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Abstract

Sawing yield is an important parameter for the sawmill profit. One way to increase the sawing yield
is by a reduced saw kerf width, an adapted shrinking allowance, and a lower sawing allowance. The
Swedish sawmills on the other hand see a risk of poorer sawing accuracy and sawing precision and
at worst, more frequent saw blade failures.

One problem with a reduced saw kerf width is the saw mismatch that may occur in double arbor
saw machines. Saw mismatch occurs when the saw blades are displaced in axial direction with
respect to each other due to wear, heat or mechanical disturbance. In this study the aim was to
test the robustness of a laser triangulation unit used for measuring saw mismatch during sawmill
operation. The aim was also to find a suitable response variable for saw mismatch which was
evaluated by using the cant height, feed speed and average top diameter of the logs as predicting
variables in a partial least squares regression. The goodness of prediction for each response variable
was used to compare the response variables with each other.

The results showed that the robustness when measuring sawmismatch by laser triangulation dur-
ing ongoing sawmill production was satisfactory. The response variable with the best goodness of
prediction (Q2 = 0.135) was defined using a sliding windowwith a size of 500 boards. Each element
of the response variable was calculated as the share of boards within the sliding window exceeding
a threshold value of 0.5 mm. This response variable was positively correlated with the cant height,
feed speed and average top diameter of the log. Future work requires a designed experiment where
the predicting variables are varied systematically and where the effect of characteristics and wear
of the saw blades is also considered.
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Introduction

In order to tomaximize the profit return for a sawmill the sawing yield is important since 65 - 75%of
the total costs are related to the raw material (Chiorescu and Grönlund 2003). One way to increase
the sawing yield is by reducing the saw kerf width (Wasielewski et al. 2012, Steele et al. 1992).
Combining this with an adapted shrinking allowance and a lower sawing allowance can increase
the yield further (Grönlund et al. 2009, Flodin and Grönlund 2011). Sawmills in Sweden see a risk
that a reduced saw kerf width can lead to a poorer sawing accuracy and sawing precision (Steele and
Araman 1996), and at worst more frequent saw blade failures. This is holding back the development
towards thinner saw blades.

If the saw kerf is reduced, measurements of size and shape of the sawn timber becomes even
more important. Grönlund et al. (2009) pointed out the need of measuring saw mismatch to ensure
that its presence and magnitude does not increase. Saw mismatch (Figure 1) occurs in double arbor
saw machines when the saw blades are displaced with respect to each other due to wear, heat, or
mechanical disturbance.

A laser triangulation unit for measuring saw mismatch has been developed and evaluated in an
initial laboratory test. The next step is to evaluate the robustness of the measurement unit during
industrial conditions, namely by installing in the green sorting line of a sawmill. Measurements
of surface profile and surface roughness of wood has been an area of interest to wood researchers
earlier (Sandak and Tanaka 2003, Elmas et al. 2011), but not to measure saw mismatch specifically.

Axelsson et al. (1991) has experimentally determined the side forces when sawing with sharp
compared to dull tools, side forces that lead to deviations in green target sizes. The saw mismatch
occurring in double arbor saw machines can be a process parameter that gives information of the
sawing process in the same way as the deviation of green target sizes.

The objective of this work was to investigate

• Is laser triangulation used for measuring saw mismatch robust during sawmill operation?

• How should the occurrence of saw mismatch be assessed during ongoing production?



Figure 1: Saw mismatch seen from the board end.

Materials and methods

Setup

A laser triangulation unit was installed in the green sorting line of a sawmill where the boards are
moving in transversal direction on an industrial conveyor (Figure 2). The unit consisted of a GigE
UI-5240CP-M-GL camera and a Lasiris SNF 660 nm laser that was mounted above the conveyor.
The camera was connected to a PC and a photocell connected to the PC by an I/O card was used to
trigger the camera.

The laser was positioned above the conveyor so that it measured saw mismatch 50 cm from the
board end board in the lengthwise direction (Figure 3). Because of the angle α that the laser makes
with the surface normal, a saw mismatch results in a laser line that is separated. The separation, s,
is proportional to the saw mismatch and can be measured in the captured images.

Figure 2: The laser triangulation unit as it was installed in the green sorting line of a sawmill. The
arrow indicates the direction of transversal board movement on an industrial conveyor.
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Figure 3: The laser line was positioned a distance of 50 cm from the board end in the lengthwise
direction.

Measurements

Measurements of saw mismatch was performed during 14 days at a sawmill in northern Sweden.
Approximately 390,000 boards passed the measurement unit during this time, resulting in the same
number of measurements of saw mismatch.

During the time period of the measurements, the different sawing classes that was processed and
the sawing patterns applied can be seen in Table 2, Appendix A. The feed speed used is presented
in Table 3, Appendix A.

Data analysis

To analyse this large number of observations and to define a suitable response variable for saw
mismatch, partial least squares (PLS) regression was used. PLS regression is a regularization of a
multiple regression (Ståhle and Wold 1987), where multiple regression is based on the assumptions
that the X-variables (predictors) are all independent of each other. PLS regression is based on the
assumptions that the X-variables are correlated, possibly also noisy and incomplete (Wold et al.
2001), which is likely with industrial data.

Choice of predictors

The X - variables used in the PLS were,

• Average log top diameter (mm)

• Cant height (mm)

• Feed speed (m/min)



Choice of response variable

In order to define a suitable response variable of saw mismatch during sawmill operation, three
different response variables were evaluated using the PLS-model. The response variables were
derived by the following steps. The vector X was defined as containing the saw mismatch data of
the measurements,

X = (x1, x2, . . . , xN). (1)
A sliding window of size S was applied toX and the vectorWj was defined as the sawmismatch

values within the sliding window at a given position,

Wj = (xi−S, xi−S−1, . . . xi) ∀i ∈ {S, S + 1, . . . , N}
∀j ∈ {1, 2, . . . , (N − S)}. (2)

The vectorWjy was defined as the values within the sliding window that were larger than y mm,

Wjy = (x ∈ Wj|x > ymm) ∀j ∈ {1, 2, . . . , (N − S)}. (3)
The elements of the first response variable, Y1, were calculated as

Y1(j) =
length(Wjy)

S
∀j ∈ {1, 2, . . . , (N − S)}. (4)

Each element is the share of values within the sliding window that exceeds a threshold value of y
mm.

The elements of the second response variable, Y2 were calculated as

Y2(j) = W jy ∀j ∈ {1, 2, . . . , (N − S)}. (5)

Each element is the average of the values within the sliding window that exceeds a threshold value
of y mm.

The elements of the third response variable, Y3 were calculated as

Y3(j) = P95(Wj). (6)

Each element is the 95th percentile of the values within the sliding window.
Different threshold values of y for Y1 and Y2 were evaluated using the PLS y = 0.1, 0.3, 0.5, 0.7,

0.9, 1.1 and 1.3 mm as well as different window sizes for all three response variablesWj = 50, 100,
300 and 500 boards. The PLS-model using the response variable that results in the largest goodness
of prediction, Q2, is the most suitable response variable since its variance can be predicted to the
largest extent.

Results and discussion

Response variables

The data from the saw mismatch measurements from one day of production together with the three
corresponding response variables, Y1, Y2, Y3, are shown in Figure 4. The used window size was 100
boards and the applied threshold value was 0.3 mm in this case. It is clear by looking at Figure 4
that the behaviour of the response variables is different.
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(a) Saw mismatch measurements
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(b) Y1, threshold 0.3 mm
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(c) Y2, threshold 0.3 mm
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(d) Y3

Figure 4: Data from saw mismatch measurements during one day of production and corresponding
response variables using a threshold value of 0.3 mm and a window size of 100 boards.

PLS

The goodness of prediction,Q2, of the PLS model using one or two principal components is shown
in Table 1. The best goodness of prediction (Q2 = 0.135) was obtained using the response variable
Y1 with a window size of 500 boards and a threshold value of 0.5 mm. This means that 13.5% of
the variance in the response variable Y1 can be predicted by the PLS-model using average log top
diameter, cant height and feed speed as predicting variables. The goodness of prediction for Y1 is not
so dependent of window size, the value of Q2 for a given threshold value was quite constant when
the window size was varied. The choice of threshold value is more important and it is clear that a
threshold value in the interval 0.3 mm - 0.5 mm is suitable with respect to the level of saw mismatch
of this particular sawmill. Figure 5 shows the centred and scaled PLS regression coefficients using
two principal components for the PLS model with the best goodness of prediction. All predicting
variables are positively correlated with saw mismatch, but average log top diameter and feed speed
are more correlated than the cant height.



A goodness of prediction of Q2 = 0.135 using log diameter, cant height and feed speed as pre-
dicting variables is a good start. To improve our understanding of what is causing the sawmismatch
further tests need to be carried out. What would be interesting is to take saw blade characteristics
into account. The effect of variables such as saw kerf width, saw blade collar size, number of saw
teeth on saw blade, number of resharpenings of saw blades etc. would be interesting to study. This
can be achieved by a designed experiment where the predicting variables are controlled and varied
systematically. Further adjustments of the installation of the laser triangulation unit in the sawmill
can also reduce the noise of the measurement.

Table 1: Goodness of prediction, Q2, for the three response variables Y1, Y2 and Y3 using different
threshold values and different window sizes.

(a) Y1

Window size
50 100 300 500

Th
re
sh
ol
d
(m
m
) 0.1 0.00716 0.00862 0.0462 0.0502

0.3 0.108 0.118 0.131 0.133
0.5 0.115 0.124 0.132 0.135
0.7 0.0921 0.0998 0.107 0.109
0.9 0.0709 0.0782 0.0853 0.088
1.1 0.0555 0.0632 0.0712 0.0746
1.3 0.00935 0.0475 0.0564 0.0611

(b) Y2

Window size
50 100 300 500

Th
re
sh
ol
d
(m
m
) 0.1 0.0932 0.0526 0.0813 0.0918

0.3 0.0165 0.00616 0.0324 0.0589
0.5 0.000965 0.00359 0.00508 0.0106
0.7 0.00193 0.00607 0.00941 0.0112
0.9 0.00474 0.0104 0.00851 0.00764
1.1 0.00889 0.0132 0.0140 0.0134
1.3 0.0133 0.014 0.0166 0.0171

(c) Y3

Window size
50 100 300 500

0.0392 0.0632 0.0926 0.099
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Figure 5: The significant (α = 0.05), centred and scaled regression coefficients of the PLS using
two principal components.

Conclusions

This work showed that the robustness when measuring saw mismatch during sawmill operation
using laser triangulation was satisfactory. The response variable for saw mismatch in a PLS-model
that resulted in the largest goodness of prediction (Q2 = 0.135) was defined as the share of the latest
500 measured boards exceeding a threshold value of 0.5 mm. The predicting variables of the model
were all positively correlated with saw mismatch meaning that increased log diameter, cant height
and feed speed lead to increased presence and magnitude of saw mismatch.

The choice of window size was not so critical, the goodness of fit was almost the same if a smaller
window size was used for a given threshold value. A smaller window size would be preferable in
such case since the lag in the sawmismatchmeasurement would be reduced. The choice of threshold
value was more important and should be in the interval 0.3 – 0.5 mm with respect to the presence
and magnitude of saw mismatch in this particular case.

This work is a good start for increasing our understanding of what is causing saw mismatch and
which variables that have the largest effect on its presence and magnitude. To continue this study
it is necessary to take the effect of the saw blade characteristics into account as well and to design
an experiment where the predicting variables are varied systematically.
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Appendix A

Sawing classes and sawing patterns

Table 2: Processed sawing classes and applied sawing patterns during the period of the measure-
ments. The lower and upper limit specifies the lower and upper limit of the top diameter of the log
in each sawing class.

SC Sawing Lower Upper Start time Stop timepattern(mm) limit (mm) limit (mm)
P11 32 by 125 144 152 2012-08-24 14:36 2012-08-27 14:02
P18 63 by 125 197 219 2012-08-27 14:02 2012-08-28 06:09
P22 75 by 150 228 237 2012-08-28 06:09 2012-08-28 18:37
P20 75 by 125 220 227 2012-08-28 18:37 2012-08-29 09:23
P21 63 by 125 190 210 2012-08-29 09:23 2012-08-29 15:04
P14 50 by 100 174 186 2012-08-29 15:04 2012-08-29 21:36
P15 50 by 100 162 171 2012-08-29 21:36 2012-08-30 07:50
P24 38 by 150 238 254 2012-08-30 07:50 2012-08-30 12:35
P26 38 by 150 255 271 2012-08-30 12:35 2012-08-30 18:01
S30 100 by 200 287 320 2012-08-30 18:01 2012-08-31 07:49
S28 63 by 200 260 286 2012-08-31 10:59 2012-09-03 11:16
S14 50 by 100 167 180 2012-09-03 11:16 2012-09-03 22:12
S12 38 by 125 159 166 2012-09-03 22:12 2012-09-04 08:56
S26 63 by 175 241 259 2012-09-04 18:26 2012-09-05 12:53
S04 32 by 100 124 137 2012-09-04 08:56 2012-09-04 18:26
S24 47 by 150 218 240 2012-09-05 12:53 2012-09-05 21:52
P04 32 by 100 120 131 2012-09-05 21:52 2012-09-06 07:28
P08 32 by 100 141 144 2012-09-06 07:28 2012-09-06 16:12
P06 38 by 100 132 140 2012-09-06 16:12 2012-09-07 07:00
S06 38 by 100 138 148 2012-09-07 07:00 2012-09-10 21:04
S16 50 by 125 181 190 2012-09-10 21:04 2012-09-11 14:21
S18 63 by 125 191 206 2012-09-11 14:21 2012-09-12 11:50
S20 63 by 150 207 210 2012-09-12 11:50 2012-09-12 18:13
S22 63 by 150 211 217 2012-09-12 18:13 2012-09-13 16:16
P26 38 by 150 255 271 2012-09-20 21:59 2012-09-21 10:59
P10 38 by 100 145 151 2012-09-21 10:59 2012-09-24 15:48
P21 63 by 125 190 210 2012-09-24 15:48 2012-09-24 23:25
P24 38 by 150 238 254 2012-09-24 23:25 2012-09-25 13:34
P15 50 by 100 162 171 2012-09-25 13:34 2012-09-25 21:02
P18 63 by 125 197 219 2012-09-25 21:02 2012-09-26 22:50
P14 50 by 100 174 186 2012-09-26 22:50 2012-09-27 00:01

Table 3: The used feed speed for different cant heights.

Cant height (mm) Feed speed (m/min)
100 130
125 125
150 110
175 90
200 80
225 70


