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ABSTRACT 
At Scandinavian softwood sawmills, the most common system for grading of sawn timber in 
dry conditions is optical scanning equipment together with a rule-based automatic grading 
system (RBAG). The procedure to define new grading rules towards a customer with specified 
requirements is a time-consuming work for sawmills and is rarely implemented in a satisfactory 
way neither for the customer nor for the sawmill. An important consequence is that sawmills 
will, in general, not be able to deliver products that utilize the full potential of the quality 
distribution of the sawn timber produced at the sawmill. Their customers will get products with 
mismatch in desired and delivered quality grades. Thus, there is a need for a methodology that 
facilitates time and cost effective grading toward specific customers’ needs. The objective of 
the study was to further develop and validate a method that complements the RBAG by a 
holistic-subjective automatic grading (HSAG) approach - using multivariate regression models. 
In the study, 790 Scots pine boards with cross-section dimensions of 38 × 150 mm and length 
between 3.4  m and 5.6  m were manually graded according to the preferences of a large-
volume customer, and also scanned and graded by an RBAG system calibrated for the same 
customer. Multivariate models for prediction of board grade, based on aggregated knot 
variables obtained from the scanning, were calibrated using partial least squares regression.  
The results show that prediction of board grades by the multivariate models were more correct 
than the grading by the RBAG system. The prediction of board grades based on multivariate 
models resulted in 84% of the boards graded correctly, according to the manual grading, while 
the corresponding number was 64% for the RBAG system. In a follow up grading test the 
accuracy of the two systems were 95% and 81%, respectively. 
Keywords: automatic quality grading, multivariate model, rule-based model, sawmill, 
customer expert 
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INTRODUCTION 
The main problem in the manual grading of sawn timber is the high number of wood 
characteristics that the grader has to judge during the few seconds the grader has to spend on 
each piece of sawn timber. The grader needs to consider all visual defects on all sides of the 
piece and relate that information to the grading rules in use, often also related to a specific 
customer, and furthermore how any trimming options could be used to optimize the board value. 
Grönlund (1995) showed that only about 57% of the sawn timber is graded equally by separate 
graders using the same grading rules. On the other hand, this subjective grading method is 
sometimes desirable by customers as its rules are an attempt to describe the product that is 
demanded by the customer. 
Overtaking this traditional manual grading method, since the last three decades, is the more 
efficient and consistent rule-based automatic grading (RBAG) systems that Lycken (2006) 
showed could replace manual graders for grading according to the Nordic timber grading rules 
(Swedish Sawmill Managers Association 1994). These RBAG systems scan individual boards 
from four directions and assign a grade using cameras, image processing and analysis, and per-
customer customizable grading rules. However, as it would be logistically impossible to have 
an infinite number of grading rules, the Nordic timber grading rules were formulated in the 
Nordic countries, although most sawmills use their own set of rules adapted to different raw 
materials, board dimensions, markets, customers, and of course the fact of no sawmill being the 
other alike. 
The problem with these RBAG systems is, actually, the increasing importance of customization 
of grading rules (European Confederation of Woodworking Industries 2004) in order to satisfy 
the customers. RBAG systems have a lot of settings describing each grade and customizing 
rules is a time-consuming process which often requires the customer's presence at the sawmill 
and hence quickly becomes complicated. This leads to RBAG rules being seldom changed 
(Lycken 2006; Lycken & Oja 2006). Another problem is that a board with good quality overall, 
but with a few larger than specified defects, could be tolerated by a customer even if the RBAG 
system deem it of a lesser grade and vice versa. 
Berglund et al. (2015) combined the advantages of the subjective manual grading and RBAG 
and introduced a so-called holistic-subjective automatic grading (HSAG) system, which leads 
to the purpose of this study; a validation of the HSAG principle. 
There has been several earlier attempts to industrialize an HSAG system, using neural networks, 
self-organizing maps, and fuzzy logics, to automatically detect and classify board defects, as 
well as to grade boards according to appearance (Labeda 1995; Kauppinen 1999; Kline et al. 
2003; Niskanen 2003; Silvén et al. 2003; Breinig et al. 2015). One obstacle in reaching large 
scale applications for these systems is the complicated procedure of changing and formulating 
new grading rules as this require numerous strong examples of each new grade as well as for 
different defect types (Kline et al. 2003).  
A different approach to HSAG, earlier introduced by Lycken & Oja (2006), is to use 
multivariate models. Berglund et al. (2015) used a partial least square (PLS) multivariate model 
which, just as neural networks, has to be calibrated using a training set of manually graded 
boards. A PLS based system is, however, easier to understand, validate and customize in 
comparison to a neural network (Esbensen 2002) while also being robust to noise and can, 
despite measurement errors, capture important systematics effects (Eriksson et al. 2006). A 
measurement error in one or more defects does not have a large effect on a PLS model, which 
is in contrast to an RBAG system which could decide the board grade based on a single 
measurement error. 
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Lycken & Oja (2006) showed that their PLS model was consistent with around 85% of manual 
gradings that used the Nordic timber grading rules. This is considered fairly good in comparison 
with manual grading. Lycken & Oja (2006) also concluded that if accurate PLS models are 
obtained it is easier to customize grading rules to satisfy customers’ needs. 
The study by Berglund et al. (2015), which is a continuation of Lycken & Oja (2006), found 
that a PLS-based HSAG system could outperform the traditional RBAG system in terms of 
board grading accuracy. The aim of this study was to validate the findings by Berglund et al. 
(2015) and to investigate a PLS-based HSAG system as a complement for an RBAG system. 

MATERIALS AND METHODS 
As this is a validation study, this study was made to mimic the study by Berglund et al. (2015) 
in order to make it possible to compare the results. The only difference between the two 
studies was that this one uses a new set of boards, higher in numbers. 
Grading rules 
The focus of this study was the appearance grading of boards according to grading rules based 
on the Nordic timber grading rules (Swedish Sawmill Managers Association 1994). These rules 
describe four different board grades, namely A, B, C, and D, where grade A is the best, and 
most valuable, and grade D the worst, and least valuable. Even though the Nordic timber 
grading rules consider most wood features on a board’s surfaces, the most important rules are 
regarding knots, as the size and distribution of knots are the most descriptive of the general 
appearance of a board. This is the reason why this study only considered knots for the 
development of HSAG models to predict board grade. A consequence of this choice, was that 
grade D was not considered, as grade D is given to boards with one or several extreme wood 
features and is not necessarily related to knot characteristics.  
Materials 
790 randomly selected Scots pine (Pinus sylvestris L.) boards from a sawmill in northern 
Sweden were used. The board dimensions were 38 × 150 mm and originated from the two 
outer center boards in the sawing pattern (38/50/50/38) × 150  mm. The boards varied 
between 3.4 m and 5.6 m in length. 
Methods 
The boards were manually graded into grades A, B, and C according to knots without trimming, 
by an expert in customer preferences for the North African market and this expert was the same 
person as in the study by Berglund et al. (2015). This was the reference grades for the boards.  
All sides of the boards were scanned using one of the common RBAG systems in the market, a 
Finscan Boardmaster (Finscan 2017). As in the manual grading, only knot parameters was 
considered, and no trimming was allowed. The rules were, however, customized to the current 
sawmill’s experience of customer preferences of the North African market.  
Prediction models 
During the same scanning process as in the previous section a total of 58 variables regarding 
knots are extracted, using knot descriptive data from the RBAG system (Table 1). As knot 
characteristics in specific sections of a board can be more or less important to customers, each 
board was virtually divided into one, three, and five equally large sections (Figure 1), and the 
variables were extracted for each section. Furthermore, the variables were extracted from the 
pith and sapwood surfaces separately, but for the edge surfaces together. This resulted in 58 ×
(1 + 3 + 5) × 3 = 1566 variables in total for each board. The variables were used to train 



In: 23rd International Wood Machining Seminar (IWMS-23), Eds. Zbiec M & Orlowski K, 
Warsaw, Poland, May 28-31, pp. 360-371 

4 
 

multivariate prediction models for the three grades A, B, and C according to customer 
preferences of the North African market. 
Table 1: The 58 variables (marked as x) related to knots that were extracted for each of the board surfaces.  

 

Partial Least Square (PLS) regression was used to correlate the predictor variables (the 1566 
variables described above) to each other. It is easy to control and change settings in a PLS based 
HSAG system, thereby affect the quality and value yield. Such an HSAG system can be 
complemented by an RBAG system with grading rules for specific defects, such as wane, pitch 
pockets, or blue stain as desired. 
Figure 1. Variables were extracted for (a) one, (b) three, and (c) five equally large sections along the board. 

From the RBAG system, we extracted the 1566 predictor variables (X-variables) while dummy 
variables for each board grade were used as response variables (Y-variables). Two separate PLS 
regression models were then trained for board classification. The first, PLS model I, was used 
to separate boards of grade C from boards of grade A or B while the second, PLS model II, was 
used to separate boards of grade A from boards of grades B or C. This means that models I and 

Variable Sound and dead Sound Dead

Total no. of knots x x x
Average knot size (mm) x x x
St. dev. knot size (mm)  x x x
Maximum knot size (mm) x x

Ratio                                  (%) x

Ratio sound knots (%)                                                                                                                             x
Ratio dead knots (%) x
No. of sound knots per m (no./m) x
No. of dead knots per m (no./m) x
Ratio of knots ≤9 mm x x x

” 10–19 mm (%) x x x
” 20–29 mm (%) x x x
” 30–39 mm (%) x x x
” 40–60 mm (%) x x x
” 60–80 mm (%) x x x
” ≥80 mm (%) x x x

No. of knots ≤9 mm (no./m) x x x
” 10–19 mm (no./m) x x x
” 20–29 mm (no./m) x x x
” 30–39 mm (no./m) x x x
” 40–60 mm (no./m) x x x
” 60–80 mm (no./m) x x x
” ≥80 mm (no./m) x x x

Knot type

Knot area (mm2)
Surface area (mm2)
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II were both trained on two classes, Class I and Class II, which are defined differently for each 
model. These classes for each PLS model is shown in Table 2. 
Using two models is sufficient to distinguish between three classes, and since it was showed in 
preliminary tests to be more difficult to separate boards of grade B from boards of grade A or 
C such a model was not used. 
Table 2. Predefined classes for PLS models I and II. A, B, and C are grades for sawn timber customized according 
to preferences of a customer in North Africa. 

 
 
 
Using the two PLS models to predict the grade of boards gives a probability value for each 
board to be of either grade A or C. A high probability value, i.e. ≳ 1 , indicates a high 
probability of the board fitting that grade and vice versa. The natural delimiter for such a 
probability value would be to choose a limit of 0.5, but it’s advantageous to choose a limit in 
dialogue with the customer. For example looking at PLS model I, choosing a high limit value 
would separate only the most distinct grade C boards from the rest, with a lot of grade C boards 
being classified as of grade A or B – false positives. On the other hand, choosing a low limit 
value would classify a lot of boards of grade A or B as boards of grade C – false negatives. For 
this reason, limit values for the two models should be chosen to result in acceptable numbers 
of false negatives, and false positives. 
The two models were used to predict board grade according to the following decision tree, 
which is illustrated in Figure 2. 

(1) Does the PLS model I estimate for Class I 𝑦𝑦�𝑖𝑖, where 𝑖𝑖 = 1, … , 790, exceed a specified 
threshold limit, i.e. 𝑦𝑦�𝑖𝑖 > 𝐿𝐿𝐶𝐶, 𝐿𝐿𝐶𝐶 ∈ [0,1], then the board is grade C, otherwise continue. 

(2) Does the PLS model II estimate for Class I 𝑦𝑦�𝑖𝑖, exceed a specified threshold limit, i.e. 
𝑦𝑦�𝑖𝑖 > 𝐿𝐿𝐴𝐴, 𝐿𝐿𝐴𝐴 ∈ [0, 1], then the board is grade A, otherwise continue. 

(3) If the board is neither grade A nor grade C, then it is grade B 
Figure 2. Decision tree using two PLS models for automatic grading of boards into grades A, B, and C. 

From both the sawmill and customer’s perspective, grading a board of true grade C as a board 

of grade A or B is worse than grading a board of true grade A as a board of grade B or C. This 
is the reason why prediction of grade C is performed first, as boards that are difficult to assess 
are more likely to be assigned grade C than grade A or B in this way. This is also controlled by 
adjusting the limits 𝐿𝐿𝐶𝐶 and 𝐿𝐿𝐴𝐴 for each model. 
For any PLS regression model, the goodness of fit is given by the calculated coefficient of 

  Class I Class II 
PLS model I  C A, B 
PLS model II A B, C 
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determination (R2) and the goodness of prediction by the Q2-value. The Q2-value is based on 
cross-validation (Martens & Naes 1989). Cross-validation means that 𝑛𝑛-models are created, 
and each excluding 1/𝑛𝑛 of the observations when creating a training set to build the model on. 
Each model can then be tested on the observations that were excluded when building the model. 
These excluded observations are called the test set. The value of Q2 represents the proportion 
of variance in y-values in the test sets that is explained by the model. This means that Q2 is a 
measure of the model’s ability to predict new observations, which are observations that were 
not included when building the model. 
To analyze and verify the grading performance of the two PLS models, all 790 boards were 
graded according to the procedure described in Figure 2, using the limit values 𝐿𝐿𝐴𝐴 = 0.43, and 
𝐿𝐿𝐶𝐶 = 0.5 – aiming at the same grade distribution found by the customer expert prior to the 
model establishment. These limits are used both for the study and follow-up grading test. 
Follow-up grading  
To simulate a customer receiving a package of boards and inspecting his or her purchase by 
validating the board grades, the same expert as before was instructed to do a follow-up grading 
test on six different groups of boards. These groups represent the three different grades A, B 
and C assigned when using the two different grading strategies RBAG and HSAG. To ensure 
the expert is not biased, the follow-up grading was performed without the expert knowing which 
grading strategy had been used for each group. 
Out of the original 790 boards, 395 were available for the follow-up test and boards were 
selected to the six groups by the following procedure: 

1. randomly select one board graded by RBAG as grade A and assigns it to group 1, 
2. randomly select one board graded by HSAG as grade A and assigns it to group 2, 
3. randomly select one board graded by RBAG as grade B and assigns it to group 3, 
4. randomly select one board graded by HSAG as grade B and assigns it to group 4, 
5. randomly select one board graded by RBAG as grade C and assigns it to group 5, and 
6. randomly select one board graded by HSAG as grade C and assigns it to group 6. 

As long as boards remained of each grade from each grading strategy, steps 1-6 were executed 
and repeated. Once there were no more boards of a specific grade from any of the two grading 
strategies the sorting procedure skipped steps including that grade while the remaining steps 
were executed before continuing. This was to ensure each grading strategy had equally many 
representatives for each board grade in the test. 
The first group that was completely sorted according to the above-described procedure was the 
RBAG grade A group, which resulted in 16 boards in groups 1 and 2. Then procedure step 3-6 
was repeated to fill up the groups 3-6 with 35 boards in each. The number of boards in each 
group is shown in Table 3. 
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Table 3. The amount of randomly selected boards for each grade and sorting system used in the follow-up grading 
test.  

Group Grading Grade No. of boards 
1 RBAG A 16 
2 HSAG A 16 
3 RBAG B 35 
4 HSAG B 35 
5 RBAG C 35 
6 HSAG C 35 

7 HSAG A 15* 
Total   187 

*All remaining boards in the test set that was assigned grade A by HSAG were added to an additional group 7. 

As the RBAG resulted in few boards of grade A, groups 1 and 2 has fewer members, but as 
grade A is in general of great importance for sawmills, all remaining boards graded as grade A 
by the HSAG was added to an additional group 7. 
The expert visually inspected all boards. To increase objectivity, five boards from each group 
were inspected in sequence before considering the next five boards from the next group, and so 
on until all boards had been inspected.  
The expert’s opinion on each board was documented by the opinions below, with one 
mandatory (1-3) and one optional complementary (4-5) opinion: 

1. The board is graded correctly. 
2. The board is of a lower grade. 
3. The board is of a higher grade. 
4. The board grade is a borderline case of being of a lower grade. 
5. The board grade is a borderline case of being of a higher grade. 

RESULTS AND DISCUSSION 
Out of the 790 boards in this study, the expert graded 17% as of grade A, 51% as of grade B, 
and 32% as of grade C, Tables 4 and 5. This reference grade distribution is compared to the 
corresponding grade distribution in Berglund et al. (2015) of 24% as of grade A, 44% as of 
grade B, and 31% as of grade C. These different reference grade distributions will most likely 
not affect the comparison between the two studies.  
When evaluating the customer satisfaction, a good measure is the share of boards that is graded 
correctly or where the grade has been underestimated. For a customer, a correct grade is the 
expected while an underestimated grade would mean that the customer purchases boards of a 
perceived higher grade to a lower price.  
Rule-based automatic grading (RBAG) 
The RBAG resulted in the grading distribution shown in Table 4, where the RBAG is compared 
to the expert’s grading of the 790 boards. Out of these 790 boards, 64% were graded equally 
by the expert and the RBAG system, which is very consistent with the corresponding 63% in 
the study by Berglund et al. (2015). This is a good indication of the consistency of RBAG, 
which is one of the reasons mentioned in the introduction to why RBAG has replaced manual 
grading at sawmills. 
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In Table 4 it is seen that the RBAG system is underestimating the number of quality grade B 
boards by 17%, while consequently overestimating the number of boards of the other two 
grades, A and C. The same result was found in the study by Berglund et al. (2015). RBAG 
graded 86% of boards correctly or with an underestimated grade. However, of the remaining 
14% of boards graded too high, 10 percentage points of those came from boards of grade B or 
C and were wrongly graded as grade A. As stated in the preamble of the results and discussion 
section, this is not appreciated by customers. On the other hand, of the 86% correctly or 
underestimated graded boards, 22 percentage points comes from underestimated boards, which 
hurts revenues at the sawmill. 
When comparing with the RBAG case of the study by Berglund et al. (2015) it is clear that not 
much has changed. One difference is that in this study the proportion of boards graded correctly 
as of grade A has dropped 11 percentage points while the other measurements stayed basically 
the same. As every other grading accuracy measurement of the RBAG systems of the two 
studies are basically the same, it is interesting to note this 11% drop in accuracy when it comes 
to grade A. This could be for any number of reasons but is worth remembering for future 
comparisons.  
Table 4 The number and percentage of the 790 boards in each grade by rule-based automatic grading (RBAG) 
column-wise and by the customer expert row-wise. For the different grades according to the automatic grading, 
the consistency with the customer expert was also calculated. 

Holistic-subjective automatic grading (HSAG) 
For PLS model I, separating boards of grade C from grades A and B, the R2-value was 0.61 and 
the Q2-value was 0.49. This means that 61% of the variance in grade is explained by the model 
and 49% can be predicted according to cross-validation. The R2-value for PLS model II was 
0.55 and the Q2-value was 0.44.  
Figure 3 shows an observation score plot of the first 2 out of 3 principal components. Therein 
is a visual indication of the separation problem at hand, where the limit of PLS model I would 
be represented by a line trying to separate “triangles” from the rest, while the corresponding 
limit for PLS model II would be a line trying to separate “squares” from the rest. 
Choosing threshold limits for board grade separation in an HSAG system is a trade-off between 
increased sawmill revenues and customer satisfaction. How much the share of higher grades 
can be increased to improve sawmill profitability depends also on the current market situation.  
Table 5 show that the proportion of correctly graded boards in total for the HSAG was 84% 
with a delivered grade distribution of 16% grade A, 54% grade B, and 30% grade C, which was 
very close to the reference grading. HSAG produced a total board grade correctness of 84% 
which was in similar level of what Berglund et al. (2015) did present (78-87%) when two 
different sets of limits 𝐿𝐿𝐴𝐴 and 𝐿𝐿𝐶𝐶 were tested. 
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Out of all boards graded as of quality A, 81% were correctly classified and only 3 boards of 
grade C boards were given grade A. 
As for the trade-off between sawmill and customer satisfaction, the HSAG of this study showed 
a correct or underestimated grade in 91% of the grades of which 7 percentage points of grades 
were underestimated. Similarly, for the HSAG model II by Berglund et al. (2015); correct or 
underestimated grade in 92% of the board grades of which 5 percentage points of board grades 
are being underestimated. Both studies (models) did overestimate 9% of board grades.  
When comparing the RBAG model with the HSAG model, there was an increase in total 
grading accuracy from 64% to 84% with the most significant difference being the ability to 
distinguish boards of grade A. Out of all the boards graded as grade A by the HSAG model, 
81% matched the reference grade A, while only 54% of boards graded as A by the RBAG 
model matched the reference grade A.  

Figure 3. Score plot showing the different grades, according to the customer expert, and their formation in the 
coordinate system of the two first principal components, t[1], t[2]. Squares = grade A, circles = grade B, and 
triangles = grade C. Included is also a tolerance ellipse based on Hotelling’s (1931) T2. 
Table 5. The number and percentage of the 790 boards in each grade by holistic-subjective automatic grading 
(HSAG) column-wise and by the customer expert row-wise. The threshold limits used for separating board grades 
were LA = 0.43 and LC = 0.5. For the different grades according to HSAG, the consistency with the customer expert 
was also calculated. 

 

Follow-up test 
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According to Table 6, the RBAG method graded boards with 81% accuracy. Quality A grading 
was done 100% correct with 27% (4 boards) being borderline lower, while quality C and B 
grading were done with 76% and 77% correctness.  
For the HSAG, Table 7 shows a grading correctness of 95%. Again, quality grade A was done 
100% correct and with overall lower number of borderline cases. 
When comparing Table 6 and 7, the follow-up test confirms the results earlier shown in Table 
5, and the results of Berglund et al. (2015), the HSAG method outperforms the RBAG method. 

To do an as thorough investigation of grade A as possible a seventh group was inspected in the 
same way. This group of boards contained all additional boards classified as grade A by the 
HSAG system. Of these total 15 additional boards only one was put in a lower class by the 
customer expert, which is consistent with the shown 95% grading accuracy. Correctly grading 
more boards of grade A is of course appreciated by both the sawmill and the customer. 
Table 6. The result of a customer expert inspection of the three groups of randomly selected boards representing 
grades A, B, and C according to an RBAG grading system. 

*One board each in grade A and C was rejected due to an uncertainty in board number identification.  

Table 7. The result of a customer expert inspection of the three groups of randomly selected boards representing 
grades A, B, and C according to HSAG, using 𝐿𝐿𝐴𝐴 = 0.43 and 𝐿𝐿𝐶𝐶 = 0.5.  

 
 
 

 
 
 
 
 
CONCLUSIONS 
In this study, a partial least squares multivariate regression based holistic-subjective automatic 
grading (HSAG) method was used to grade sawn timber based on knot distribution. The method 
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was compared with a conventional rule-based automatic grading (RBAG) system and both 
systems used an expert on board grade quality for the North African market as reference.  
The HSAG model was able to grade boards with greater accuracy than the RBAG method. The 
RBAG system graded boards with about 65% accuracy and the HSAG model about 85% 
accuracy. This difference in grading accuracy also showed in the follow-up test where the 
RBAG managed a total correctness of about 80% while the HSAG managed 95%. 
Other than being more accurate in its quality grading, an HSAG system separates quality grades 
by a single limit, which directly balances sawmill revenues vs. customer satisfaction of the 
grading results. This can be seen as a strength of an HSAG system because of the difficult work 
of defining new grades or changing existing ones of the conventional RBAG systems.  
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