTH GRADING PROCESS ON 
SAWMILL PROFITABILITY AND PRODUCT QUALITY 
 
Mattias Brännström  
 

A strength grading process, starting with log grading, was studied with 
respect to grading yield, impact on quality, and economic efficiency when 
visual grades according to Nordic grading rules were used as alternate 
product. Pine (Pinus sylvestris) and spruce (Picea abies) logs and 
boards were graded with several varieties of commercial grading and 
strength-grading equipment. The boards were destructively tested, and 
the European grade-determining properties strength, stiffness, and 
density were measured. Models for these were made by partial least 
squares and validated. A method for the derivation of settings for multiple 
indicating properties, which increased yield in some cases, was 
proposed and evaluated. Grading to grade combinations of C40, C30, 
and C18 was done. The impact of visual override based on deformations 
was also studied. A simplified economic and sensitivity analysis was 
done. The outcome was that log grading can be used for strength 
grading with good economic and quality results. Strength pregrading on 
logs improves sawmill economy, depending on species and market 
situation. Drying quality greatly influences the yield through visual 
override grading on deformations. Market prices of high grades (>C30) 
must improve in order to stimulate supply, as it is more economical to 
produce lower grades. 

 
Keywords:  COV; Log grading; Modeling; Multivariate; Picea abies; Pinus sylvestris; Resonance 
frequency; Sawmill; Strength grading; X-ray; Yield 
 
Contact information:  Stora Enso Timber, SE-791 80 Falun, Sweden;  Luleå University of Technology, 
Division of Wood Science and Technology; mattias.brannstrom@storaenso.com 
 
 
INTRODUCTION 
 

The profitability of the sawmilling process depends to a large extent on how well 
the available raw material is used, as the single largest cost of the process is the raw 
material. Traditionally, economy has been achieved by using as much of the incoming 
log as possible in the final products, i.e., volume yield in boards and planks. This has 
been enabled by outer shape measurement (3-D scanning) on the log and a focus on the 
top diameter, which limits the possible sizes to cut from the log. With increasing 
competition, the focus has turned to value recovery, i.e., to getting the highest payment 
for the end products aside from the volume yield. Although it has been possible to do this 
with 3-D scanners (Jäppinen 2000), the quality grading of logs has improved by using x-
ray scanning, alone or in combination with 3-D scanners (Oja et al. 2004).  

Strength grading is one method of adding value to the end product, 
notwithstanding the fact that the sizes in sawing are optimized for volume recovery. 
Strength-graded timber is intended for construction purposes, and the European structural 

mailto:brannstrom@storaenso.com
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timber qualities, C-grades, described in EN338 place requirements on the grade 
determining properties (GDP) of characteristic bending strength, stiffness, and density. 
The grades are named after the characteristic strength of the grade, so that the fifth 
percentile of C40 strength is 40 MPa (N/mm²).  

Strength grading can be done visually by manual inspection or using a scanner, 
with C30 as the highest grade, but machine grading improves economy through lower 
costs, higher yields, and greater efficiency. The machines normally estimate one or 
several of the GDPs by some technology in order to arrive at predictions, indicating 
properties (IP). Grading thresholds for the IPs are made according to standard EN14081-
2, which has requirements on the grading and classification accuracy of the machine. The 
settings thus achieved are called "machine control" settings and are fixed, contrary to 
"output control", where settings are gradually altered to account for raw-material 
variability. After grading, there is a final control, "visual override", so that no features 
that are not measured by the grading machine will influence strength negatively. The 
visual override can be done by scanners or manual graders. 

Higher strength grades are sold at a higher price than lower grades. There is a 
balance though, since by using the same raw-material batch, the share of low grades 
increases when higher grades are sorted out. For sawmills using Nordic raw material, it 
has been simple and profitable to grade only one grade, the European grade C24, as 
almost all material fulfills the criteria for it. By grading in another combination, such as 
C40-C30-C18, the C40 price must be balanced with the lower value of the products 
falling out as a consequence of being "off-grade": C18 and Reject.  

Not all grades are demanded by the market at all times, and especially not in the 
same dimensions and lengths. Higher grades are normally supplied to a lesser extent, due 
to the raw-material limitations and need for more advanced and expensive grading 
equipment, which means that there is a demand for higher grades, while lower grades 
usually are oversupplied and thus lower priced. For a producer, it would be a great 
benefit to, prior to sawing, select which grades to produce to fulfill the market demands 
while reducing the amount of off-grade material produced. Such early selection of the 
appropriate raw material for strength-graded products has been studied as implemented 
by various technologies such as x-ray (Brännström et al. 2005; Oja et al. 2001) and 
acoustic methods (Wang et al. 2007; Edlund et al. 2006). For plantation grown Pinus 
radiata, the financial return from impact-velocity graded logs has been published 
(Tsehaye et al. 2000). 

Naturally, such early selection requires profitable products for which the rejected 
raw material can be used, which is more profitable than the strength-graded off-grade. A 
rough classification of Nordic sawn goods is made according to "Nordic timber – grading 
rules…" often called "Blue book" (Anon. 1997). These grades have been influential 
guidelines for most commodity grades in the Nordic countries for a long time, but are 
today gradually being abandoned by the industry and replaced by customer-adapted 
grading. Still, the Nordic timber grades represent a large share of the bulk production; 
consequently, they might serve as a general alternate product. 

The timber construction designer is in need of a well-specified material. The 
material must fulfill the characteristic values, but in addition, the variation in the lowest 
5th percentile must not be too large. To account for the material’s variation in the 
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resistance to load, various safety factors are used. In reliability-based design, the 
coefficient of variation (COV) of strength is a key property of the construction material 
(Anon. 2006). In particular, the lower tail (lowest 10% of the values) is of great 
importance for the accurate prediction of characteristic strength and the calibration of the 
material safety factor (γM) (Ranta-Maunus et al. 2001). If COV can be reduced, both solid 
timber and engineered wood products can become more competitive from an engineering 
point of view.  

For the future competiveness and credibility of timber as a construction material, 
a strength-grading process must be developed that allows early steering of raw material 
on value, volume and yield and in which variation within grades is reduced. This paper is 
an attempt to determine if that is already possible today with some commercially 
available grading equipment. 
 
 
EXPERIMENTAL 
 

This study is based on data gathered in the Finnish research institute VTT’s 
project Combigrade 2 (Hanhijärvi and Ranta-Maunus 2008). The final report gives a 
comprehensive description of the materials and methods of scanning and laboratory 
testing. Here follows only a short summary. 

 
Wood Material and Processing 

Two different species were used in the study: Norway spruce (Picea abies (L. 
karst)) and Scots pine (Pinus sylvestris). Logs were sampled randomly from trucks or 
railway cars at six different sawmills in Finland. The logs originated from three areas in 
Finland and two areas in Russia. Five different log classes were used, with top diameters 
in the range 154–398 mm. Sampling was done such that 44 logs per species, area, and log 
class were obtained. Sawing was done to the millimeter sizes 38 x 100, 50 x 100, 50 x 
150, 44 x 200, and 63 x 200. 44 x 200 mm was sawn as 4 ex log, and all other dimensions 
were sawn as 2 ex log. Only one board per log was used in the study, but all positions in 
the sawing pattern were equally represented in the sample. Sawing and drying were done 
at research facilities under controlled conditions in order to avoid quality flaws due to 
production. 

A comparison of results from different processes depends on the sample at hand, 
due to statistics in optimum grading and setting derivation. Thus, all specimens that were 
not measured by all machines, or in laboratory, were left out of analysis. Finally, 1725 
observations remained, 897 on pine and 828 on spruce. 

In this study, no consideration of origin, log class (diameter intervals) or sawn 
dimensions was taken in the final analysis; i.e., the data for each species have been 
treated as a single entity.  

 
Industrial Scanning and Equipment 

The logs were scanned at two different log-grading departments by "Wood-X" log 
x-ray scanners manufactured by Bintec with four x-ray sources and sensors, giving 
information on inner features distinguishable by density differences (Anon. 2009a). Data 
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from one mill were mainly used in all analyses, while the other mills’ data were used for 
finding erroneous values. A hand-held device, Fiber-Gen "HM-200" vibration 
measurement tool, was used when the logs were piled on the log yard to give the impact 
velocity of the log (Wang et al. 2007; Carter et al. 2005). The vibration measurement tool 
gives a confidence value for each measurement. Measurements from the x-ray log 
scanner and the vibration measurement tool are referred to as "log grading" (LG). 

A Finscan "Board Master" visual color scanner was used to get information on 
shape and defects, such as knots and damage after drying, from dry boards with rough 
sawn surface (Anon. 2009b). This is accepted as a replacement for manual visual strength 
grading, but currently not for machine strength grading. In this study, it is referred to as 
the "dry-grading" equipment (DG). 

A Microtec "Golden Eye 706" was used with machine control settings to get a 
certified grading result for each board (Guidiceandrea 2005). The machine is accepted in 
EN14081-4 for a wide range of grade combinations and raw material origins. It is 
referred to as the "machine grading" equipment (MG). 

 
Pretreatment of Industrial Data 

The vibration measurement tool was corrected with respect to the temperature 
differences between the different measurement occasions and their influence on the 
results. The linear correction was derived based on the assumption that the average 
velocity values from each occasion should be equal to the average for all of the 
measurements. This is a reasonable correction suggested by a shift found in earlier 
studies (Edlund et al. 2005; Carter et al. 2005). Filtering by the confidence level given for 
each measurement was done, so that values with lower confidence than 0.9 were 
excluded. A search window, based on the same log x-ray model, was used for filtering 
cases where overtones were detected as the first vibration mode. In both these cases, the 
modeled stiffness from the log x-ray alone was used instead.  

There were no data on the length of the logs, so in order to estimate the dynamic 
modulus of elasticity of logs, the board length was used. This could have led to some 
errors for a few observations, since trimming or optimization cuts may have taken place. 
The effect of these errors cannot be completely disregarded due to single measurements 
influencing grading settings. 

The x-ray log scanner density measurement was corrected for those observations 
where one of the measurement directions did not work properly. The correction was 
made entirely based on scanner data. This measurement problem did have a detrimental 
effect on the results. The visual scanner and the board x-ray scanner in combination with 
resonance frequency measurement did not need any correction. 

 
Destructive Testing and Optimum Grading 

Destructive testing was done in accordance with EN408. Corrections and 
characteristic values were derived according to EN384. With these standards, the 
following conditions apply. Destructive testing is done in edgewise four-point bending 
until failure. Bending strength (fm) is derived from the highest force applied, and global 
modulus of elasticity (Em,g) is based on 10%–40% of the load-deflection curve. Density 
( ) is measured on a small, knot-free specimen taken close to the fracture. Testing should 
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be done at 12% moisture content (MC). If the MC differs, density and stiffness, but not 
strength, are corrected to compensate for it. Strength is corrected for size, and 
characteristic modulus of elasticity is adjusted to pure bending. 

The characteristic values are derived as follows: 5th percentile density is derived 
from average and standard deviation, assuming normal distribution, and the 5th percentile 
bending strength is derived by ranking the destructive values and interpolating if no exact 
match is found (nonparametric distribution). Correction is made on strength by the factor 
kv to account for a lower variability in machine-graded as compared to visually graded 
material. Instead of applying kv on the characteristic value of the batch, the requirement 
on fm,k was altered (table 1) according to 
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Table 1. C-grade Adjusted Requirements on Grade Determining Properties. 

Grade fm,k/kv 0.95 Em,g k 
 MPa MPa kg/m3 
C40 40.0 13300 420 
C30 26.8 11400 380 
C18 16.1 8550 320 

 
Average modulus of elasticity is derived assuming normal distribution. 

Adjustments are made to account for the fact that the weakest section has been used in 
testing by a reduction of the requirement by the factor 0.95 (Table 1) (EN338). The 
sample average modulus of elasticity is adjusted to pure bending according to EN384, 
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Optimum grading is a classification based on the destructive values, to achieve 
what should be the "true" grade of each specimen in a sample. The routine for it is 
described in EN14081-2. The requirement is that the grade-determining properties for 
each grade, with corrections, shall be fulfilled by the optimum graded sample. In 
addition, there are requirements for cost of misclassification. The more the final 
classification (assigned grade) overestimates the grade compared to the optimum, and the 
greater the distance between the actual grades, the higher the cost. 

The optimum grading (OG) was done according to EN14081-2, with the 
difference that the cost for a reject was calculated at 0.75 times the grade it was rejected 
from according to current practice in TC124 TG1 (EN14081-2: Annex A). Optimum 
grading was done to C24 as a single grade and to the grade combination C40-C30-C18 
when that was possible. If no settings could be found for C40, the grade combination 
C30-C18 was used instead. Optimum grading was done with Matlab (MathWorks 2008). 

 
Modeling 

Modeling of moisture-corrected GDPs was done based on nondestructive data 
from the grading machines, resulting in Indicating Properties for the machines (IPs). The 
target of the modeling was to achieve models that could be understood and that were 
stable for all dimensions; i.e., separate models for spruce and pine were made, but no 
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dimension- or log-class-specific models. For the log grading equipment, the models were 
hierarchic partial least squares (PLS) models, while for the dry-grading equipment, 
regular PLS models were made. Both have proven stability and good predictive ability 
(Brännström et al. 2005). Models were made with a randomly selected Training Set (TS) 
consisting of 50% of the observations. Variables were selected based on variable 
significance analysis and the validation result on the remaining Prediction Set (PS). 
When the variables were decided, a final model was made with all specimens in the 
sample. Modeling was done in Simca-P (Umetrics AB 2006). 

 
Derivation of Settings for Strength Grading 

Machine control settings were derived for all machines except the certified 
grading machine as stand-alone strength grading machines. The certified machine was 
used with certified settings (EN14081-4:2005/A5:2008). No pregrading was applied prior 
to settings development. 

When several IP values are at hand, the settings for the grading machines must be 
derived with some strategy. One strategy is to use the best IP as determined by its R2 
value, but it is not so easy to decide which one to use when there are GDPs, and the 
correlation might be different in different ranges of the GDP-IP range. For that reason, 
settings were derived following a procedure iteratively increasing the setting as little as 
possible for all IPs simultaneously until an acceptable value for GDP and cost matrix was 
found: Smallest Increment Algorithm (SIA) (fig.1).  
 

Target: Check if the sample graded by the above found settings fulfills the GDP criteria, 
if not, repeat until it does.

Target: Find & apply the IP and IP value giving the smallest reduction of the sample
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Fig. 1. Description of the setting derivation process according to the Smallest Increment 
Algorithm (SIA). The full data are fed into the algorithm and are reduced as little as possible by 
each iteration. Finally, settings fulfilling the criteria are found and can be analyzed by the cost 
matrix method. If the criteria in the cost matrix are not fulfilled, the iteration continues until they 
are (not indicated in the figure). 
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The log grading was done both with settings acceptable for standardization and as 
pregrading, with a sliding use of the threshold within the IP range. As several IP values 
were used also for pregrading, the settings were balanced with the SIA method without 
using the cost matrix. The setting history from the setting derivation was saved and used 
for this purpose (preliminary setting, as indicated in fig.1). Derivation of settings was 
done with Matlab (MathWorks 2008). No settings were derived for the certified machine; 
instead, the accepted settings were used (EN14081-4:2005/A5:2008). 

 
Nordic Timber Quality and Visual Override Grading 

For alternative products, the grading result from the visual color scanner and 
existing factory settings for the visual grades according to Nordic timber grading rules 
"Blue book" were used (Anon. 1997). For those dimensions where no factory settings for 
the scanner were available, new ones were developed similar to the existing ones. 
Consequently, not all settings have been calibrated to the rules in production. This work 
was done by experts at the machine supplier.  

Visual override (VO) was also found by using the visual color scanner and the 
exact requirement values for deformation as the only criteria; i.e., no fissures or wane 
were included in the judgment (EN14081-1:2005, Table 1). The machines might not be 
able to detect other defects, such as abnormal grain deviations and top ruptures. If these 
defects were included in the sample, the machine settings should account for the 
uncertainty in GDP prediction introduced by them; thus they were disregarded in the 
visual override. Although this is not common practice, the effect from these defects on 
the grading result can be assumed to be small. 

The visual override grading was done on dry, but rough sawn, material, which 
makes deformations larger than after planing. For that reason, the result on C-grading 
represents the worst case and was not considered in all parts of the analysis. Contrary to 
C grades, the visual grades were not strictly graded on deformation. 

 
Grading Processes 

Different grading processes were studied and compared (Table 2). Two setting 
combinations were studied, C40-C30-C18 and C30-C18. A sliding scale based on SIA 
output was used for pregrading. The impact of feedback from dry grading to machine 
grading (case G is a special case of D) was only studied in one example. Case E was 
intended to act as a comparison to a pregrading with different characteristics.  

 
Table 2. The Different Grading Processes Studied.  
Case Process step 

 1 
Setting type  

for step 1 
Process step 

2 
Setting type  

for step 2 
A Log grading Machine control - - 
B Dry grading Machine control - - 
C Machine grading Machine control - - 
D Log grading Pregrading Machine grading Machine control 
E Dry grading Pregrading Machine grading Machine control 
F Log grading Pregrading Dry grading Machine control 
G Log grading Pregrading Dry + machine grading Machine control 
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Economic Value of Grading 

Making accurate calculations of sawmill economics, including different cases, 
requires a huge effort or support from online systems. For that reason, a rough estimation 
of profitability was used.  

The relative price, compared to net mill price of C30, was used for absolute value 
studies, assuming that all grades and volumes can be sold—referred to as "full demand". 
In contrast, a demand-weighted relative value was used for sensitivity analysis of the 
grading process, to mimic the impact of prices and demand on the value—referred to as 
"limited demand". There is not always a good demand, or price, for low qualities such as 
C18 or visual grades below B grade, thus regarded as off-grade (or a "push product") 
(Table 3). The market prices were based on average net mill prices from sawmills in 
Finland during the year 2007. For strength-graded products, data came from one sawmill, 
and for the Nordic timber qualities, data were acquired from three sawmills.  

The year 2007 represents, on average, a year in which the demand for wood 
products was high without being extreme. Strength optimization through defect removal 
was not allowed in this study, while for visual grades, improving the value by defect 
removal and module cutting was applied. This reduced the volume in visual qualities. 
Optimization was done by the machine producer, and the price tables for that are not 
known.  

 
Table 3. Relative Average Net Mill Prices Used for Analysis. 

C grades 
Relative  
price/m3 

Demand weighted 
relative price/m3 

C40 108 108 
C30 100 100 
C18 83 0 
REJECT 37 0 
Nordic timber 
qualities Spruce Pine Both species 
A 71 79 105 
B 67 75 100 
C 63 71 0 
D 58 67 0 
REJECT 37 37 0 

 
Process costs were acquired from one Swedish sawmill (Table 4), which are 

similar to those of Finnish sawmills. A very rough calculation method with cost/m3 was 
applied, summing fixed and variable costs and averaging them over the processed 
volume. The processed dimensions influence production cost, so smaller dimensions 
increase the production cost/m3 to some extent; but that was disregarded, and average 
prices and costs per m3 were used in order to facilitate analysis. Raw-material cost, which 
is the largest post, was assumed to be constant and was thus disregarded. Naturally, this is 
a very rough simplification. 
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Table 4. Relative Production Costs Used for Analysis.  

Production subprocess 
Relative cost/m3 

end product 
Log sorting, sawing, packing 7 
Drying 12%A 4 
Drying 18%A 2 
Dry gradingB 5 
PlaningB 7 
Either of A and B marked subprocesses is used in 
combination. 

 
The value (V) was found by multiplying volume in a certain grade (volgrade) with 

the net mill price/m3 (Pgrade) and deducting the sum of production costs/m3 (Cprocess) to 
reach that grade. The Nordic timber (NT) qualities were assumed to be dried to 18% and 
dry graded (rough sawn surface), while C grades were assumed to be dried to 12% and 
planed. The log sorting, sawing and final packing were the same for all grades; 
nonetheless, it was deducted for consistency. For example, 
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A special calculation was made for case E, pregrading by dry grading. Although 
the pregrading was done in the dry-grading department, in terms of cost, it was handled 
as if it was done in the green-grading department of the sawmill; i.e., the costs were the 
same as for the pregraded log material. The purpose was to study the general impact of 
pregrading without involving the process complications caused by different MC of 
different products and the efficiency reduction of such a material flow. 

 
Strength Variation Within Grades 

Strength variation within grades was studied through coefficient of variation 
(COV) and the cumulative strength distribution for some examples. COV was derived for 
the whole distribution, assuming normal distribution. This simplified analysis makes the 
results not fully comparable with other studies, where a lognormal distribution is fitted to 
the lower tail (< 10% of the cumulative), but acts as indication of quality variation. It 
should be borne in mind that the COV of the whole distribution includes variation to the 
strong side of the distribution. 
 
 
RESULTS AND DISCUSSION 
 

For a detailed description of the wood material properties, the project report can 
be consulted (Hanhijärvi et al. 2008). Some differences will be found due to different 
methods used and due to which part of the data has been used.  
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The study covers a large amount of data and a complex process; consequently, 
extensive amounts of results are made available. Not all of the results can be shown in the 
space available here; for that reason, illustrative examples are shown here to clarify the 
topics discussed. 

Only one board per log was destructively tested. This constitutes an error source 
when studying potential yield due to in-tree variation and the influence of it on settings. 
However, it can be assumed that the variation in the sample covers both the weaker and 
stronger specimens in a log; thus the results are representative. 

 
Models 

As the number of models is large, only the performances of the models are 
presented (Tables 5 and 6). 

 
Table 5. Indicating Property Models for Grade-Determining Properties for Log-
Grading Equipment. 
Species Modelled

property 
Technology R² TS

% 
Q² TS 

% 
R² PS

% 
RMSE 

PS 
R² all 
obs 
% 

x-ray 56 56 64 8.1 MPa 60 fm 
x-ray + freq. 60 60 66 7.9 MPa 63 
x-ray 58 57 63 1.3 GPa 60 Em,g 
x-ray + freq. 68 66 72 1.1 GPa 68 Pi

ne
 

 x-ray 51 50 54 42 kg/m3 54 
x-ray 43 41 44 8.7 MPa 44 fm 
x-ray + freq. 44 44 46 8.5 MPa 45 
x-ray 44 42 38 1.4 GPa 41 Em,g 
x-ray + freq. 54 52 44 1.4 GPa 49 Sp

ru
ce

 

 x-ray 53 51 31 34 kg/m3 43 
TS = Test set, PS = Prediction set, Q2 = predictive ability as judged by cross validation on 
TS, freq. = resonance frequency, RMSE = Root mean square error, fm = Bending strength, 
Em,g = Global modulus of elasticity,  = Density at 12% MC 

 
The modeling results of log x-ray data (Table 5) were similar to the results of the 

linear models made in Combigrade 2 on the same data (Hanhijärvi et al. 2008). The 
models were hierarchical, such that the density model was included in the Em,g model, 
and both of those were included in the fm model. As in earlier research (Brännström et al. 
2005), the models were stable, based on comparing R2TS with Q2TS, R2PS, and R2 for 
the final model. The addition of resonance frequency to the x-ray derived variables 
improved R2PS for E models by 6%–9%. In general, the resonance frequency is sensitive 
to temperature when the wood tissue is raw (Edlund et al. 2005; Carter et al. 2005), and 
the measurements were made in wintertime with varying temperature. The applied 
temperature correction improved the results, but it cannot be determined how much 
temperature influenced the results. 

The models based on variables from the dry-grading equipment were similar to 
what can be expected from knot-area ratio models, a bit below for pine and a bit higher 
for spruce, when compared to manually measured values on the same sample (Hanhijärvi 
et al. 2008) (table 6). It was not possible to model density based on the dry-grading 
equipment variables.  
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Table 6. Strength (fm) and Stiffness (Em,g) Models for the Dry-Grading 
Equipment.  
Specie Property R² TS 

% 
Q² TS 

% 
R² PS 

% 
RMSE PS

 
R² all obs 

% 
fm 37 35 38 9.3 MPa 41 Pine 
Em,g 39 38 24 1.6 GPa 40 
fm 36 34 42 8.9 MPa 39 Spruce 
Em,g 26 25 28 1.5 GPa 27 

TS = Test set, PS = Prediction set, Q2 = predictive ability as judged by cross 
validation on TS, RMSEE = Root mean square error, fm = Bending strength,  
Em,g = Global modulus of elasticity,  = Density at 12% MC 

 
No data from 3-D log outer shape scanning were available, although some outer 

shape parameters can be measured by the x-ray log scanner. It has been shown in earlier 
studies that the shape parameters are important for strength prediction (Brännström et al. 
2007). It can be assumed that inclusion of outer shape information would improve the 
models slightly. 

 
Derivation of Settings and Optimum Grading 

The derived settings fulfilled the main requirements in EN14081-2. The reject 
settings were not studied very carefully; thus the results for reject should be regarded as 
an indication of what is possible rather than as a fact.  

The SIA algorithm did not improve the yield in all cases. One example is given 
for log grading of pine, to achieve settings for C40 based on the complete sample (only 
serving as an example, since the ordinary routine according to EN14081 was not 
followed). For comparison, the best predicting IP value, E model (table 5), was selected 
as a single IP (Fig. 2 left).  
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Fig. 2. Example of evolution of settings (left) and GDP values (right) while achieving a setting 
fulfilling C40 GDP requirements for the complete pine sample by log grading. Left: Settings for 
five IP values compared to the corresponding evolution of a single setting (white), which is based 
on the same IP as the black line. Right: Characteristic values resulting from multiple settings 
derived by SIA (black) and the corresponding values from a single setting (white). The GDPs are 
normalized to fit the same plot. 
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Settings for the grade combination including C40 were not achievable with the 
dry-grading equipment, due to a too low yield for some subsamples. The log grading 
equipment could find C40 for both species, but for pine it was not possible to find both 
C40 and C30 in combination. 

The C40 requirements were achieved with higher remaining raw-material share 
(yield) in the example when using a single IP setting compared to multiple IP settings 
(Fig. 2 left & right). It can be concluded that multiple settings can be beneficial from the 
point of view of yield, depending on the requirements of the grade and the precision of 
the competing single IP (Fig. 2 right). Figure 3 shows the biggest yield difference at fm 34 
MPa, 6% larger for multiple IP than for a single IP.  

The main benefit of using multiple settings comes from the ability to grade 
different grades. C40 settings could not be found for the example data (Fig. 2) by using a 
single setting (too few assigned specimens in certain subsamples), while it was possible 
with multiple settings, giving a final yield of 12% (after cost-matrix control and 
averaging of settings). This agrees with previous research in the field, based on 
simulations, where it was more common to find settings for high grades by using 
"combined grading", i.e., settings on several IPs (Turk and Ranta-Maunus 2003). 

 
Visual Override 

In this study, the visual override grading greatly influenced yield, regardless of 
whether a grading process was applied or not. A comparison between the optimum and 
assigned grades from grading all material with a certified grading machine shows only 
expected differences according to the standard. Comparing the optimum and machine-
assigned grades with the assignment including visual override shows the considerable 
impact of visual override (Tables 7 and 8). C40 and C30 were reduced by 50%, while 
C18 increased by 100%, and reject increased from 1% to 20%.  

 
Table 7. Yield of Spruce in Optimum Grade (OG) and Machine-Assigned Grade 
with Visual-Override Grading (MG + VO).  

MG + VO Sum 
OG C40 C30 C18 REJ OG 
C40 9% 4% 10% 3% 26% 
C30 1% 13% 12% 6% 32% 
C18 0% 6% 24% 11% 41% 
REJ 0% 0% 0% 0% 0% 
Sum MG + VO 10% 24% 46% 20% 827 pcs 

 
Table 8. Yield of Spruce in Machine-Assigned Grade (MG) with and without 
Visual-Override Grading (VO).  

MG + VO Sum 
MG C40 C30 C18 REJ MG 
C40 10% 0% 8% 2% 21% 
C30 0% 24% 19% 11% 54% 
C18 0% 0% 18% 6% 24% 
REJ 0% 0% 0.4% 0.5% 1% 
Sum MG + VO 10% 24% 46% 20% 827 pcs 
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Comparing the machine-assigned grade with additional visual override shows the 
yield loss due to deformation, as this was the only visual override criterion used in this 
study. The yield loss could be ascribed to drying quality, since deformation can largely be 
handled by proper pregrading (spiral-grain-angle grading) and countermeasures in drying 
operations (counter twist, pressure frames) (Salin et al. 2005; Ekevad et al. 2006). 

The visual color scanner was set to grade exactly on the deformation requirement 
in EN14081-1, which, compared to the building industry requirements, are too low 
(Johansson et al. 1994). The visual override was based on rough sawn boards, where 
deformation is larger than after planing; thus these results show a worst case.  

By including the visual requirements on deformation in machine control settings, 
thus regarding them as IPs, the effect on yield might be reduced (Table 7). In this study, 
real strength-influencing parameters did not influence the result of visual override. 

 
Quality Aspects of Grading Process 

Pregrading alters the strength distribution toward the safe side, both by an 
increase in 5th-percentile value of the remaining sample and by a reduction in COV (Fig. 
3). The prediction of characteristic value by a normal distribution fitted to the whole 
sample turned out to be more overestimated with decreasing share of accepted raw 
material in pregrading; thus the variation does not decrease as much as indicated by 
COV.   
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Fig. 3. The influence of pregrading on quality parameters, nonparametric characteristic bending 
strength and the normal distribution fitted 5th-percentile values. Log grading (LG), without settings 
(black), is compared to a combination with a grading machine (MG), grading C30 as highest 
grade. Only the C30 grade is displayed (white series). 

 
To shorten the lower tail of the distribution below the characteristic value, there 

are two methods available: Improve grading precision or, with maintained precision, 
increase the requirement value to achieve settings. If special low-COV grades would 
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benefit the customers, a process based on the latter method could be designed for the 
purpose with tools available today. 

 
Table 9. Sample Properties for Spruce Graded with Machine Control Settings by 
Different Processes.  

Process step 
included 

I II 
Case 

A 

III 
Case 

C 

IV V VI VII VIII IX 
= VI 
+ VIII 

X 
Case 

G 
OG I         

LG C40+C30  I        
LG C30     I I   I I 
LG <C30       I I I I
DG C30       I I I I

MG   I I I I I I V V 
VO    I  I  I I 

Grade C40 
fm,k (MPa) 41.9 40.2 41.9 45.8 43.8 47.2 28.9 16.1 47.2 41.5 

Em,g (GPa)  14.7 14.6 14.9 14.9 15.2 15.3 14.3 14.4 15.0 15.0 
k (kg/m³) 422 429 423 419 439 432 416 421 423 427 

fm COV N 13% 15% 15% 13% 14% 12% 17% 18% 14% 15% 
Yield 26% 13% 21% 10% 13% 6% 5% 2% 9% 18% 

Grade C30 
fm,k (MPa) 32.4 30.4 31.4 31.5 35.4 26.4 33.2 32.4 33.1 33.5 

Em,g (GPa)  12.6 13.8 12.2 12.3 12.8 13.0 12.0 12.6 12.7 12.3 
k (kg/m³) 397 415 385 382 408 404 384 389 391 387 

fm COV N 15% 19% 17% 17% 16% 17% 14% 17% 17% 15% 
Yield 32% 9% 54% 24% 8% 4% 18% 10% 14% 26% 

I indicates the subprocesses in the raw-material flow. V indicates a joining of two flows. Case 
refers to Table 2.  

 
For C40 grade, all combinations of grading equipment or visual override resulted 

in a lower COV and higher characteristic strength when a positive selection was made 
(compare II, III and V in Table 9 and all combinations in Table 10).  

A reduction of COV was not consistent when a negative selection was included in 
the flow, such as V vs. VII, where log-graded reject is graded at the dry grading and the 
accept from C30 is sent to the grading machine. This shows the risk of negative selection, 
although when combined with the positive selected material, requirements were fulfilled 
(V+VII=X). Note that a producer is not allowed to grade rejected specimens a second 
time, according to the standard. 

Visual override increased COV and reduced characteristic strength in some cases 
(VII vs VIII). This result was not consistent (III vs. IV) and needs additional studies of 
visual override considering the deformation after planing and other strength-reducing 
features. 

It seems as if the machine giving the lowest COV of the machines used in a 
process will govern the resulting COV (Fig. 4, Table 9). 
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Fig. 4. Cumulative distributions for spruce C30 when C30 was the highest grade. Left: Lower tail 
from log grading (LG), dry grading (DG) and the combination of both (case A combined with C). 
Normal distributions fitted to the whole grade. Right: Whole distribution of Case A, Case C 
combinations of Case A & C, Case A & B & C. The last one corresponds to Table 9, column X. 

 
Table 10. COV Values Based on Whole Spruce Sample for Different Grades and 
Combinations of Machine Control Settings.  
Grade combination C40-C30-C18-Reject 

Machine & Grade LG C40 MG C40 
LG C40 
MG C40 LG C30 MG C30 

LG C30
MG C30 

fm,k (MPa) 40.2 41.9 45.4 30.4 31.4 33.5 
fm COV N 15% 15% 11% 19% 17% 17% 

Yield 13% 21% 10% 9% 54% 5% 
Grade combination C30-C18-Reject 

Machine & Grade LG C30 MG C30 DG C30 
LG C30 
MG C30 

LG C30 
DG C30 

DG C30 
MG C30 

fm,k (MPa) 27.8 30.5 31.9 31.0 32.3 34.3 
fm COV N 23% 21% 19% 20% 19% 18% 

Yield 83% 84% 41% 75% 37% 39% 
 
Nordic timber grades corresponded to strength to a limited extent (Table 11). The 

reason is mainly that the visual grades depend on knot sizes, which also influence 
strength. The COV for the best visual grade (A) is comparable to the one achieved by 
strength grading to C30 as the highest grade (Table 10). However, selecting the amount 
corresponding to the A-grade yield for pine with a log strength grading machine gives a 
characteristic strength of about 45 MPa (Fig. 2), which means that the visual grades do 
not correspond very well to strength, and thus work well as a complementary product to 
strength grades. Qualities sold for furniture production or floors, with larger fresh knots, 
are commonly found in both grade A and grade B (Lycken 2006), which complement 
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high-strength product well due to low strength and high variability (Tables 11 and 12). 
Surely, many customer-adapted grades complement strength grades even better. 

 
Table 11. Yield, Characteristic Strength and COV for Nordic Timber Qualities.  

 Specie A B C D Reject 
Spruce 55% 27% 13% 4% 1% Yield 

Pine 10% 37% 42% 11% 0% 
Spruce 30.4 21.7 20.2 19.1 - Characteristic 

strength (MPa) Pine 32.5 19.3 19.1 18.1 - 
Spruce 22% 27% 31% 27% - COV N 

Pine 20% 32% 36% 38% - 
 

Table 12. Yield in C grades (MG) and Nordic Timber Qualities for Pine. 
Pieces Visual grade 
MG A B C D Reject 
C40 36 33 47 17 1 
C30 38 85 70 18 0 
C18 18 206 242 59 0 
Reject 0 8 18 2 0 

 
Economical Value of Grading Processes 

For spruce graded to C30, the log-grading machine could compare to the grading 
machine, but in all other cases, the grading machine was better (comparing case A and C 
in Table 13). Considering the ability to select the wanted raw material, as well as 
avoiding unwanted raw material before sawing, the advantage is clear for the log grading 
equipment. Nevertheless, reject due to visual override must be expected in all cases 
(Table 9). 

 
Table 13. Grading Yield for Spruce and Pine for Machine Controlled Settings.  

Spruce 
Case A 
LG C40 

Case C 
MG C40 

Case A 
LG C30 

Case B 
DG C30 

Case C 
MG C30

C40 13% 21%    
C30 9% 54% 83% 41% 84% 
C18 78% 24% 16% 59% 13% 

Reject 0% 1% 0% 0% 2% 

Pine 
Case A 
LG C40 

Case C 
MG C40 

Case A 
LG C30 

Case B 
DG C30 

Case C 
MG C30

C40 12% 15%    
C30  23% 54% 40% 71% 
C18 88% 58% 29% 57% 10% 
Reject 0% 3% 17% 4% 19% 
LG – Log grading, DG – Dry grading and MG – Machine 
grading. The grade in the headers refers to the highest grade in 
the grade combination. 
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Although a certifiable result is achieved by the log grading equipment, an 
identical grading decision will not be achieved by a grading machine later in the process. 
The pregrading result shows this effect very clearly (Fig. 5). Table 14 shows an example 
of high agreement between the machines: 81% (Table 14). Different features of the log or 
board might be considered, or measured differently. For that reason, it is more beneficial 
to enrich the desired properties by pregrading than to combine two machines with 
machine control settings, grading the same grade combinations. 

 
Table 14. Grading Result on Spruce by Using Machine Control Settings in both 
Log Grading (LG) and Grading Machine (MG). (Combining Cases A and C).  

Pieces LG 
MG C30 C18 Reject 
C30 623 72 2
C18 61 50 0
Reject 5 14 0
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Fig. 5. Yield as share of pcs in machine C grades after log pregrading. Case D.  
 

In this study, the strength-graded products were in most cases better for producer 
economy in the full demand situation (unweighted Fig. 6). In the C30-C18 grade 
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combination, a larger share was valued higher in C grades due to higher yields (Fig. 5) 
and the relatively high price for C30 (Table 3).  
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Fig. 6. Batch constituents’ average value depending on species, weighted or unweighted grade 
value, grade combination and share of material accepted in pregrading. Alternate products are 
Nordic timber visual qualities, also weighted for demand. Accept and reject refer to the log-
grading result. The grade refers to the highest grade in the combination, and the value is the sum 
of values for each grade in that grading. Note the difference in scale between demand-weighted 
and unweighted plots. Points based on single boards have been removed. 100% share of 
material accepted in pregrading and "Accepted for C grading" series gives the same value as 0% 
share of raw material accepted in pregrading and "Rejected from C grading" series. 
 
 In general, pine suffered from a lower yield in grades  C30 compared to spruce, 
which influenced the profitability of the total batch (Fig. 7). On the other hand, the higher 
value of pine alternate quality (Table 3) caused a higher batch value to be found for 
stricter pregrading in the full-demand case (<50% accepted in pregrading) compared to 
spruce at the same level of pregrading and demand. The C-grade value for spruce was so 
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much higher compared to the alternate product that the batch value deteriorated linearly 
with increased pregrading share for full demand (Fig. 7). In the limited-demand case, 
value was higher with pregrading than without. Partly, the higher yield in the highest 
alternate grade, A, for spruce compared to pine explains the difference. Another 
explanation is the low share of C18 and reject for spruce compared to pine (Fig. 5). The 
consequence was that pregrading influenced all grading processes positively for limited 
demand of spruce, but not at all for full demand. For pine, a local optimum was found in 
all cases except C40 grade combinations in full demand, where pregrading was of no 
benefit.  
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Fig. 7. Batch average value depending on species, weighted or unweighted grade value, grade 
combination, grading equipment and share of material accepted in pregrading. The average value 
when grading accept from log grading to C grades, in different grade combinations, and the reject 
to Nordic timber. Letters refer to case studied. LG – log grading, DG – dry grading as machine 
and MG machine grading. Note the difference in scale between weighted and unweighted values. 

 
The most favorable grade combination for machine grading without pregrading 

shifted with demand for both pine and spruce (Fig. 7). The grade combination with C40 
as highest grade was more competitive with unweighted price levels; the difference is 
especially large for pine. It can be concluded that the price difference between average 
net mill price for C40 and C30 was too small to make C40 grading profitable, unless the 
demand is very high also for lower grades, while anything that can increase the alternate 
grade price or reduce the share of off-grade is worth all effort. A comparison between 
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final grading by the dry-grading equipment (low R²) and the grading machine (high R²) 
shows that the increased precision always pays off (comparing case F with D and E). This 
is entirely a consequence of the lower precision (Table 6) in the dry-grading equipment, 
causing a higher share in C18 to achieve the needed characteristic value for C30. 

Pregrading in the dry-grading mill (case E) failed as a concept due to reduced 
flexibility compared to log grading. However, it was beneficial for both species in the 
limited-demand case, with more selective grading of C40 combination (high share of 
pregrading reject) compared to no pregrading (case C). The total profitability should, in a 
case where the MC is equal for both products, be recalculated due to processing in two 
departments and changed cost for drying for one of the products (Table 4). The utilization 
rate of C grades by pregrading, either with high R² (log grading) or low (dry-grading 
equipment), shows expected results: with higher R², the off-grades are reduced faster and 
high grades are kept longer compared to using low R² (Fig. 8).  
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Fig. 8. Utilization of raw material compared to no pregrading, depending on pregrading 
equipment. LG – log grading, DG – dry grading. 

 
Future Research 

The process studied here applied no traceability on the individual level; i.e., no 
settings were based on several machines combined. Instead, the more short-term realistic 
system with batch traceability was applied. In practice, logs are graded, gathered into one 
pile representing the quality for steering the next step in the process, and the grading data 
are "forgotten". Additional studies on grading processes including individual traceability 
should be done, such as Flodin et al. (2008), and systems for handling the individual data 
in a safe manner proposed. 

It was not studied whether present high-end grades (>C40) could be found more 
easily with a grading process. To further study such topics, stratified sampling, done by 
log grading, for example, seems to be needed, as the availability of such high grades is 
very low in a random sample. The simulation methods used in Turk and Ranta-Maunus 
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(2004) might also be useful in such evaluation. A new classification algorithm, suitable 
for a grading process, has proven beneficial for yield (Brännström and Westin 2009). 
Dimension and/or log-class specific models could additionally increase grading precision 
and thus yield. 

A possibility for additional increase in economic value comes by using Output 
control, in which the settings in the final grading can be adjusted to the distribution of the 
incoming raw material. It remains to be studied how harmonization of raw-material 
quality through pregrading of logs impacts the output control process and its profitability. 
In such a process, green grading should be included, which would be a more natural step 
in a grading process than to include dry grading.  

With the present standard, it should be evaluated whether the visual override 
could be included in machine control as settings, as that would reduce the assigned 
grades to such a level that lower IP values could be needed to meet both GDP and cost-
matrix requirements in a similar way to SIA.  

To establish machine controlled strength grading done on logs, special attention 
must be paid to consideration of the effect of seasonal moisture and temperature 
variation, so that it will not influence the grading result.  

 
 

CONCLUSIONS 
 

1. Pregrading of structural timber by any means is safe, as long as the best material 
is selected for continued grading. 

2. Pregrading of structural timber increases characteristic values, and coefficient of 
variation does not increase. 

3. It is possible to achieve machine control settings with similar yields with log-
grading equipment as with a grading machine for some grade combinations.  

4. Log grading can be used efficiently as a strength-grading method, as long as 
visual override is performed later in the process. 

5. Drying process quality has a large impact on the financial result of any strength-
grading process through the visual override and should be greatly emphasized for 
improved economy and quality. 

6. C40 as highest grade is only more profitable compared to C30 if there is a full 
demand for the increased yield in C18 entailed by using it.  

7. A grading process for pine is more sensitive to C grade prices and the grading of 
high grades than is spruce, due to the larger share of material with low GDP 
values. 

8. The visual quality according to Nordic timber is not well related to strength and 
thus acts well as a complementary grade for C grades. 

9. The Smallest Increment Algorithm enabled grading in combinations where it was 
not possible to develop settings using a single IP.  

10. The Smallest Increment Algorithm with several IPs does not always improve 
grading or yield compared to using a single IP. 
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