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Abstract

:

Research Highlights: Stand density was connected with wood quality and lumber production to develop a predictive model to better estimate tree value. Background and Objectives: The available standing wood volume in British Columbia (BC), Canada has consistently decreased since 1990. Better understanding the link between stand growth conditions, knot characteristics, the sawmilling process and product quality is essential in making informed forest management decisions and efficiently utilizing wood. The overall objective was to investigate and predict the impact of tree growth as affected by stand density on knot characteristics, lumber volume and value recoveries for two conifer species, two types of sawmills and three economic scenarios. Materials and Methods: Seventy-two amabilis fir and western hemlock trees were harvested from three stands located on Vancouver Island, BC. Sawlogs were scanned using an X-ray computed tomography (CT) scanner and images were processed to extract knot characteristics and reconstruct three-dimensional (3D) log models. The effects of three diameter at breast height (DBH) classes (30, 40 and 50 cm) and three stand densities on knot characteristics, including knot volume, number of knots, average knot area and knot/tree volume ratio, as well as the simulated lumber volume and value recoveries from two types of sawmills (i.e., Coastal and Interior) under three economic scenarios (i.e., baseline, optimistic, and pessimistic) were investigated. Results: As expected, the knot characteristics of both species increased with the DBH. The difference of knot distribution between amabilis fir and western hemlock suggests that the latter is more sensitive to growth site conditions. The sawmilling simulations revealed that the Coastal mill produced a lower lumber volume due to the type of products manufactured and the primary breakdown patterns being used. Conclusions: The developed linear mixed effects models based on the knot characteristics and tree features could predict the value of a standing tree and can be used for estimating preharvest stand value of similar Coastal Hem-Fir forests.
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1. Introduction


Forest resource is an important sector in the economy of British Columbia (BC) and Canada. While the available wood supply has decreased due to increased pest outbreaks and forest fires associated with climate change [1], sawmills need to improve their process efficiency to face the increasing demand of domestic and export wood products [2] and remain competitive on the global market. Sawmills therefore need to produce a larger yield of lumber and/or higher quality products. From the timber supply aspect, larger and straighter trees with less knots are desired to achieve the lumber production goals. Wood quality, including knot characteristics, wood density, and the proportion of juvenile wood can be significantly improved by implementing silvicultural practices such as initial stand density [3,4], thinning [5,6,7,8,9], pruning [10,11,12], fertilization [13,14]. Combined with genetic improvement of planting stock, these forest management practices could markedly contribute to increase the available forest resources by accelerating volume production of superior trees, and provide sawmills with a higher quality raw material.



For sawmills in BC, the level or type of technology implemented to increase product recovery depends on the type of sawmills (i.e., Interior or Coastal), their product structure and production goals (i.e., volume or quality). In Interior mills, scanners and optimization software assess external log features to optimize the breakdown pattern. In Coastal sawmills, less technology is normally involved in the process so the productivity is slower than that of Interior mills. Computed tomography (CT) scanning is a non-destructive technology used to detect internal features of logs and use the information (e.g., knot size and distribution) to optimize breakdown patterns to maximize lumber value. High-speed CT scanners for industrial use have been developed by Microtec (Lucidyne Technologies, Inc., Brixen, Italy) [15] for the purpose of breakdown optimization and log sorting [16].



Knots have an important impact on structural lumber grades as they decrease stiffness and strength by locally distorting and deviating wood fibers from the longitudinal axis of the stem, thus resulting in mechanical weak areas [17]. In appearance-based lumber grades, esthetics is important since consumers generally prefer clear (knot-free) wood. In both applications, the presence of knots causes lumber downgrades and decreases in value. Many studies have shown that using X-ray CT scanning should increase lumber value recovery and/or volume by up to 24% [18,19,20,21,22] because the position of the logs (i.e., rotation angle) can be optimized based on the log external shape and knots characteristics and distribution. Although the cost of an X-ray CT scanner may be prohibitive for sawmills [23,24], the equipment has been successfully used in research and industrial quality control applications such as measuring wood density [25,26,27,28], detecting the sapwood-heartwood border [29,30] as well as knots [31,32,33,34] and non-destructive testing [35,36,37].



Two main species in Coastal BC are amabilis fir [Abies amabilis (Dougl.) Forbes] and western hemlock (Tsuga heterophylla (Raf.) Sarg.). Due to the similarity of their wood properties, they are considered as one commercial group (i.e., Hem-Fir) and accounted for 46.8% of the harvested land in 2018 [38]. The harvested trees can be transformed into dimensional lumbers, structural laminated veneer lumbers [39] and cross-laminated timbers [40]. Tree attributes and wood properties were extensively analyzed in a previous research [41].



The overall objective of the study consisted in investigating the impact of tree growth conditions on knot characteristics and how they influence the manufacturing of lumber in different types of sawmills. Specifically, the objectives were to: (1) Investigate the impact of stand density and tree diameter on knot characteristics in Coastal amabilis fir and western hemlock trees; (2) quantify how tree diameter and internal knot attributes affect sawmill lumber volume and value yield; and (3) estimate tree value based on CT-scanned knot characteristics, lumber recovery and external tree features. The hypotheses were that forest stand density impacts tree growth and internal knot characteristics the same way for Hem-Fir species and that knot characteristics and log value can be predicted from known tree features.




2. Materials and Methods


2.1. Materials


Seventy-two trees between 55 and 72 years old were selected at random but excluded decay and major defects such as fork, crook, rotten branches, dead top and a lean greater than 5°. Trees were manually felled from three stands located on Vancouver Island, British Columbia and bucked to a 10 cm top diameter. Stands 1 (49°2′ N 124°40′ W) and 3 (48°58′ N 124°39′ W) were situated in Port Alberni, while Stand 2 (50°29′ N 127°6′ W) was located in Port McNeill. Stand history, elevation, slope, stand density, site index etc., are detailed in [41] and summarized in Table 1. The sample under study consisted of 12 amabilis fir (Abies amabilis (Dougl.) Forbes) and 12 western hemlock (Tsuga heterophylla (Raf.) Sarg.) trees for each of the three DBH classes (30, 40 and 50 cm) that were studied. Stand density in those naturally regenerated forest stands ranged from 758 to 1020 stems per hectare (sph). Many attributes were measured and recorded, but this study only focused on DBH classes and the stand density of the harvested sites.



After harvesting, trees were slashed into logs having a length ranging between 2.5 and 5.5 m for further machining and testing. A total of 192 amabilis fir and 182 western hemlock logs were produced. Because the height of the trees was variable, the number of logs and their lengths varied between trees. Over 97% of the logs had a length in the 4.5–5.5 m range and 2–6 logs were slashed per tree.



Over 187,000 of X-ray CT images were obtained for the 374 logs included in this study. Cross-section scans were performed every centimeter along the longitudinal axis with an industrial CT scanner manufactured by American Science and Engineering Inc (AS&E) and located at FPInnovations in Vancouver, Canada. The scanner is built with a beam X-ray source having a fan angle of 20°, a voltage of 4 MeV and a maximum frequency of 133 Hz. The X-rays were detected by a matrix of 512 detectors, which had a length of 706 mm. The maximum log dimension that can be scanned is up to a 1 m diameter and a 5 m length. Each log was positioned upright, centered on the scanner table enclosure and pinned to the floor and then the scanner head (X-ray source and detectors) was rotated twice to make measurements from different angles and ensure all internal characteristics were detected. The physical pixel size for each cross-section was 0.605 mm/pixel and the resolution was 512 × 512 pixel. All CT images were saved as an encodable computer file format (TIFF or TIF).




2.2. Methods


2.2.1. Log Reconstruction


To reconstruct logs, each CT image was processed using the software CT2Opti [43]. The extraction process consisted of three main steps: (1) Detecting the outer shape of the log by canny edge detector, (2) positioning the pith manually, and (3) detecting knots according to a threshold and several tomographic algorithms (e.g., erosion, opening and closing) if the knot border was unclear. False knots detection caused by wet pockets was filtered manually to guarantee the accuracy of detection. After processing, every image was connected by the z-axis (i.e., pith) to build a complete log. Finally, the logs were converted in a format compatible with the sawmilling simulation software Optitek [44] where they were combined into trees for breakdown (Figure 1). Optitek is a sawmill simulation software developed by FPInnovations.




2.2.2. Simulation of Tree Breakdown


Trees were virtually sawn in Optitek. Two types of sawmill were simulated: (1) a BC Coastal sawmill and (2) a BC Interior random sawmill. Mill layouts (Figure A1 and Figure A2 in Appendix A) and product list along with optimization values were provided by FPInnovations and correspond to actual BC sawmills currently in operations. Every piece of lumber virtually produced was graded according to the National Lumber Grading Association [45]. For both sawmills, three economic scenarios, i.e., baseline, optimistic and pessimistic, were used to calculate the final product values. In this study, optimistic and pessimistic market prices were calculated by percentages of the baseline economic cycle for each grade (Table 2). In total, all trees were virtually sawn according to six different scenarios.




2.2.3. Statistical Analysis


The statistical impact of growth history on the knot characteristics was analyzed and, based on the result, three predictive models were built (Figure 2). This strategy was adopted to evaluate the impact of growth history on three aspects of the sawmill value chain: (1) Knot characteristics, (2) lumber recovery for two sawmill types, and (3) value recovery for three economic scenarios. Data management and statistical analyses were performed with R version 3.4.0 (R Core Team 2013). For all models, assumptions were checked using diagnostic plots and only those who met the assumptions were selected for further analysis.



A randomized complete block design with mixed-effect factors was applied to assess the impact of DBH classes and sites on knot characteristics (total knot volume (KV), number of knots (NK), average knot area (KA) and knot/tree ratio (K/T)) as well as lumber volume and value recoveries. A type III analysis of variance (ANOVA) was performed. The three stands were regarded as blocks because of the heterogeneity between the three sites. The three DBH classes and two tree species were considered as independent variables. The interaction between blocks and the independent variables was evaluated at a 95% confidence interval. Because log lengths varied, the restricted estimated maximum likelihood was used to correct for the unbalanced data. Comparisons were evaluated using boxplot and p-values between groups calculated by Tukey multiple comparisons.



To develop the model predicting knot characteristics, a Pearson correlation matrix was first generated to assess the relationship between the knot characteristics extracted with CT2Opti and tree external shape measurements (e.g., DBH, height and volume). A stepwise selection of explanatory variables was used when building fixed- and mixed-effect linear models predicting knot characteristics. Three of the response variables, KV, KA and K/T, were log-transformed. For fixed-linear models, R2 was calculated to indicate the goodness of fit. For mixed-linear models, site was considered as a random effect and the Akaike information criterion (AIC) was chosen to select the best model. All assumptions were checked before determining the final models.



Linear mixed models predicting individual tree lumber recovery that were fitted by maximum likelihood were used to predict the recovery of each tree using predicted knot characteristics and sawmill type. Ten models including different variables were tested and one of them was selected first based on the AIC values and second, on the variance inflation factor (VIF) values.



To predict the individual tree value (excluding by-products), the previous models were connected using Equation (1):


Lumber value of each tree = Tree volume × Recovery × Grade distribution.



(1)







The lumber distribution for each sawmill type could therefore be predicted by using tree attributes and knot characteristics. A linear mixed effect model was developed with sites as random effect. Similar to the previous two models, variables that were not significant (p > 0.05 with Type III ANOVA) were removed from the model through a stepwise selection. The value prediction model was therefore developed based on the predicted grade distribution, tree attributes, and different knot characteristics based on selection.






3. Results


3.1. Effect of Tree Growth Conditions on Knot Characteristics


Knot characteristics (i.e., KV, NK, KA and K/T) were extracted with CT2Opti and calculated based on the log model built in Optitek. The K/T was defined as the proportion of knot volume over the total volume of the reconstructed tree (without crowns), which provided an index of between tree variations. The ANOVA revealed that all knot characteristics in amabilis fir tree were not significantly affected by stand density, but significantly impacted by the DBH class (Table 3). In contrast, the KV and KA were significantly affected by stand density and DBH class in western hemlock, while the K/T was only significantly impacted by the stand density (Table 3).



All knot characteristics in amabilis fir trees increased with the DBH class (Table 4). Specifically, amabilis fir trees from the 40 cm DBH class were characterized by more knots than those of the 30 cm DBH class (416 knots vs. 248 knots for Site 1). This significant increase in the NK explains the rise in KV and KA that were detected (Table 4). The NK remained statistically similar for the 40 and 50 cm DBH class (475 knots for Site 1), although a significant increase of the KV and KA was observed (Table 4). This could be due to branches that did not naturally self-prune in the 50 cm DBH class and stand closure that limits crown development (or the formation of new branches) as trees grow older.



Similar to amabilis fir, the KV and KA significantly increased with DBH class for western hemlock. Interestingly, Site 2 yielded western hemlock trees having larger KV and KA than the other two sites (Table 5), but a smaller overall tree volume (4.188 m3 for Site 2 vs. 4.442 and 4.409 m3 for Site 1 and 3, respectively). Because the number of knots was not significantly impacted by stand density, this suggests that larger branches (i.e., knots) were grown on Site 2 (Table 6). This could be due to the specific bioclimatic location of each site and their geomorphological characteristics. The number of knots did not significantly change with the DBH class, it could be concluded that the branches grew at a similar rate to that of the trees and that stand density was too low to promote self-pruning in the lower whorls of the trees.




3.2. Model 1: Predicting Knot Characteristics


In the selected models Equations (2)–(5) predicting knot characteristics of individual trees, DBH was significant for all response variables, while species was not significant for KA. The coefficients and standard deviations are listed in Table 7.


  log  (  K  V i   )  =  b 0  +  b 1    ·   D B  H i  +  b 2    ·   S p e c i e  s i  +  b 3    ·   D B  H i    ·   S p e c i e  s i  +  e i  ,  



(2)






  N  K i  =  b 0  +  b 1    ·   D B  H i  + b   ·   S p e c i e  s i  +  b 3    ·   D B  H i    ·   S p e c i e  s i  +  e i  ,  



(3)






  log  (  K  A i   )  =  b 0  +  b 1    ·   D B  H i  +  e i  ,  



(4)






  log  (  K /  T i   )  =  b 0  +  b 1    ·   D B  H i  +  b 2    ·   S p e c i e  s i  +  b 3    ·   D B  H i    ·   S p e c i e  s i  +  e i  ,  



(5)




where   S p e c i e  s i  =  {      0   w h e n   S P = A m a b i l i s   f i r       1   w h e n   S P = W e s t e r n   h e m l o c k         for    i  t h     tree (  i = 1 , … , 72  ).



According to the model, each 10-unit increment of DBH (cm) would be associated with a 135% and 78% increase in KV for amabilis fir and western hemlock, respectively. Based on the data, the increase in KV corresponded to an overall 155% from 30 to 40 cm and 78% from 40 to 50 cm for amabilis fir (site data pooled) (Table 4). The discrepancy could be due to the larger KV variation present in the linear model when the DBH is close to 30 cm (not shown). A similar observation can be made for western hemlock although the model seems to fit the field measurements better since the calculated KV increased by 78% from 30 to 40 cm and 63% from 40 to 50 cm (site data pooled) (Table 5). For this model, the adjusted R2 was 0.73, which indicates a good fit. The variation between the models and the raw data could be due to the error terms (ei) that accounts for the site (stand density) factor, which was not included in the models due to its low VIF value. Alternatively, these discrepancies suggest other factors such as temperature and precipitation could be considered in future iteration of the models to improve their accuracy.



The NK is a mixed-effect model and it was chosen among different models for its lowest AIC value (854.6), which indicates its accuracy. According to the model, each increment of DBH (from 30 to 50 cm) would be associated with an increase of 160 and 70 in the NK for amabilis fir and western hemlock trees, respectively. This is similar to the values obtained by CT2Opti for both amabilis fir (145) (Table 4) and western hemlock (64) (Table 5). The discrepancy being less than 10% suggests the model is a good fit for the data in this study.



The models for the KA are linear fixed-effect models and the adjusted R2 was 0.67. According to the model, every 10 cm increase in DBH should result in a 56% rise in the KA for both species, as species was not significant. According to Table 4 and Table 5, there is a respective increase of 59% and 50% for amabilis fir and western hemlock when the DBH grows from a 30 cm class to a 40 cm class. The measured change in KA was 47% and 30% for amabilis fir and western hemlock, respectively when the DBH class further increased to 50 cm. The model therefore seemed to perform better for amabilis fir trees over the three DBH classes included in this study. For western hemlock, the model was a good fit at lower DBH. The lost in accuracy could be due to the somewhat larger variation when the DBH is close to 50 cm (not shown).



The K/T model is a mixed-effect model characterized by an AIC of 54.1. According to the model, the K/T should increase by 91% and 14% respectively for amabilis fir and western hemlock, but was 74% and 12% according to the collected data (Table 4 and Table 6). This suggests a relatively good fit for the western hemlock trees. This could be due to the K/T of western hemlock trees that was relatively constant over the three DBH classes, while this was not the case for the amabilis fir trees (Table 4). This difference caused challenges in accurately modeling both species.




3.3. Sawmilling Simulation


Lumber volume recovery was extracted from the sawing simulations results as a percentage of the total volume of lumber products over the total tree volume. Overall, stand density did not have a significant effect on the lumber recovery, whereas DBH classes had a significant impact, but only in the Coastal mill for both species. The 50 cm DBH class was significantly different from the other two DBH groups and produced lower volume recovery (Table 8). This could be due to the 50 cm DBH class being characterized by larger average knot areas (Table 4 and Table 5). Compared to the Interior mill, there were twice as many product types that mostly varied in length in the Coastal mill and only two grade categories, resulting in shorter products being cut from similar log volumes based on their optimization prices.



Table 9 shows the average values of amabilis fir and western hemlock in two mill types. As expected, the value increased with the DBH because of the increasing total tree volume, while stand density did not have a significant impact. The 50 cm DBH class was significantly different from the other two DBH groups and produced lower recovery of lumber but generated more value for both species. This is explained by the trimming and/or edging of knots done to improve lumber quality. As the lumber volume recovery was lower in the Coastal mill, the total value of products was also lower. Same as with the lumber volume recovery, western hemlock trees yielded a slightly lower value than amabilis fir trees (Table 9). This difference could result from the average total log volume of amabilis fir (1.576 m3) that was higher than that of western hemlock (1.390 m3).



The average recovery in the generic Interior random length and Coastal mills were respectively 68% and 60% (Figure 3) and the average value produced during the baseline economic cycle was CAD 903.40 and CAD 584.60 per tree. This could be caused by the product structure, that is simpler for the Interior random sawmill. In comparison, the Coastal mill generated a product basket having a wide range of dimensions with almost twice as many different lumber sizes than that in Interior random mill.




3.4. Model 2: Predicting Individual Tree Recovery


A linear mixed-effect model (Table 10) was fit using the maximum likelihood. The model having the lowest AIC (715.5) among several models was selected. Each tree was processed by two different sawmill types therefore the groups of trees consist of random effect with two levels. Since knot characteristics were highly correlated with DBH and height, these two variables are not directly shown in this model.




3.5. Model 3: Predicting Individual Tree Value


To predict the value of a tree, the lumber grade distribution was first assessed (Table 11). The DBH, height, species and predicted KA were selected amongst different combinations of independent variables according to lower AIC values and site (stand density) was considered as a random effect in the model. Similar to the simulation results, the better lumber grades predicted accounted for most products for both sawmill types.



In Table 12, intercepts and slopes of predicting individual tree values are listed for three economic scenarios for both sawmill types. In the Coastal mill, the grade distribution was not significant in predicting tree value, so only tree attributes (e.g., DBH and height) and knot characteristics are used.





4. Discussion


4.1. Impact of Tree Growth on Knot Characteristics and Sawmill Simulations


The results indicated that the measured knot characteristics in amabilis fir trees were not significantly impacted by stand density, while western hemlock was. This could be due to trees having been harvested at a relatively young age (55–72 years old) and to the range of stand densities over the three sites that was too narrow (758, 950 and 1020 sph for site 3, 2, 1 respectively) to detect any significant differences between sites, given the high tree-to-tree variability. Alternatively, amabilis fir trees are known to be tolerant to shade [46], and since no thinning was applied to the stands, the three stand densities were not sufficiently contrasted to detect differences in knot characteristics, meaning that competition influencing branching and knottiness was similar for all sites. It can therefore be speculated that under the Coastal Western Hemlock (CWH) Biogeoclimatic Ecological Classification (BEC) zone [47], the growth conditions over the relatively narrow range of the stand densities studied were somewhat uniform and did not have a significant impact on amabilis fir. In contrast, stand density had a significant impact on knot characteristics in western hemlock trees. Although Site 2 had an intermediate stand density (950 sph), KV, KA and K/T were significantly larger. This particular site was located at a higher latitude (50°4′ N vs. 49° N), higher elevation (59.4 vs. 2.4 m) and on a steeper slope (25–40° vs. 0–5°). According to data from nearby weather stations over a 30 yr period (1971–2000) [42], these small differences in site characteristics were sufficient to subject Site 2 to a slightly colder temperature (average of 8.5° vs. 9.5°) and less precipitation (average 1591.5 mm vs. 1910.7 mm). It is known that warmer temperatures positively impact growth [48,49] and increase the basal area increments [50] of some species. It can therefore be speculated that western hemlock is more sensitive to access to sunlight and water than that of stand density. The hypothesis is supported by a previous study that demonstrated that western hemlock is less tolerant to shade than amabilis fir [51].



It is known that lumber volume recovery in sawmill increases with DBH [52]. Interestingly, the DBH class only had a significant impact in the Coastal sawmill and it was significantly lower for the 50 cm DBH class in both species (Table 8). This could be due to the presence of larger knots that caused lumber pieces to be edged or trimmed in order to meet lumber grade requirements, but reduced the lumber volume recovery. A decreased ratio of height to diameter or an increased stem taper could also be an indicator of a lower lumber recovery factor, which was used to explain the relatively lower yield coming from the lower portion of the tree (e.g., butt log) [53]. In this study, those two factors, height to diameter ratio and recovery, showed only a weak to moderate correlation (0.3–0.5) in the Coastal mill for both species. In parallel, the lumber value that could be extracted from each tree significantly increased with the DBH class for both species and sawmill types, which is similar to results previously reported for black spruce trees [54]. This emphasizes the importance of log dimensions in sawmilling operations. Larger trees should yield higher volume and/or value recovery (Table 8 and Table 9). Furthermore, while the volume of trees increased with DBH class, the NK and K/T remained constant or grew only slightly from the 30 to 40 cm DBH groups (Table 4, Table 5 and Table 6). This suggests that the presence of knots in larger DBH classes may be less important than the total tree volume in influencing the final value. Complementary to the volume and value recoveries, the better grade percentage was calculated for both mill types. In the Interior random sawmill, the better grade percentage represented the proportion of #2 and better grades, while it consisted only of the #1 grade for the Coastal mill. The better grade percentage of the latter ranged from 90% to 100% and was significantly higher than that of the former, which ranged from 75 to 85%. Although there is no evidence in the literature that knot characteristics impact the better grade percentage, these differences are likely due to the specific grade rules adopted by each sawmill type.




4.2. Prediction Models


The first model developed in this study (predicting knot characteristics) (Equations (2)–(5)) could be used to assess wood quality from standing trees. Furthermore, until CT scanners become an affordable technology widely adopted by Canadian sawmills, these models could help better estimate stand value of Hem-Fir stands grown in the CWH BEC zone in BC and provide an assessment of internal log characteristics. Thus, improving the link between stand attributes and product value. With further validation of this prediction model, the need of X-ray CT scanners in the wood industry could be reduced until such scanners become a standard in sawmilling operations. Previous research has focused on knot diameter, which is similar to KA in this study, and the growing angle of knots [17,52]. These could be predicted from the measurement of branches [50]. Predicting individual knot characteristics was also investigated in 2013 [55] using nonlinear models for black spruce and Jack pine. The independent variables included height, DBH, insertion angle of branches, branch diameters and the branch position in the tree. It is believed that the models developed in this study, using only DBH and species are much simpler and would therefore benefit from further improvement.



The second model could be used to predict lumber volume and potentially replace log scale rules since they often misestimate the expected lumber volume [56]. Computer simulations methods are therefore recommended over empirical ones [57]. Lumber recovery in Jack pine was predicted with a 64% accuracy with models using tree height and DBH as independent variables [58,59,60]. Similarly, A study in 2009 [60] developed four prediction models for balsam fir trees using DBH and tree height and obtained a R2 above 0.9. In this project, the prediction of the recovery was limited to known knot characteristics, which positively contribute in accurately estimating the economic output of logs [19,21,60,61]. Although the model was based on the predicted knot characteristics and tree attributes, this method of estimating lumber recovery provides valuable insight in assessing production yield before harvesting.



The third model could be used to predict the potential value recovery that could be obtained in sawmills under different economic scenarios. Only the height and DBH are needed to estimate the value recovery from amabilis fir and western hemlock trees within the harvested area. This prediction could provide foresters with an important input when determining the rotation age. Nevertheless, it should be noted that height of the tree in this study is only the stem height, which could introduce a slight bias. If trees could be scanned using X-ray CT, the height and knot characteristics would be more accurate in predicting the recovery and value.



The models developed in this study predict knot characteristics, log volume recovery and value with only two easy measurements, DBH and stem heights, which could well-estimate the production results from harvesting or even earlier planification stage. In addition, species would affect model parameters, but the principle could be applied to other species. Although a comparison could not be done with the real-sawn data, a study indicated that including knot attributes in optimization rules would increase lumber values by 23% in jack pine and 15% in white spruce [22]. Further studies could be done on the validation of the prediction models and assessing the impact of the cumulative error terms since an iterative modeling approach was used.





5. Conclusions


Based on the ANOVAs, amabilis fir and western hemlock trees grown in the CWH BEC zone in British Columbia, Canada have different responses to similar growth conditions, which affects the growth of branches and consequently the knot distribution. While knot characteristics increased with DBH in both species, western hemlock was more sensitive to site characteristics such as slope and elevation (Site 2). The average yearly temperature and precipitation of Site 2 was lower, which promoted the growth of larger, but fewer branches and knots, compared to Sites 1 and 3.



According to the sawmill simulation results, lumber volume and value of both types of sawmills were not significantly influenced by the density of the stand where amabilis fir and western hemlock have grown. However, trees from larger DBH classes yielded larger lumber volume and value, although this effect was not statistically significant for the lumber volume recovery in the Interior random sawmill type. Processing trees from larger diameter classes seems to be more important than the knot characteristics assessed in this study. The sawmilling simulation results also showed that processing Hem-Fir in random sawmills, prevalent in the BC Interior, are associated with higher volume and value recovery than when transformed into Coastal sawmills. This is mainly due to the differences in product baskets, which is much simpler in the Interior random mill (i.e., dimensional lumber). Since Hem-Fir trees are currently mainly processed in Coastal sawmills, this suggests that simplifying the product structure along with adopting primary breakdown equipment typically used in Interior random mills could boost both the volume and value recovery.



Models were developed to estimate knot characteristics and the value of 60-year-old amabilis fir and western hemlock trees from their tree attributes on three harvesting stands located in Vancouver Island, BC. With the combined use of X-ray CT images and sawmill simulation tools, it was possible to estimate lumber recovery and value of trees considering their internal knot features. The models provide an insight in the link between stand growth conditions, wood quality and lumber manufacturing and could be used to estimate revenue at an early stage in the decision-making process. For example, it could assist in deciding the rotation age of a stand. However, these models should be further validated using real sawmilling data. The impact of using models as inputs (i.e., in models 2 and 3) on the cumulative error should also be assessed. Similarly, using a continuous lumber prices dataset would improve the accuracy of the models, make them more dynamic, but likely involve machine learning or big dataset mining approaches.
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Figure A1. Flowchart of an existing BC Coastal sawmill. This sawmill layout was used to simulate Coastal operations. 
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Figure A2. Flowchart of an existing BC Interior random sawmill. This layout was used to simulate Interior operations. 
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Figure 1. Examples of log models with extracted knots (shown in green) and reconstructed stem models for amabilis fir and western hemlock. 
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Figure 2. Scheme of methods, corresponding results and model building. 
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Figure 3. Examples of cutting patterns from simulation results of amabilis fir and western hemlock in Interior random and Coastal sawmills. 
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Table 1. Stand characteristics for the three stands where amabilis fir and western hemlock were harvested is summarized from [41]. The thirty-year (1971–2000) temperature and precipitation averages were extracted from weather stations1 closely located to the stands [42].






Table 1. Stand characteristics for the three stands where amabilis fir and western hemlock were harvested is summarized from [41]. The thirty-year (1971–2000) temperature and precipitation averages were extracted from weather stations1 closely located to the stands [42].











	Stand Characteristics
	Stand 1
	Stand 2
	Stand 3





	Latitude
	49°2′ N
	50°29′ N
	48°58′ N



	Longitude
	124°40′ W
	127°6′ W
	124°39′ W



	Elevation (m)
	390
	260
	230



	Slope (%)
	Level
	25–40
	0–5



	Aspect
	-
	NE
	S



	Stand density (sph)
	1020
	950
	758



	Average temperature (°C) 1
	9.5
	8.5
	9.5



	Average precipitation (mm)
	1910.7
	1591.5
	1910.7



	Average height of sampled trees (m)
	36.9
	36.1
	34.6



	Estimated site index at breast height age of 50
	
	
	



	   Amabilis fir
	32.8
	33.7
	35.0



	   Western hemlock
	33.6
	34.3
	37.2







1 The Port Alberni A (49°2′ N, 124°5′ W) weather station was closely located to Stands 1 and 3, while the Albert Bay (50°4′ N, 126°6′ W) weather station was closely located to Stand 2.
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Table 2. Percentages used to calculate the optimist and pessimist economic scenarios from the baseline economic scenario for different grades of lumber. The grades of lumber are in decreasing order of quality from left to right.
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Economic Cycle

	
Lumber Grades




	
#1

	
#2

	
#3

	
Stud.

	
Econ.






	
Optimist

	
+25%

	
+30%

	
+10%

	
+5%

	
+5%




	
Pessimist

	
−15%

	
−25%

	
−20%

	
−10%

	
−10%
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Table 3. The p-values of stand density and DBH class on total knot volume (KV), number of knots (NK), average knot area (KA) and knot/tree ratio (K/T) at the 95% confidence level for two species.
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Variables

	
KV

	
NK

	
KA

	
K/T






	
Amabilis fir




	
Stand density

	
0.18000

	
0.09930

	
0.17300

	
0.17030




	
DBH class

	
0.00000

	
0.00001

	
0.00000

	
0.00055




	
Western hemlock




	
Stand density

	
0.00611

	
0.40000

	
0.02670

	
0.00163




	
DBH class

	
0.00000

	
0.29400

	
0.00000

	
0.41454
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Table 4. Means of twelve trees and their corresponding standard deviation (in parenthesis) for total knot volume (KV), number of knots (NK), average knot area (KA) and knot/tree ratio (K/T) for three DBH classes of amabilis fir trees harvested from three different sites. Data from the three different sites is pooled.
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DBH Class

	
KV (cm3)

	
NK

	
KA (cm2)

	
K/T (/103)






	
30

	
11,354.2

	
A 1

	
285

	
A

	
21.9

	
A

	
4.337

	
A




	
(5252.8)

	
(81.9)

	
(4.3)

	
(1.594




	
40

	
28,924.6

	
B

	
391

	
B

	
34.8

	
B

	
6.426

	
B




	
(10,326.9)

	
(54.0)

	
(9.0)

	
(2.176)




	
50

	
51,514.2

	
C

	
430

	
B

	
51.1

	
C

	
7.521

	
B




	
(17,100.3)

	
(52.9)

	
(13.0)

	
(2.220)








1 Means followed by the same letter are not significantly different at a 95% confidence interval.
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Table 5. Means of four trees and their corresponding standard deviation (in parenthesis) for total knot volume (KV), number of knots (NK) and average knot area (KA) for three DBH classes of western hemlock trees harvested from three different sites.
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Site

	
DBH Class

	
KV (cm3)

	
NK

	
KA






	
1

	
30

	
17,341.4

	
A 1

	
365 2

	
22.8

	
A




	
(4296.2)

	
(61)

	
(4.1)




	
40

	
33,372.2

	
B

	
502

	
29.6

	
B




	
(9797.8)

	
(40)

	
(7.1)




	
50

	
55,357.9

	
C

	
496

	
41.1

	
C




	
(22,469.4)

	
(127)

	
(2.8)




	
2

	
30

	
26,789.8

	
D

	
448

	
25.6

	
D




	
(6173.7)

	
(147)

	
(2.9)




	
40

	
42,088.5

	
E

	
432

	
39.2

	
E




	
(8086.9)

	
(77)

	
(5.3)




	
50

	
67,634.3

	
F

	
470

	
50.9

	
F




	
(14,665.7)

	
(144)

	
(10.8)




	
3

	
30

	
15,069.1

	
A

	
372

	
20.7

	
A




	
(6018.1)

	
(155)

	
(2.6)




	
40

	
29,681.4

	
B

	
420

	
35.1

	
B




	
(10,074.5)

	
(113)

	
(3.3)




	
50

	
48,854.5

	
C

	
410

	
43.3

	
C




	
(3976.2)

	
(51)

	
(13.3)








1 Means followed by the same letter are not significantly different at a 95% confidence interval. 2 Number of knots is not significantly affected by stand density or DBH class.
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Table 6. Means of twelve trees and their corresponding standard deviation (in parenthesis) for total knot/tree ratio (K/T) for western hemlock trees harvested from three different sites. Data from the three DBH classes is pooled.
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Site

	
K/T (/103)






	
1

	
7.832

	
A 1




	
(2.631)




	
2

	
10.873

	
B




	
(2.082)




	
3

	
6.837

	
A




	
(1.787)








1 Means followed by the same letter are not significantly different at a 95% confidence interval.
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Table 7. Estimations of coefficients for predicting total knot volume (KV), number of knots (NK), average knot area (KA) and knot/tree ratio (K/T). An asterisk indicates a significant p-value at the 95% confidence level.
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	Log (KV)
	NK
	Log (KA)
	Log (K/T)





	    b 0    
	6.6658

(0.3035) 1
	50.3042

(74.5801)
	1.7293

(0.1850)
	0.4389

(0.2913)



	    b 1    
	0.008555 *

(0.0007460)
	0.7978 *

(0.1833)
	0.004429 *

(0.0004547)
	0.003232 *

(0.000716)



	    b 2    
	1.4179 *

(0.4402)
	243.5674 *

(108.1680)
	-
	1.3801 *

(0.4226)



	    b 3    
	−0.002805 *

(0.001081)
	−0.44576

(0.26562)
	-
	−0.002565 *

(0.001038)







1 Standard deviations of the estimated coefficients.
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Table 8. Means and standard deviations (in parenthesis) of lumber volume recovery (%) based on X-ray CT-scanned log volumes obtained from twelve amabilis fir and twelve western hemlock stems for each DBH class and virtual lumber volumes obtained by simulation in two types of sawmills (Interior random and Coastal).
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DBH Class

(cm)

	
Interior Random Sawmill

	
Coastal Sawmill




	
Amabilis Fir

	
Western Hemlock

	
Amabilis Fir

	
Western Hemlock






	
30

	
69.15

	
65.33

	
62.21 a 1

	
58.60 c




	
(3.61)

	
(2.75)

	
(3.01)

	
(5.05)




	
40

	
70.13

	
67.86

	
63.30 a

	
61.99 c




	
(2.01)

	
(2.15)

	
(1.90)

	
(2.94)




	
50

	
68.52

	
66.43

	
58.11 b

	
56.87 d




	
(1.87)

	
(2.50)

	
(3.14)

	
(3.80)




	
Total

	
69.26

	
66.54

	
61.20

	
59.15




	
(2.59)

	
(2.59)

	
(3.44)

	
(4.40)








1 Means followed by the same letter are not significantly different at a 95% confidence level.
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Table 9. Means and standard deviations (in parenthesis) of total values (CAD) of lumber in the baseline economic scenario obtained from twelve amabilis fir and twelve western hemlock stems for each DBH class processed in two virtual sawmills (Interior random and Coastal).
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DBH Class

(cm)

	
Interior Random Sawmill

	
Coastal Sawmill




	
Amabilis Fir

	
Western Hemlock

	
Amabilis Fir

	
Western Hemlock






	
30

	
485.52 a 1

	
460.35 A

	
341.46 d

	
321.58 D




	
(118.12)

	
(110.49)

	
(72.65)

	
(74.52)




	
40

	
1004.16 b

	
899.64 B

	
638.63 e

	
590.82 E




	
(133.00)

	
(117.32)

	
(75.53)

	
(68.04)




	
50

	
1331.40 c

	
1239.50 C

	
836.29 f

	
778.74 F




	
(200.47)

	
(101.49)

	
(79.04)

	
(72.60)




	
Total

	
940.36

	
866.50

	
605.46

	
563.71




	
(383.83)

	
(340.64)

	
(218.99)

	
(202.63)








1 Means followed by the same lower- or uppercase letter are not significantly different at a 95% confidence level.
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Table 10. Linear mixed model for predicting lumber recovery. A total of 144 observations and 72 groups were used.






Table 10. Linear mixed model for predicting lumber recovery. A total of 144 observations and 72 groups were used.





	Random Effects
	(Intercept)
	Residual





	Standard deviation
	2.6653
	1.8458



	Fixed effects
	Estimate
	Standard Error



	Intercept
	63.4231
	4.0805



	Predicted KA
	3.1673
	1.7805



	Predicted NK
	−0.0355
	0.0095



	Interior random mill
	7.7216
	0.3120
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Table 11. Fixed-effect model predicting grade distribution in Interior random and Coastal mill. AIC values are listed for each grade prediction.






Table 11. Fixed-effect model predicting grade distribution in Interior random and Coastal mill. AIC values are listed for each grade prediction.





	
Sawmill

	
Interior Random

	
Coastal




	
Grade

	
Grade 1

	
Grade 2

	
Grade 3

	
Grade 4

	
Grade 1

	
Grade 2






	
Intercept

	
−57.54

(4.94)

	
−15.82

(2.88)

	
−42.05

(10.91)

	
−3.60

(2.38)

	
−27.71

(11.48)

	
−9.97

(4.54)




	
DBH

	
0.24

(0.01)

	
0.10

(0.01)

	
−0.05

(0.02)

	

	
0.10

(0.01)

	
−0.03

(0.01)




	
Height

	

	

	
0.01

(0.00)

	
0.0018

(0.0007)

	
0.01

(0.00)

	




	
Species

	
−4.53

(1.84)

	

	

	
−0.85

(0.40)

	
−5.53

(1.75)

	




	
Predicted KA

	

	

	
16.03

(5.20)

	

	

	
6.70

(2.36)




	
AIC

	
524.0

	
430.0

	
360.7

	
282.8

	
422.1

	
246.4
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Table 12. Estimated parameter means and standard errors in parentheses of value prediction under the baseline, optimistic and pessimistic economic scenarios in Interior random mill and Coastal mill. AIC values are listed for each scenario.






Table 12. Estimated parameter means and standard errors in parentheses of value prediction under the baseline, optimistic and pessimistic economic scenarios in Interior random mill and Coastal mill. AIC values are listed for each scenario.





	
Economic Cycle

	
Baseline

	
Optimistic

	
Pessimistic




	
Sawmill Type

	
Interior

	
Coastal

	
Interior

	
Coastal

	
Interior

	
Coastal






	
Intercept

	
−2030.55

(336.22)

	
−1405.87

(215.16)

	
−2551.86

(418.61)

	
−1726.30

(265.35)

	
−1684.13

(281.11)

	
−1184.65

(181.66)




	
DBH

	
3.89

(0.26)

	
1.27

(0.43)

	
4.87

(0.32)

	
1.63

(0.53)

	
3.25

(0.22)

	
1.095

(0.36)




	
Height

	
0.18

(0.068)

	
0.19

(0.031)

	
0.23

(0.085)

	
0.23

(0.038)

	
0.145

(0.057)

	
0.16

(0.026)




	
Species

	
−103.26

(26.57)

	

	
−127.73

(33.08)

	

	
−86.63

(22.21)

	




	
Predicted KA

	

	
335.46

(102.96)

	

	
405.99

(126.98)

	

	
280.70

(86.93)




	
Predicted NK

	

	
−0.89

(0.19)

	

	
−1.096

(0.23)

	

	
−0.75

(0.16)




	
Predicted Grade 1

	
−19.80

(9.00)

	

	
−25.10

(11.22)

	

	
−16.26

(7.53)

	




	
Predicted Grade 2

	
33.13

(15.90)

	

	
42.42

(19.79)

	

	
26.91

(13.29)

	




	
Predicted Grade 3

	
26.59

(10.61)

	

	
31.66

(13.21)

	

	
22.39

(8.87)

	




	
AIC

	
887.0

	
790.5

	
918.6

	
820.7

	
861.3

	
766.1
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