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Abstract 
Multiple data sources, experience from previous projects, and new simulations were used to find 
a correlation between lumber value recovery loss and properties of checks (“Check Damage 
Indicator”) in Mountain Pine Beetle (MPB) killed logs. The data suggests that this relationship, 
with a couple of additional rules of thumb, can be used to partition the logs in a few broad 
recovery based check classes (e.g. Good, Bad, and Ugly). The associated expected recovery 
loss for these classes can be used to help mills make decisions regarding profitability of 
processing certain logs.   
 
If the correlation found between the “Check Damage Indicator” developed in this study and 
recovery loss stands up to further scrutiny, it could have a much wider application in the 
industry. First, it can be further developed to incorporate rotational distribution of checks within 
the log and add other refinements to increase its predictive capacity.  Then it can be used to 
sort logs in finer check-based recovery classes.  Secondly, it can potentially be correlated with 
other sensing technologies to make it possible to sort logs automatically or in higher volumes or 
at higher speeds.  
 
To help mills in making such decisions a customizable MPB Return-To-Log Calculator was built 
based on a Return-To-Log spreadsheet provided by Forest Innovation Investment (FII) which 
was originally used for calculating profitability of processing undamaged logs. 
 
The MPB Return-To-Log Calculator can serve the mill user in two ways.  First, the user can 
experiment with this tool using this initial data to get an idea of what changing the respective 
recovery loss boundaries between the checking classes does to the product distribution in each 
diameter class.  This can be used to gain insight in how the logs can be sorted and how, for 
example, a severe checking level affects the recoveries for large logs as compared to small 
logs. 
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1 Objectives 
• To identify possible relationships between the check damage in MPB killed lodgepole pine 

logs and the value recovery obtained as a means to partition the logs into broad check-
dependant quality classes. 

 
• To develop a practical spreadsheet based tool for the BC Interior saw mills to determine 

expected profitability of processing MPB killed lodgepole pine logs based on the above 
severity of checking classes. 

 
 

2 Introduction 
The vast amounts of MPB killed lodgepole pine trees in the BC Interior have caused many 
challenges for both the Ministry of Forests (MOF) and the sawmills processing the fibre. Current 
grading methods require that in Grade 2 logs at least 50% be suitable for making lumber and at 
least 50% of that be merchantable. The scaling rules incorporating the checks do not accurately 
reflect the losses incurred in processing MPB logs. Due to the stumpage difference between 
these two grades it is important that the correct grade be assigned. Also, due to the abundance 
of Grade 4 logs and the need to remove the fibre from the forests, some 30% to 40% of the 
sawmills’ fibre supply is made up of this lower grade. 
 
One of the advantages of the Grade 4 logs is that the stumpage rate is quite low (25 cents/m3), 
however, there are significant accrued costs in harvesting and transporting this low grade fibre 
to the sawmill and the value of the products produced can vary significantly. One of the issues 
the industry has been struggling with is to determine which affected logs are not worth 
processing. The objective of this proposal is to use the existing data to answer this question and 
attempt to extend the idea to partition the logs into “quality” or “yield” groups. The basic concept 
is to provide a framework and software tool that can be modified by a given mill to adapt to their 
particular situation. 
 
 

3 Background 
A number of studies have been carried out in the past to try to predict the recovery from 
mountain pine beetle (MPB) killed logs based on the level of checking.   However, as research 
on this topic progressed, it became apparent that, due to the large number of variables involved, 
prediction with the required level of accuracy is only possible with very large data sets and very 
complex models (Pirouz & Taylor, 2008).  Even if such prediction were practical, the industry 
still lacks the ability to detect the required check parameters to apply the prediction to any 
specific log or group of logs. This has left the industry with large data sets but no usable 
conclusions. 
 
In the process of obtaining this data, studies have been conducted that produced large volumes 
of log and check data from MPB attacked logs. In 2006, as part of the MOF&R shelf life studies, 
J.S. Thrower and Associates destructively sampled 360 trees from 45 sites across north central 
BC. The check and stain data were obtained from sample discs taken at 2.5m intervals along 
each tree. Neither the check lengths nor any angular check relationship between the sample 
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discs were included (Thrower et al). In 2007, also as part of the MOF&R shelf life studies, 
Timberline Natural Resources Group destructively sampled some 500 MPB attacked trees. 
These were cut into 2.5m lengths for check data collection. As in the previous study, no data 
correlating the check information between data collection points was included (Webb et al 
2007). In 2007 a similar study was carried out, however, in this case, data from some 100 trees 
were sampled at 0.5m intervals to include detailed check information at and between sample 
points (Webb et al. 2008). The results of this study were designed to be used for modelling the 
lumber recovery and value as a function of check damage. In 2007 & 2008, for the MOF&R, 
CFS and FII, studies were carried out by FPInnovations, Forintek Division to estimate the 
lumber recovery and value from both modelled and real checked logs (Pirouz and Taylor 2008), 
(Orbay & Goudie 2006) and (Orbay 2007). Furthermore, in the process of performing various 
studies, Forintek has also developed the capacity to create a large variety of computer log 
models with or without defects. This experience is extremely useful to this project. 
 
In order to understand the effect of  checked MPB logs on lumber values, past studies have 
examined the effect of real log models, with artificial checks, on the volume and value of lumber 
produced, and have also attempted to develop regression equations based on very large 
samples of these logs. In this study, the analysis is primarily based on real log and check data 
from one of the “Shelf Life” projects (Webb, et al., 2008), but other data sources were used to 
verify the findings. 
 
 

4 Staff 
Zarin Pirouz Project Leader FPInnovations – Forintek 
Alex Precosky Software Developer FPInnovations – Forintek 
Joel Mortyn Research Scientist FPInnovations – Forintek 
John Taylor Research Scientist FPInnovations – Forintek 
Laszlo Orbay Research Scientist FPInnovations – Forintek 
Ron Niessen Software Developer FPInnovations – Forintek 
 
 

5 Materials and Methods 
Previous work had developed a large sample of log models using real log geometric shapes 
populated with simulated check configurations. This sample, although consisting of more than 
16,000 log models, did not cover a representative range of possible check configurations. 
Studying a more complete sample would require creating millions of log models and the 
corresponding simulation time and data would be unmanageable. The sample was used to 
examine the effect of checks in different or multiple quadrants, as well as grain spirality, for 
possible predictors on value recovery. Further selective check configurations were studied to 
follow up some of the initial findings resulting in studying more than 12,000 additional log 
models.  Although these studies gave an insight into how certain check patterns on logs might 
affect recovery loss, they were of limited use without understanding how natural check patterns 
are distributed on real logs. Other previous work, where real check patterns on logs were 
modelled, had shown that, in reality, the checking pattern is far more complex than the 
simulated checks. However, the number of real logs in that study was not sufficient for making a 
generalization. Given than modelling all possible check configurations was not possible, the 
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decision was made to use the very detailed log and check data collected from a previous “shelf 
life” study (Webb et al 2008). This data set was the most extensive data for “real checks” 
available for this project and, together with the existing large collection of logs with simulated 
checks, provided a rich source of information for the project. 
 
5.1 Log Data and Models 
The data collected in the “shelf life” study (Webb et al 2008) were based on approximately 100 
trees cut into 0.5 m lengths, with all log diameters and check information, for checks deeper 
than 1 cm, carefully recorded. This data was assembled into more than 300 5 m long, log 
components and transposed into a format suitable for creating log models. Any shorter lengths 
remaining from the top of the stems were examined for recovery and included if appropriate, the 
shortest of which was 2.9 m long.  Software was then written to convert the data into a 
compatible format for use by Optitek™, FPInnovations’ sawmill modelling program, log models 
that included the size and position of all the checks.  
 
There was no sweep, or any other non-check defect information such as knot or stain data, 
recorded for these logs. Therefore the logs were only modeled with diameter and check 
information. While this made the log models less perfect, it also made it easier to study the 
effects of checks on recovery without the effect of other geometrical or defect influences. As a 
log without sweep can be oriented at any orientation before primary breakdown, the log models 
were then re-created with the checks rotated in 30 degree increments, such that many likely 
breakdown solutions and corresponding volume and value recoveries were obtained. Thus, for 
every log, there were 13 solutions (12 rotational orientations plus one with no checks). The end 
result was the volume and value recovery for about 4,000 logs.  In cases where log modes 
include sweep, this type of rotation is still necessary, since the checks can be located in any 
orientation in a tree with respected to the sweep plane.  
 
The relationship developed with the set of logs with real checks was further tested with a set of 
about 16,000 logs, with simulated checks, in 27 “damage groups”. Each group was defined by a 
set of check properties in terms of length, depth, and spirality. These logs were created based 
on true-shape scan data for 150 real 5 m logs in 5 diameter classes. The checking pattern of the 
damage groups was then superimposed on the 150 logs to create 4,050 logs (150 x 27).  In this 
case, the log models preserved the natural sweep of the original logs so, when required, they 
were processed in the “horns down” position. As with the previous set of logs, to better 
represent the possible variety of the check orientations within the log, the check patterns were 
rotated around the log.  In this case, due to the large number of logs, only 4 rotations were 
used, with resulted in a total of (4,050 x 4) 16,200 log models. 
 
5.2 Sawmill Simulation 
Using the Optitek™ software, the log models were then run through a simulated typical BC 
interior mill model (Figure 1).  This model is substantially the same as the one developed for 
(Orbay & Goudie 2006) and (Orbay 2007). The mill is represented by a large-log line and a 
small-log line.  Logs with small end diameter of less than 7.5” are processed in the small line 
and larger logs are processed with the large line.  Both lines are simulated with true-shape 
scanners and log turners.  The large-log line is represented by a 3-sided canter followed by a 
set of saws to produce two side boards.  The bottom canter head is designed to chip a 2x3 or 
2x4 spline board depending on log size. The small-log line is represented by a 3-sided canter 



 

followed by a vertical double-arbor gang saw. In this model, an optimized board edger and an 
optimized trimmer are used to saw boards to final sizes.  The product and grade specifications 
are described in Appendix 1. 

 
Figure 1 Sawmill layout 
 
Initially, the log models were processed without the check information to obtain the optimum 
check free solution, which should serve as an upper bound on value recovery (Figure 2 - Left). 
The checks were then superimposed on this geometric solution to obtain the volume and value 
that would be obtained from a typical sawmill, that has no ability to detect the checks while 
processing these logs (Figure 2 -Right). 
 

 
 
Figure 2 Checks are superimposed on optimum breakdown solution of unchecked logs 
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To obtain the optimum solution for each log, Optitek™ software simulates the sawmill 
optimization process by incrementally examining a large number of breakdown options, 
processing each option through the sawmill model, and comparing the values obtained. This 
process is very computationally intensive and multiple CPUs are used in a computer cluster to 
obtain the results in a manageable time. This generates various forms of report and output data 
that is stored in Optitek output files. To facilitate data analysis on the large volume of data 
(thousands of logs and hundreds of thousands of resulting products), a relational database was 
created using Microsoft Access, along with a system of support software, to post-process the 
thousands of simulation data files. These tools allowed flexibility in examining a large variety of 
possible relationships between the check and log information and the value recovery.  
Furthermore, the new software and database tools developed allowed access to relevant data 
produced in other studies, which were used to verify some of the findings in this study. 
 
Since the Optitek software simulates the “green mill”, the recovery analysis is performed on the 
green products without considering the influence of knots, losses in planer mill, or losses due to 
drying.  For final reporting of product distributions, the resulting set of “green mill” products were 
transformed to a set of “planer mill” products by using typical “trim-back factors” and “grade out 
turns” based on historical data from a representative BC Interior sawmill. For further details on 
this transformation see Appendix 2.   
 
The relationships between log value and volume recovery and many check parameters such as, 
average and total length, depth, spirality, width, and number of checks were examined for 
different log diameters. Previous studies (Pirouz & Taylor, 2008) had shown that although 
product volume or Lumber Recovery Factor (LRF= volume of lumber per log volume in fbm/m3) 
is a common measure of log recovery in the industry, it is not a suitable measure to track the 
reduction of recovery due to checking. As many mills dealing with checked logs have noticed, 
the volume of the products produced from MPB attacked logs are not diminished as drastically 
as their value.  The example in Figure 3 shows that sometimes the LRF can even be higher for 
logs with spiral checks (lower quality logs) as compared to non-spiral checks, while the overall 
value recovery is diminished. This is demonstrated in Figure 3.  On the right side of Figure 3, a 
straight long check is shown, which is fortuitously aligned to be contained within one product. 
While this product is eliminated and the LRF (product volume) is reduced, other products are 
untouched.  On the left side of the figure, the same check in the same log is shown with 
spirality. In this case, spirality spreads the damage to 4 products, drastically reducing product 
grades (and value recovery), while the lumber volume is not affected. 

 

No 3 

2&Better 
No 3 

Econom
y

Econom
y

No 3 

2&Better 

 J-Grade 
2&Better 

Figure 3 Potential effect of spirality on lumber recovery 
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Another common recovery measure that the mills are interested in is total dollar value recovered 
per log.  This measure can be influenced significantly by the cyclic changes in relative chip and 
lumber prices.  While good chip prices can keep mills profitable during downturns in the lumber 
market, by “lumping” these two values, the recovery loss due to checking can be biased to the 
point that relevant trends are lost in the analysis. Even using “Percentage of 2&Better”, which is 
a common measure for tracking overall quality of products, is not sufficient for tracking loss due 
to checking.  The substantial reduction in the volume of the “better” part of “2&better”, means 
that it is mostly left with lower end of grade 2.  Therefore, in this study, the Value recovery 
Factor (VRF), the value of lumber per log volume in $/m3, is used as a measure of recovery 
when looking for a relationship between check parameters and recovery loss. 
 
5.3 Return To Log and Log Margin Calculator for MPB Logs 
The final step in the project was to develop a calculation tool (based on a spreadsheet template 
provided by FII) to obtain “return-to-log” estimates from a manual inspection of the check 
damage. This could then be used to help classify the log in three categories (say “good”, “bad”, 
and “ugly”) or at least determine whether the log was worth processing through the sawmill or 
should be rejected. Developing such a tool requires that a practical relationship between 
recovery loss and check parameters be found.  Furthermore, any check or log parameters 
required for this relationship must be practically obtainable by simple manual means so that logs 
(or representative samples of logs) can be evaluated in log yards. This requirement was used 
as one of the criteria when examining various relationships between check parameters and 
recovery loss.  
 
The recovery and product distribution data from the simulated log and mill model and planer mill 
transformation (see Appendix 2) were then used to seed the spreadsheet tool with a simulated 
set of product and grade distribution data for each of the damage categories in 5 diameter 
classes. While these recovery values are interesting to gain an insight into the losses due to 
checking, they are based on simulations of a generic mill and of limited practical use for a 
specific mill.  The point of providing this simulation data is to help mills decide where they want 
to draw the boundary lines for their own “good”, “bad”, and “ugly” logs.  Then they can use the 
corresponding checking level (identified in this project) to sort samples of these logs according 
to check damage severity in each diameter class and identify their mill’s own recovery for each 
group.  
To calculate log margins, the calculator also needs production costs for each of these diameter 
classes.  The default production cost values used as examples in the calculator should be 
modified by mills to reflect their own costs.  However, since mills are designed to handle a range 
of diameter classes at a time, production costs can not be purely related to a given diameter 
class in most mills.  This will limit the accuracy of any log margin calculation. 
 
 

6 Results 
6.1 Check Damage and Recovery Relationships 
The most important objective of this project was to try to find a relationship between check 
properties and loss of value recovery obtainable from checked MPB killed logs. Previous 
attempts were not successful in finding such relationship, but each project added more 
information on how to model and analyze checked logs. The means of recovery loss due to 



 

checking can be tracked by examining the “foot print” of the checks on the individual boards and 
how that affects the board grade. The variability of log shapes and the fact that the checks can 
appear anywhere in the tree means that a given check pattern may appear in many different 
orientations on a log as it is being cut.  Since the log is optimized based on external shape only, 
this means that depending on the orientation of checks within the log, the check “foot print” on 
the boards and their grades can be dramatically different.  This is demonstrated in Figure 4, 
where the same log is processed with the same sawing pattern, but with the check pattern 
rotated at 30 degree intervals within the log. This figure shows how the products produced and 
the total value recovery for the log (products and residue) can be affected by the check 
orientation.  

 

Total Value:    $19.33 Total Value:    $20.86Total Value:    $17.81 Total Value:    $16.17

Total Value:    $18.87 Total Value:    $17.71Total Value:    $20.94 Total Value:    $23.45

Total Value:    $17.16 Total Value:    $15.70Total Value:    $20.69 

Figure 4 Effect of check orientation on check “Foot Print” on products within a log  
Total Value:    $19.00
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The graph in Figure 5 shows the Lumber Recovery Factor (LRF = volume of lumber per log 
volume in fbm/m3) and Value Recovery Factor (VRF = value of lumber per log volume in $/m3) 
for the 12 check orientations of the log in Figure 4, as well as the LRF and VRF for the same log 
without checks. It is interesting to note that a change in check orientation (such as a 30 degree 
rotation between the first and second example) may result in opposite changes in LRF and 
VRF. In this case VRF is reduced while the LRF is increased. This example also shows how an 
“unfortunate” orientation, such as the last log in the graph in Figure 5 can reduce the recovery 
by about 50%, while the same check pattern may not cause significant loss in some other 
orientations. This inherent variability means that the predictive value of any relationship between 
checking pattern and recovery loss is strictly statistical and can only be applied to a group of 
logs as opposed to predicting recovery loss of a particular log. 
 

Recovery for Log 1 with Check Pattern Rotated in 30 Degree Intervals
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Figure 5 Effect of check orientation on recovery for the same log  
 
To account for all the possible rotation orientations of a given check pattern, when recovery loss 
for a particular check pattern is considered, the average recovery loss value of all the 12 
rotations is used.  Recovery loss for a check pattern on a single log is calculated as follows: 
 

VRFNoCheck                                         

100 x VRF) CheckedLog  -  VRF(NoCheck    Loss VRF % =    

 
and is averaged over the 12 check orientations to determine average VRF loss. 
 
Since recovery depends on log diameter, the logs were sorted into five diameter classes, shown 
in Table 1. 
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Table 1 Log diameter classes 
Diameter Class Small End Diameter Measurement 
1 Small End Diameter < 15 cm 
2 15 cm < Small End Diameter < 20 cm 
3 20 cm < Small End Diameter < 25 cm 
4 25 cm < Small End Diameter < 30 cm 
5 30 cm < Small End Diameter < 60 cm 

 
For this project, all the check parameters were modeled and normalized with respect to the log 
dimension as described in Table 2. 
 
Table 2 Check parameter modeling 
Check Length Percentage of check length over log length. 
Check Depth Percentage of check depth over log radius at that point. 
Average Check Depth Average of Check Depth over the length of the check. 
Check Width Percentage of check width over log radius at that point. 
Spirality (Ministry of 
Forests Definition) 

The amount of deflection of the check perpendicular to the log axis over a 
30cm log axial length divided by the small end diameter. 

 
6.1.1 Recovery and Check Relationships for Logs with Real Checks 

As mentioned in the previous section, many relationships were examined to try and identify 
those that would help predict the value recovery loss in MPB killed logs due to checks.  While 
check depth and length are both related to recovery loss, analysis shows that it is their 
combination that is the most consistent indicator of recovery loss. Consequently, relationships 
that show the best potential are those relating check area to value recovery.   
 
On the other hand, since it is difficult to measure check depth, finding a relationship using only 
length would be beneficial. For the larger log diameters the correlation between total check 
length and recovery loss becomes stronger, although still weaker than that of total check area. 
Figure 6 shows these correlations for the largest diameter class, where both these parameters 
show good correlation. However, the small number of logs in this diameter class does not allow 
for generalization with any confidence.  
 

 

Diameter Class 5: Sum of Check Length v.s. %VRF Loss
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Figure 6 Check area and length correlation to recovery loss for diameter classes 5 

 
 



 

 
Variations of depth and length measures, such as average value of the “Average Check Depth” 
per log and the average of “Check Length” per log, were also explored.  However, the average 
check properties do not represent the overall check “foot print” on the products and so do not 
have a strong correlation with recovery loss. 
 
Check spirality and width were also studied. Spirality did not have direct correlation with 
recovery loss. However, it increases the loss due to deep, long checks (discussed at the end of 
the section). Check width, which is dependant on moisture content, also did not have correlation 
with recovery loss. Although if a reliable relation between check width and depth (under specific 
moisture conditions) were to be established, width could be used as a proxy for check depth, 
which is difficult to measure.  
 
Figure 7 shows a plot of average VRF (shown with diamond symbol) for the logs grouped in the 
5 diameter classes described in Table 1. The logs within each diameter class are sorted in 
decreasing order of average VRF loss. The graph also shows the sum of the average check 
depths (square symbol) and the sum of the check areas (triangle symbol) per log.  
 

 

Check Depth, Area and Recovery Loss per Diameter Class 

Logs in 5 Diameter Classes 

Figure 7 Recovery loss, check depth, and area for logs in 5 diameter classes 
 
Figure 8 is identical to Figure 7, except that it shows the sum of check lengths (cross symbol) 
instead of depth. These graphs show that while check depth and length measures follow the 
general trend of recovery loss in each diameter class, the check area is the one that is the most 
consistent with this trend. This is also confirmed with correlation analysis. The results of 
unsuccessful correlations are not presented here. 
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Check Length, Area and Recovery Loss per Diameter Class 

Logs in 5 Diameter Classes 

Figure 8 Recovery loss, check length and check area for logs in 5 diameter classes 
 
Considering the “foot print” of the checks on the boards, one can see that although the total 
check area is important, it could exaggerate the damage level. For example, many superficial 
checks might increase the total check area in a log, but they are not likely to result in as high a 
grade loss as a few deep checks. Therefore a relationship including the total check area, 
maximum check area and average check area will take all these factors into account. A simple 
averaging of these three values results in quite a good correlation over a wide range of logs.  
For the purpose of this report, this average is called Check Damage Indicator (CDI), defined as:  
 
CDI = (Sum of all Check Areas in log +   Average of all Check Areas in log + Maximum of all 
Check Areas in log) / 3 

Where:   
• Check Area = Normalized Check Length (percent) x Normalized Average Check Depth 

(percent) / 100      (Values are divided by 100 to keep results in 0-100 range) 
• Normalized Check Length is expressed as a percentage of check length over log length. 
• Normalized Check Depth is expressed as a percentage of check depth over log radius at 

that point. 
• Normalized Average Check Depth is the average of normalized check depth over the 

length of the check. 
 
The first five graphs in Figure 9 show the Check Damage Indicator versus VRF loss for logs in 
the 5 diameter classes. In each graph a simple linear relationship is fitted for these values. The 
square of correlation coefficient (R2) values in the fitted lines range from about 0.55 to 0.85 for 
the different diameter classes which shows a reasonably good correlation, particularly 
considering that this relation does not take spirality or special distribution into account. In fact, 
many of the outliers in the graphs are spiral logs (with one long check) and these correlations 
improve when the spiral logs are excluded.  Logs with one large spiral check are the furthest 
outliers on the right of the fitted line (their recovery loss is under-estimated), logs with one long 
straight check are outliers on the furthest left of the fittest line (their recovery loss is over-
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estimated).  The last graph shows the relationship for all the logs, which also has a reasonably 
good correlation. However, since the slopes for the fitted line is higher for the larger diameters, 
the overall fit is not as good as that of the individual diameter classes. 
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Figure 9 Check damage indicator vs. average recovery loss for 5 diameter classes 
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6.1.2 Testing Recovery Relationships on Alternate Data Source 

To put the Check Damage Indicator (CDI) under additional and independent scrutiny, the result 
of a separate simulation using the model for another BC Interior mill, with a different MPB log 
source and a different product distribution, were tested. The general concepts of this simulation 
and calculation of the VRF loss and CDI were similar to what was described above. This log 
source data was collected at a mill and the check data was collected externally without cutting 
the logs (the depth information was collected using a feeler gauge). The external shape data 
was obtained by scanning the logs through a 3D laser scanner and the natural shape and 
sweep of the logs were preserved.  However, in this simulation, not only were fewer logs 
available, but the check patterns in the logs were only rotated in 4 orientations. The result of 
plotting the CDI against %VRF loss for the same 5 diameter classes is shown in Figure 10. It 
can be seen that in 3 out of the 5 diameter classes, and especially in classes that included more 
than a handful of logs, there is reasonably good correlation in the data (based on a linear fit).  
However, the results for the whole log set do not show good correlation. As was the case with 
the previous data set, the outliers tend to be logs with high spirality (recovery loss under-
estimated) or logs with one single straight check (recovery loss over-estimated). 
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Diameter Class 2:  Check Damage Indicator v.s. % VRF Loss
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Figure 10 Scrutiny of CDI with alternate data source 
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6.1.3 Testing Recovery Relationship on Logs with Artificial Checks 

The simple CDI relationship was also tested with the recovery results of simulation from a group 
of about 16,000 logs, with simulated checking patterns mentioned in section Table 3. The 27 
damage groups are described in Table 3 below. 
 
Table 3 Description of damage groups for logs with simulated checks  

Check Parameters for each Damage Group 

 Depth% Length% 
Check 
Angle Spirality     Quadrants 

Group 1 30 20 45 0     1 
Group 2 50 40 45 0     1 
Group 3 80 70 45 0     1 

 Check 1 Check 2  

 Depth% Length% 
Check 
Angle Spirality Depth% Length% 

Check 
Angle Spirality Quadrants 

Group 4 30 20 30 0 50 40 60 0 2 in Same 
Group 5 50 40 30 0 80 70 60 0 2 in Same 
Group 6 30 20 45 0 30 20 225 0 2 Opposing 
Group 7 30 20 45 0 50 40 225 0 2 Opposing 
Group 8 50 40 45 0 50 40 225 0 2 Opposing 
Group 9 50 40 45 0 80 70 225 0 2 Opposing 
Group 10 80 70 45 0 80 70 225 0 2 Opposing 
Group 11 30 20 45 0 30 20 315 0 2 Adjacent 
Group 12 30 20 45 0 50 40 315 0 2 Adjacent 
Group 13 50 40 45 0 50 40 315 0 2 Adjacent 
Group 14 50 40 45 0 80 70 315 0 2 Adjacent 
Group 15 80 70 45 0 80 70 315 0 2 Adjacent 
Group 16 30 20 45 3 30 20 225 3 2 Opposing 
Group 17 30 20 45 7 50 40 225 7 2 Opposing 
Group 18 50 40 45 10 50 40 225 10 2 Opposing 
Group 19 50 40 45 15 80 70 225 15 2 Opposing 
Group 20 80 70 45 20 80 70 225 20 2 Opposing 
Group 21 30 20 45 3 30 20 315 3 2 Adjacent 
Group 22 30 20 45 7 50 40 315 7 2 Adjacent 
Group 23 50 40 45 10 50 40 315 10 2 Adjacent 
Group 24 50 40 45 15 80 70 315 15 2 Adjacent 
Group 25 80 70 45 20 80 70 315 20 2 Adjacent 
Group 26 40 30 135 0 60 50 225 0 3 Adjacent 

                                            Check #3 --> 60 50 315 0  
Group 27 90 40 45 0 40 90 315 0 2 Adjacent 

 
These damage groups were designed specifically to study the effects of check severity.  Not 
only the check depth and length increase in the groups, but the same patterns are repeated with 
increasing levels of spirality.  Furthermore, while the first three groups only have one check, 
most of the other groups have two checks. The relative size (combination of depth and length) 
are varied to increase their severity and their relative orientation is changed such that they are 



 

in the same or opposing quadrants.  The position of these checks along the length of the log 
was varied randomly.  
 
Due to the large volume of data the recovery values were averaged for each group of logs in 
each diameter class, in each damage group. The average recovery value was also calculated 
for the same logs in each diameter class simulated without the checks.  This produced average 
recovery values for 135 classes of checked logs and 5 corresponding diameter classes of 
unchecked logs. The recovery losses were calculated as %VRF loss for the average values for 
each of the 135 checked classes.  Given that all logs in each of the 27 damage classes have 
the same checking pattern, the CDI is the same for all logs in each damage class. Table 4 
summarizes the damage groups along with the CDI’s. Some of the groups are graphically 
depicted as well. 
 
T able 4 Damage Groups and CDI  
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  Check 1 Check 2 Quadrants Spirality 
Combined 
Check Size 

CDI 

Group 1 Small  1 0 Small 6 
Group 2 Medium  1 0 Medium 20 
Group 3 Large  1 0 Large 56 
Group 4 Small Medium 2 in Same 0 Small-Medium 19.67 
Group 5 Medium Large 2 in Same 0 Medium-Large 56.67 
Group 6 Small Small 2 Opposing 0 Small-Small 8 
Group 7 Small Medium 2 Opposing 0 Small-Medium 19.67 
Group 8 Medium Medium 2 Opposing 0 Medium-Medium 26.67 
Group 9 Medium Large 2 Opposing 0 Medium-Large 56.67 
Group 10 Large Large 2 Opposing 0 Large-Large 74.67 
Group 11 Small Small 2 Adjacent 0 Small-Small 8 
Group 12 Small Medium 2 Adjacent 0 Small-Medium 19.67 
Group 13 Medium Medium 2 Adjacent 0 Medium-Medium 26.67 
Group 14 Medium Large 2 Adjacent 0 Medium-Large 56.67 
Group 15 Large Large 2 Adjacent 0 Large-Large 74.67 
Group 16 Small Small 2 Opposing 3 Small-Small 8 
Group 17 Small Medium 2 Opposing 7 Small-Medium 19.67 
Group 18 Medium Medium 2 Opposing 10 Medium-Medium 26.67 
Group 19 Medium Large 2 Opposing 15 Medium-Large 56.67 
Group 20 Large Large 2 Opposing 20 Large-Large 74.67 
Group 21 Small Small 2 Adjacent 3 Small-Small 8 
Group 22 Small Medium 2 Adjacent 7 Small-Medium 19.67 
Group 23 Medium Medium 2 Adjacent 10 Medium-Medium 26.67 
Group 24 Medium Large 2 Adjacent 15 Medium-Large 56.67 
Group 25 Large Large 2 Adjacent 20 Large-Large 74.67 
Group 26 Small2 Medium2 3 Adjacent 0 Small2- Medium2 42 
Group 26    Check 3: Medium2      

Group 27 Large2 Large2 2 Adjacent 0 Large2-Large2 48 

 

Group 23 

Group 9 

Group 7 

Group10 

Group15 

Group 5 

Group 4 

Group 3 

Group 2 

Group 1 

 



 

 
Figure 11 shows the graphs of the CDI (vertical axis) versus average %VRF loss (horizontal 
axis) for each of the damage classes in each diameter class. A linear regression line is also 
fitted to the data in each graph. It should be noted that since the recovery values within each 
damage class are averaged, the log by log variability, that can be quite significant, is lost. 
Therefore, in that respect, the inflated correlation coefficient (or its square: R2) values shown on 
these graphs can be misleading, since each point on these graphs is an average for a “cloud” of 
data points.  On the other hand, these graphs do show that, on average, the linear relationship 
between the CDI and recovery loss is rather strong, which is in good agreement with those from 
the real logs.  
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D2 Check Damage Indicator vs % Recovery Loss 
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Figure 11 CDI vs. average recovery loss for logs with simulated checks 
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The last graph in Figure 11 shows the data for all diameter classes. The diameter dependency 
of the relationship between CDI and recovery loss can be seen again in this data set, where the 
correlation for the combined diameter classes is lower than that of the individual classes. 
 
The graphs in Figure 11 also reveal several interesting points about the recovery loss due to 
checking patterns.  The five major clusters of points along the linear graph are related to the 
increasing damage due to check area in order of “Combined Check Size” (see Combined Check 
Size column in Table 4).  The recovery loss increases with this combined size in order of Small, 
Small-Small, Small-Medium (and Medium), Medium-Medium, and Medium-Large (and Large).  
These groups are labelled in the graph for diameter class 2 in Figure 11.  This confirms that 
check area is a dominant factor in recovery loss. The “horizontal” points in each cluster shows 
the damage groups with the same CDI but with increasing recovery loss due to increasing 
spirality or checks being in opposing quadrants versus being in the same quadrant. This shows 
that CDI can be improved by incorporating the spatial distribution of checks. It is interesting to 
note that the spread due to being in opposing quadrants is less significant for less severe 
checks.  
 
The increase in recovery loss due to spirality (for the same check area) is also consistent with 
the outliers observed in the data set with the real checks. However, it should be noted that the 
far two outliers on the right side of each curve are due to a spirality of 20, which is higher than 
acceptable for sawlogs.  Also, as was the case for the logs with real checks, damage group 3 
(one straight long check) is the outlier on the left side of the curve (its damage is over 
estimated).  
 
Figure 12 shows all diameter classes on the same graph. The horizontal axis shows the 
damage classes in order of increasing CDI and the vertical axis is the recovery loss as well as 
the value of CDI in bold. Markers at the bottom show if the checks were in opposing or adjacent 
quadrants. 

 
Figure 12 Average recovery losses for 27 damage groups for log in 5 diameter classes 
 
The same type of clustering of damage groups can be seen more clearly in this graph where 
groups with the same CDI have very similar recovery loss. Variations in recovery loss due to 
spirality and checks being in opposite quadrants are low for smaller checks. Specifically groups 
2,4,7,12,17,and 22, (with same CDI) are very close in recovery loss within each diameter class, 

 
 
  17 of 36 
 
 



 

 
 
  18 of 36 
 
 

even though the checks range from Medium only, Small-Medium in same, adjacent, or opposing 
quadrant and Small-Medium with spirality. The groups 6, 11, 16, and 21, which only have Small 
checks are even closer in recovery loss, whereas groups with Medium-Medium checks (8, 
13,18,23), Medium-Large combination (3,5,9,14,19,24) ,and Large-Large combination 
(10,15,20,25) show more sensitivity to being in opposite quadrants (and spirality which is also 
higher for these groups).  
 
6.2 Practical Application of Results 
The previous analysis shows that for the most part, the value recovery loss and Check Damage 
Indicator (CDI) seem to have a good linear relationship, despite the fact that the measure does 
not take check special distribution (spirality or quadrants) into consideration. This means that 
this measure is a good tool for categorizing the logs into broad recovery classes and perhaps, 
with additional work, it may even be suitable for sorting logs into finer recovery classes. 
 
If needed, this relationship can be improved by incorporating the effects of special distribution of 
checks. For example, preliminary tests with simulated check data indicate that by incorporating 
a low-weighted measure of check area multiplied by spirality into the CDI, the correlation values 
improved. It was also shown in the previous section that being in opposite versus adjacent 
quadrants, changes the impact of the checks. This means additional terms in the CDI 
calculation or rules of thumb, to incorporate the quadrant distribution of checks, should also 
improve the correlation. Furthermore, refining the relative weight factors of the sum, average, 
and maximum measures of check area may also improve the correlation between the recovery 
loss and the CDI. 
 
While these improvements can be the subject of future studies, for the practical purposes of this 
project, the real usefulness of a relationship depends on its applicability in the field.  A simple 
average of the sum, average, and maximum of the check area is something that can be easily 
measured in the field and a trained mind might even be able to rank the logs according to a 
“judgement call” as opposed to a calculation. 
 
The main challenge for log yard application is determining an estimate of check depth. Although 
there are some indications, as seen in Figure 6, that for large diameter logs check length alone 
might have a good correlation with recovery, for the most part some estimate of the check depth 
seems to be essential.  On the other hand, by keeping the damage categories broad, this 
measure will not be too sensitive to accuracy in check depth estimates.  If for example, the logs 
where to be sorted into “good, bad, and ugly” classes, the estimate of CDI can be used to sort 
the logs only based on rough estimates of average check length.  Furthermore, the estimate of 
CDI can be augmented with a few rules of thumb to take care of the special distribution aspect 
of the checks that are not incorporated into the CDI.  
 
6.2.1 Proposed Log Sorting Rules 

As it was shown in Figure 9, Figure 10, and Figure 11, the CDI shows better correlation with 
recovery loss when the logs are grouped into diameter classes.  In this study 5 diameter classes 
were used. However, the CDI measurements are always normalized to the log dimensions, so a 
CDI value can be assigned to the logs without need for diameter sorting.  Therefore, it is 
possible to use different numbers of diameter classes, or no diameter classification, when 
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sorting logs based on the CDI relationship.  However, the recovery loss of the group will 
correlate better with CDI for logs with similar diameters.  
 
Based on the findings, the following log sorting rules are proposed.  The order of steps one and 
two below is interchangeable.  If sample logs are being evaluated or scaled in a yard, these two 
steps are likely performed simultaneously. 
 
1- Sort logs according to diameter classes into 5 sorts as follows: 

Diameter Class Small End Diameter Measurement 
1 Small End Diameter < 15 cm 
2 15 cm < Small End Diameter < 20 cm 
3 20 cm < Small End Diameter < 25 cm 
4 25 cm < Small End Diameter < 30 cm 
5 30 cm < Small End Diameter < 60 cm 

 
2- Sort logs in each diameter class into 3 sorts according to CDI. 
 
A rough guideline for selecting a CDI corresponding to “Value Recovery Loss” for each diameter 
class can be obtained from Figure 13 in the next section.  However, since the graphs were 
produced by simulation, it is very likely that personal judgement is required to determine the CDI 
boundaries for check classes. This can be done by using personal judgement to select some 
“Good, Bad, and Ugly” logs in each diameter class and ranking them according to CDI. 
 
Sorting Rule of Thumb 1:  Logs with a dominant single large (deep and long) check should be 
sorted based on spirality. If there is no spirality, the log should be sorted in a check class better 
than indicated by CDI and if there is spirality it should be considered worse than indicated by its 
CDI. 
 
Sorting Rule of Thumb 2:  Logs that have only two large (deep and long) and/or medium 
checks, in opposing quadrants, should be considered worse than indicated by their CDI. 
 
Further research in CDI will quantify these “rules of thumb” to account for rotational distribution 
of checks within the log. 
 
6.2.2 Sorting Logs into Recovery Classes 

While using the CDI relationship to rank the logs is fairly straight forward, there are no simple 
rules for determining the boundary to partition the logs into recovery classes.   
 
Even though in both sets of logs with real checks the CDI ranges from 0 to about 90, (and this is 
probably a good indication of the range of CDI), the recovery loss is mill dependant. The actual 
recovery loss values calculated in this study are based on simulations of logs and mill 
production processes.  Therefore the relationship fitted to the data (and the slope of the curve 
relating CDI to recovery loss) is not representative of any given mill.  This means the 
relationship developed can only be used to rank the logs in order of loss as opposed to being 
used directly to predict recovery loss. 
 
This is also why determining boundaries for sorting logs into recovery classed is not straight 
forward. If for example, the logs were to be sorted into three recovery categories of “Good, Bad, 



 

and Ugly”, a corresponding CDI value for each category has to be found. Figure 13 shows the 
simulated data for CDI versus recovery losses (from Section 6.1.1) for the logs with real checks.  
The figure shows that the same level of CDI causes more recovery loss in the smaller logs 
compared to the larger logs. For example CDI of 50 corresponds on a range of recovery loss of 
35% for smaller logs to 25% for larger logs. 
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Diameter Class 4:     Check Damage Indicator  v.s. %VRF Loss 
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Diameter Class 5:    Check Damage Indicator  v.s. %VRF Loss 
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Diameter Class 3:     Check Damage Indicator  v.s. %VRF Loss 
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Figure 13 Finding boundaries for recovery classes 
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This means the boundaries between checking levels for “Good”, “Bad” and “Ugly” logs are 
diameter dependant. As an example, lines are drawn on the graphs in Error! Reference 
source not found. to show what would happen if it was decided to call logs with recovery 
losses of 0-20% “Good” logs, logs with recovery losses of 20%-40% “Bad” logs, and logs with 
losses of more than 40% “Ugly”.  The corresponding CDI for each diameter class can be read 
off the graph. For diameter class 1, these are about 28 and 57 respectively, but for the same 
20% and 40% recovery loss boundaries, in diameter class 3, the corresponding CDI is about 37 
and 74 respectively.  
 
The values for diameter class 3 are shown in Table 5.  The same concepts apply to all diameter 
classes or different recovery definitions for “Good, Bad, and Ugly”. 
 
Table 5 Example of check class boundaries for diameter class 3 

Diameter Class 3 
Log  Quality Class 

Min Recovery 
Loss 

Max Recovery 
Loss Min CDI Max CDI 

Good – Check Class A 0 20% 0 ~ 37 
Bad   – Check Class B 20% 40% ~ 37 ~ 74 
Ugly  – Check Class C 40% 100% ~ 74 open 

 
Furthermore, given that smaller logs have lower recoveries anyway; one mill might decide to set 
the boundary of “Ugly” for diameter class 1 logs at 20% recovery loss, while the “Ugly” boundary 
for diameter class 5 might be set at 40% recovery loss. 
 
If the graphs were representative of a specific mill, then determining the CDI for boundaries of 
check classes A, B, and C, defining Good, Bad, and Ugly logs, would be a matter of reading the 
graphs.  However, in reality these boundaries can only be used as a guideline and a starting 
point for mills to begin to understand their profit margins and returns for processing MPB killed 
logs. Two important types of information are required to make these values relevant to a given 
mill: 
 

1- The mill’s own recovery values are needed to determine how CDI levels are related to 
recovery losses. 

2- The mill’s own production costs per diameter class are needed to determine what 
percentage of recovery loss makes logs in a given diameter class “Ugly” for s given mill. 

 
Item 1 can be determined by processing samples of logs with different CDI values in different 
diameter classes.  As long as the mill equipment is not changed, the recovery loss values only 
need to be determined once. 
 
Item 2 is more involved since most mills are designed to operate with multiple diameter classes, 
and absolute costs for producing a single diameter class are hard to calculate. 
 
6.2.3 Predicting Recovery 

As discussed above, a direct prediction of recovery is not practical, but sorting into recovery 
classes is possible. The most practical use of the CDI and proposed sorting framework for a 
lumber mill, is to provide a tool for understanding losses in processing MPB killed logs in their 
operation.  Ideally, if log samples can be sorted according to criteria and practical recovery data 
is obtained for each diameter and checking class, the mill can use their own data to a determine 



 

profitability break-even point for each log group and make relevant decisions regarding log 
purchases and operation expenses.  This is likely to be an iterative process, where mills have to 
combine hard data with several judgement calls.  To help in this complex process, the “Return 
to Log” tool is designed to help mills track the required production and recovery data to make 
better decisions.  
 
The tool as provided contains lumber recovery data based on simulation results from this 
project. However, the simulation results are unlikely to match any mill’s particular recovery data.  
Therefore, mills should use this data just to gain and understanding of how the recovery 
changes for each of the diameter and check groups and then add their own data before they 
can use the tool for performing any economic analysis of their operation.  
 
6.3 Return-To-Log Spreadsheet Tool 
The main objective of this project was to develop a tool to help mills perform “return to log” 
estimates/analyses for logs damaged by the mountain pine beetle for different diameter classes 
and coarse damage categories. FII provided an existing spreadsheet tool which had already 
been used successfully to perform return to log estimates for healthy logs.  This spreadsheet 
was used as a starting point to develop an equivalent “Return to Log Calculator” (Figure 14) for 
the MPB damaged logs. 
 

 
 Figure 14 Return to log calculator 
 
The main purpose of the calculator is to help mills perform economic analysis of log production 
based on the following information: 

• Value Loss Due to Checks 
• Distribution of Logs sizes 
• Log Prices 
• Volume Recovery 
• Grade Recovery 
• Production Prices (Including Chips) 
• Mill Operating and Overhead Costs 
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The calculator determines the return to log for the diameter and check classes described in 
previous sections. It allows these boundaries to be modified so different scenarios can be 
investigated. 
 
The calculator has two modes of operations.  
 
1- Locked or “Play” Mode 
 
The calculator starts in this mode.  At present the recovery data in this mode is based on the 
data from the simulation studies done in this project (section 6.1.1). This data is provided so that 
the effects of checking levels on production recoveries can be investigated. There are about 300 
checked logs and only about 40 unchecked logs in the default (original) data set. Since the 
focus of the study was checked logs, only a few unchecked logs were included.  For future 
versions, larger data sets may be used.   
 
Essentially the calculator allows the user to automatically move the recovery boundary lines 
drawn on the graphs in Figure 13, as well as the boundaries of the diameter classes, and 
observe the changes in the results.  By changing these boundaries, different logs are selected 
in each sub-class. Given that there were limited logs in the sample and there are 3 check 
classes and 5 diameter classes, the number of log samples falling in each sub-class can be 
quite low.  This will impact in the resulting recovery data for that sub-class, which is calculated 
by simply adding the product distribution (and associated recovery dollars) for the logs in that 
sub-class.  To show the user the amount of underlying data, the tool shows a table with the 
number of logs in each selected sub-class.  Figure 15 shows a screen shot for this screen in the 
tool.  
 

 
Figure 15 Log classes screen 
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Figure 16 shows the results of the recoveries (or Return to Log) based on the diameter class 
and check class boundary definitions selected. 
 

 
Figure 16 Return to log chart screen 
 
However, the Return to Log can only be calculated if values for the product prices and 
production prices are considered.   The default “best guess” values for these prices can be 
changed by a specific mill to reflect their own values, as shown in Figure 17 and Figure 18. 
 

 
Figure 17 Product Prices Screen 
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Figure 18 Sawmills screen 
 
Return to Log and Margin values for individual log groups can also be calculated as shown in 
Figure 19. 
 

 
Figure 19 Return to log screen 
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2- Unlocked Mode 
 
The calculator can be also used in the unlocked mode where the user can change the simulated 
recovery data to use real mill recoveries and product distributions. This can be done in the 
screen shown in Figure 20.  
 

 
Figure 20 Product recovery screen 
 
The best way that the mill can determine their own recoveries (product and grade distributions) 
for each of these check classes is to run a sample of logs within each check class and diameter 
class through the mill.  Selecting the sample of logs in each check class and determining the 
boundaries of the check classes can be done according to the guidelines described in the 
previous section.  Using this real product distribution data and the mill’s own product mix, sizes, 
grades, volumes, production costs, and price sheets, actual Return-To-Log calculations can be 
made for logs in each class. 
 
This can be used to investigate “what if” scenarios with the mill’s real recoveries, production, 
prices, and cost data.  It could help mills decide on how to change the log mix, decide not to 
process certain logs, or at least decide what prices to pay for logs in each class 
 
 

7 Discussion 
In this study, simulations and analyses on data from an earlier “Shelf Life” project (Webb, et al, 
2008) were performed and results were compared with those from multiple sources of data used 
in previous studies. This rich data source, together with FPInnovations’s MPB related software, 
simulations tools, and research experience, lead to development of a relationship that relates 
recovery loss and check properties in MPB logs  in a practical manner.   
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The correlation of check properties described as the Check Damage Indicator (CDI) to recovery 
loss was tested on three independent data sources.  Although this relationship has not yet been 
proven to be statistically significant with full scientific rigor, it showed reasonably strong 
correlation for most of the data sets.  The correlation is strong enough to use the CDI 
relationship for simple sorting of logs according to check-based recovery loss. However, there 
are also strong indications that this relationship can be improved and should be studied further. 
Due to the short duration of this project, there was no opportunity to pursue several ideas to 
improve this relationship. An improved relationship can be used for a finer level of log sorting. A 
good recovery loss relationship can be used to make purchasing decisions, processing 
decisions, to sort logs, or even make harvesting decisions. 
 
An interesting observation made during the study was the similarity of certain checking patterns 
on the logs obtained from the same tree. This means there might be correlations in the levels of 
losses for the logs from the same tree. If further study verifies this observation, it might mean 
that by examining the lower parts of a tree, a likely expected recovery loss for the logs from the 
rest of the tree can be estimated. This could be beneficial for making harvesting or end-use 
decisions for the entire tree, before felling.  
 
Given the short time frame and the primary objective of this project to look for relationships that 
can be of immediate use for a practical Return-To-Log calculation tool, the CDI and a few 
augmenting rules of thumb were selected as a the most practical means for the short term to 
help sort the checked logs in a few recovery related piles. The simplicity of this strategy is a 
benefit for its application in the field, where for the time being the work has to be performed 
manually. 
 
However, the difficulties in measuring check depth as well as the need for manual 
measurements are impediments for using this technique to sort all the logs in the production 
line.  Potentially tools such as log x-ray systems (Pirouz 2008) might give better information on 
the check properties, but even these systems need to be improved to be able to provide depth 
information.  On the other hand, for the practical purpose of sorting the logs into coarse 
recovery groups, it may be possible to correlate logs with a certain CDI range with another log 
property (e.g. visual or acoustic) that can be acquired through a cheaper and more accessible 
sensing technology (with potential for automation). This is a potential that is worth pursuing 
since it could open new doors for increased profitability in processing checked logs.  
 
 

8 Conclusions 
A correlation was shown to exist between the value recovery loss due to checking in groups of 
MPB killed logs and the check parameters.  This means that despite the high variability of 
recovery from log to log with the same checking pattern, on average, the value recovery loss for 
a group of logs with the same pattern seems to follow a relationship based on check properties.   
A simple relationship called the Check Damage Indicator (CDI) was developed to describe the 
check parameters.  This relationship has not yet been proven to be statistically significant from a 
scientific point of view.  
 
Nevertheless, a simple version of this relationship can be used immediately to sort logs into 
coarse recovery based categories.  The practical application of this finding is to give mills a tool 
for making production and purchasing decisions based on projected “Return To Log” analysis 
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for MPB killed logs.  To help mills in performing this analysis the Return To Log Calculator for 
Checked MPB Logs was developed. The calculator is loaded with simulated data for recoveries 
that were derived from logs in this study. The recommended method for using this tool is for the 
mills to make their own sample sets of logs in three recovery classes, based on the CDI, and 
run those logs through the mill to collect specific product distribution data.  This specific 
production data for each check category and diameter class can be entered into the tool.  This 
will load the calculator with relevant product recovery data from the mill that can be made up-to-
date daily with product process and production costs.  The calculator can then be used to 
determine the profitability of purchasing and processing logs in each of the categories and their 
relative mix.  
 
 

9 Recommendations 
The following is a list of recommendations to follow up on opportunities identified by this work 
that might lead to much better utilization of MPB killed logs: 
 

1- Follow up with mills to make sure they truly understand the potential benefits of the 
return to log calculator tool, solicit feedback to improve its shortcomings, and provide 
help if they chose to put it into use.  

2- Perform a mill study to work with a specific mill to collect recovery data and apply this 
calculator in practice. This should not only benefit the mill, but it will also showcase the 
benefits of the calculator to other mills and provide valuable information for improving the 
tool. 

3- Perform further research to refine the Check Damage Indicator (CDI) and also to 
account for rotational distribution of checks within the log (spirality or checks in opposite 
quadrants).  This may potentially result in a powerful predictive tool to help in sorting the 
MPB checked logs. 

4- Search for correlations between CDI and other log properties, such as visual cues, or 
any properties that can be measured easily, rapidly and inexpensively. Since it is not 
easy to rapidly rank the logs according to CDI, establishing a correlation with easily 
measurable parameters will help link recovery loss to those parameters.  If successful, 
the practical applications for sorting MPB logs according to value recovery loss can be 
improved dramatically. 

5- Explore options to use the CDI to evaluate logs at harvest time.  
6- Investigate correlations in checking patterns and recovery loss in logs obtained from the 

same tree.  
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Appendix I  
 

Product Specification 
The following product specifications were used in this project, which are identical to those used 
in (Orbay & Goudie 2006). The model sawmill was designed to produce dimension lumber 
products for the North American market, as shown in Table 6. 
 
Table 6  Nominal and rough green target sizes 

Nominal  
(inches x inches - feet) 

Rough Green Target 
Thickness (inches) 

Rough Green Target Width 
(inches) 

Rough Green Target Length 
(inches) 

2x3-8 1.67 3.00 97.50 
2x3-10 1.67 3.00 121.45 
2x3-12 1.67 3.00 145.65 
2x3-14 1.67 3.00 169.85 
2x3-16 1.67 3.00 194.05 
2x3-18 1.67 3.00 218.25 
2x3-20 1.67 3.00 242.50 

2x4-8 1.67 3.80 97.50 
2x4-10 1.67 3.80 121.45 
2x4-12 1.67 3.80 145.65 
2x4-14 1.67 3.80 169.85 
2x4-16 1.67 3.80 194.05 
2x4-18 1.67 3.80 218.25 
2x4-20 1.67 3.80 242.50 

2x6-8 1.67 5.80 97.50 
2x6-10 1.67 5.80 121.45 
2x6-12 1.67 5.80 145.65 
2x6-14 1.67 5.80 169.85 
2x6-16 1.67 5.80 194.05 
2x6-18 1.67 5.80 218.25 
2x6-20 1.67 5.80 242.50 

2x8-8 1.67 7.60 97.50 
2x8-10 1.67 7.60 121.45 
2x8-12 1.67 7.60 145.65 
2x8-14 1.67 7.60 169.85 
2x8-16 1.67 7.60 194.05 
2x8-18 1.67 7.60 218.25 
2x8-20 1.67 7.60 242.50 

2x10-8 1.67 9.75 97.50 
2x10-10 1.67 9.75 121.45 
2x10-12 1.67 9.75 145.65 
2x10-14 1.67 9.75 169.85 
2x10-16 1.67 9.75 194.05 
2x10-18 1.67 9.75 218.25 
2x10-20 1.67 9.75 242.50 
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Two additional products were included in the product mix: an appearance grade, commonly 
referred to in the industry as “J-grade”, and a strength grade known as MSR (Machine Stress 
Rated). 
 
The grade rules for the dimension lumber included in the product mix are derived from those 
defined by the National Lumber Grades Authority (NLGA) and are shown in Table 7.  The grade 
rules for the J-grade and MSR grades, also in Table 3, were determined through consultations 
with several sawmills.  
 
Table 7 Lumber grades used in sawing simulation 

Optitek 
Grade Industry Grade 

Max. Wane (%) 

 T     W        L    

Max. Shake 

L                 W       Thr     Edg Max. Splits Max. Stain 

1 J-grade 0   0      0 24”     1/32”    NP    NP NP 2%of vol. 
2 MSR 25    25    100 24”      NL       NP     NP Pc W NL 

3 No.2&btr 33   33   100 36” or ¼ L   NL     NP    Yes 
      24”     NL    Yes   NP 1.5 Pc W NL 

4 No.3 50   50   100 1/3L      NL    Yes   Yes 1/6 Pc L NL 
5 Economy 50    75   100 80%    NL   Yes   Yes 1/3 Pc L NL 

Notes: T=thickness; W=width; L=length; Thr=through; Edg=edge; NP=not permitted; NL=no limit; Pc = 
piece 

 
The prices assigned to these product and grade combinations were as shown in Table 8. 
 
Table 8 Lumber prices used in sawing simulation 

$/piece Nominal Dimension 
J-Grade MSR No2&Btr No3 Econ 

2x3-8 1.300 1.300 1.300 1.040 0.640 
2x3-10 1.630 1.630 1.630 1.330 0.800 
2x3-12 1.910 1.910 1.910 1.640 0.960 
2x3-14 2.350 2.350 2.350 1.850 1.110 
2x3-16 2.850 2.850 2.850 2.150 1.270 
2x3-18 2.900 2.900 2.900 2.360 1.430 
2x3-20 3.210 3.210 3.210 2.580 1.590 
2x4-8 1.86 1.86 1.69 1.36 0.83 

2x4-10 2.36 2.35 2.12 1.73 1.04 
2x4-12 2.78 2.75 2.49 2.14 1.24 
2x4-14 3.41 3.40 3.07 2.41 1.45 
2x4-16 4.17 4.12 3.72 2.80 1.66 
2x4-18 4.06 4.04 3.59 2.80 1.86 
2x4-20 4.52 4.49 4.03 3.19 2.07 
2x6-8 2.42 2.41 2.20 1.81 1.22 

2x6-10 3.30 3.28 2.93 2.25 1.53 
2x6-12 3.76 3.70 3.31 2.70 1.83 
2x6-14 3.94 3.89 3.55 3.14 2.14 
2x6-16 5.29 5.22 4.66 3.63 2.44 
2x6-18 5.41 5.39 4.74 3.65 2.75 
2x6-20 6.01 5.98 5.30 4.11 3.05 
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$/piece Nominal Dimension 
J-Grade MSR No2&Btr No3 Econ 

2x8-8 3.67 3.65 3.34 2.67 1.51 
2x8-10 4.71 4.67 4.20 3.31 1.88 
2x8-12 5.98 5.87 5.25 3.96 2.26 
2x8-14 6.23 6.15 5.60 4.60 2.64 
2x8-16 7.58 7.44 6.70 5.34 3.02 
2x8-18 7.91 7.86 6.92 5.16 3.39 
2x8-20 8.78 8.73 7.75 5.86 3.77 
2x10-8 5.54 5.46 4.89 3.80 2.42 

2x10-10 8.66 8.41 7.40 4.57 2.90 
2x10-12 9.13 8.95 7.97 5.30 3.39 
2x10-14 9.88 9.61 8.56 6.15 3.87 
2x10-16 9.93 9.85 8.58 6.10 4.35 
2x10-18 10.99 10.91 9.60 6.89 4.84 
2x10-20 5.54 5.46 4.89 3.80 2.42 
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Appendix II 
 

Planer Mill Transformation 
Since Optitek can only simulate the sawmilling process in the “green mill”, the output data does 
not incorporate the effects of kiln drying and planing operations.  Furthermore, if the knots and 
other defects are not part of the simulation, the grade loss due to these defects is also not 
reflected in the products.  To account for losses due to drying and planing and downgrade due 
to other defects, the products produced by Optitek are put through a “Planer Mill 
Transformation”. For this transformation, historical data for planer mill grade out-turns (see 
Table 9) and trimback factors (see Table 10), for the specific mill that is being simulated, are 
used.  For this project, the data used for these transformations are intended to represent a 
typical BC Interior sawmill. The methodology followed here is the same as that used in (Orbay & 
Goudie 2006) and (Orbay 2007). 
 
Table 9 Grade Out-turns (%) 

Product Size 
Length 
(feet) J-GRADE MSR-Comb  #2 & BTR. No3 ECONOMY Total 

2x3 8 4.9 28.1 44.3 15.6 7.1 100 
 10 4.8 28.4 44.5 15.4 6.9 100 
 12 2.1 26.3 39.7 16.2 15.7 100 
 14 0.9 33.8 35.5 20.2 9.6 100 
 16 2.6 39.6 36.5 14.8 6.5 100 
 18 3 40.1 37.3 13.2 6.4 100 
 20 3.1 40.6 36.5 13.2 6.6 100 

2x4 8 5.1 27.8 45.1 15.5 6.5 100 
 10 5.1 27.8 45.1 15.5 6.5 100 
 12 0.7 24 46.9 14.6 13.7 99.9 
 14 0.3 35.5 36 19.2 9.1 100.1 
 16 2.7 41.7 35.5 14.1 6.2 100.2 
 18 3.1 41.9 36.3 12.6 6.1 100 
 20 3.2 42.7 35.3 12.5 6.3 100 

2x6 8 5.3 27.6 46.4 13.6 7.1 100 
 10 5.3 27.6 46.4 13.6 7.1 100 
 12 1.5 31.5 43.6 15.2 8.2 100 
 14 0.6 36.5 38.6 17.7 6.6 100 
 16 8.2 38 39.3 11.4 3.1 100 
 18 7.1 37.5 33.5 15.4 6.5 100 
 20 8.5 38.7 31.4 14.8 6.6 100 

2x8 8 4.5 15.4 52 19.1 9 100 
 10 4.7 15.9 51.4 19.5 8.6 100.05 
 12 4.7 19.9 54.9 14.4 6.3 100 
 14 5.7 23.2 53.1 13.9 4.2 100 
 16 9.2 23.9 54.3 10.3 2.4 100.05 
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Product Size 
Length 
(feet) J-GRADE MSR-Comb  #2 & BTR. No3 ECONOMY Total 

 18 11 11.4 65.2 9.3 3.1 100 
 20 12.3 11.6 64.2 9.4 2.5 100 

2x10 Not Produced      
 10 4 4.2 56.4 25.3 10.1 100 
 12 7.9 8.2 66.1 13.5 4.3 100 
 14 10.8 9.9 67.5 10.1 1.7 100 
 16 10.1 9.7 69.3 9.2 1.7 100 
 18 11.1 10.2 67.6 8.9 2.2 100 
 20 12.1 10.7 66.2 9.1 1.9 100 

 
 
 
Table 10 Trimback Factors 
2x3  8 10 12 14 16 18 20 Sum 

 2x3 - 8 0.766       0.766 
 2x3 - 10 0.165 0.723      0.888 
 2x3 - 12 0.070 0.140 0.701     0.911 
 2x3 - 14 0.023 0.073 0.151 0.676    0.922 
 2x3 - 16 0.005 0.020 0.084 0.164 0.643   0.915 
 2x3 - 18  0.019 0.034 0.087 0.158 0.678  0.976 
 2x3 - 20   0.012 0.029 0.09 0.15 0.68 0.961 

2x4  8 10 12 14 16 18 20 Sum 
 2x4 - 8 0.770       0.770 
 2x4 - 10 0.175 0.738      0.913 
 2x4 - 12 0.080 0.155 0.715     0.950 
 2x4 - 14 0.033 0.088 0.165 0.690    0.975 
 2x4 - 16 0.015 0.035 0.098 0.178 0.665   0.990 
 2x4 - 18  0.020 0.037 0.090 0.150 0.649  0.946 
 2x4 - 20   0.016 0.020 0.070 0.132 0.644 0.882 

2x6  8 10 12 14 16 18 20 Sum 
 2x6 - 8 0.790       0.790 
 2x6 - 10 0.165 0.750      0.915 
 2x6 - 12 0.075 0.145 0.730     0.950 
 2x6 - 14 0.035 0.075 0.155 0.710    0.975 
 2x6 - 16 0.015 0.035 0.085 0.165 0.690   0.990 
 2x6 - 18  0.019 0.035 0.089 0.160 0.658  0.961 
 2x6 - 20   0.017 0.018 0.066 0.14 0.635 0.876 

2x8  8 10 12 14 16 18 20 Sum 
 2x8 - 8 0.805       0.805 
 2x8 - 10 0.145 0.778      0.923 
 2x8 - 12 0.068 0.130 0.758     0.955 
 2x8 - 14 0.030 0.070 0.140 0.738    0.978 
 2x8 - 16 0.015 0.030 0.078 0.150 0.718   0.990 
 2x8 - 18  0.019 0.035 0.089 0.158 0.65  0.951 
 2x8 - 20   0.017 0.018 0.066 0.13 0.66 0.891 
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2x10   10 12 14 16 18 20 Sum 
 2x8 - 8        0 
 2x10 - 10 0.125 0.805      0.930 
 2x10 - 12 0.060 0.115 0.785     0.960 
 2x10 - 14 0.025 0.065 0.125 0.765    0.980 
 2x10 - 16 0.015 0.025 0.070 0.135 0.745   0.990 
 2x10 - 18  0.020 0.035 0.086 0.157 0.649  0.947 
 2x10 - 20   0.013 0.014 0.050 0.12 0.654 0.851 

 
Figure 21 shows a set of graphs for each diameter class, where the graph on the left is the 
green-mill product distribution as produced by Optitek simulation and the graph on the right is 
the equivalent Planer-Mill distribution after the planer mill transformation. 
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Figure 21 Product distributions before and after planer mill transformation 
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