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Abstract
• Within-stem and between stem variation in log stiffness in 591 logs of 2.5 meters in length were assessed from 65
Pinus radiata D.Don trees, sampled across 13 plots of 5 individual trees, representing 7 forests in northern Tasmania,
Australia.

• Average log stiffness was significantly affected by stand age, stocking and basal area.

• Within stems, a consistent pattern of increasing then decreasing modulus of elasticity and acoustic resonance was
observed with highest stiffness values between 5 and 15 metres above ground. The general pattern was consistent
among sites with between site variance predominantly in the y-intercept value.

• Resi-predicted basic density was significantly correlated with log modulus of elasticity (MOE), with the strength of the
relationship varying markedly among sampling points based on position within the stem.

• Multiple regression and random forest models, based on traits extracted from the Resi trace, were found to better
account for variance in log MOE, compared to Resi-predicted basic density alone. Random forest models were able to
explain 56% of the variation at the individual tree level; this improved to 88% at the site level.

Introduction
Timber production via plantation forestry is a relatively slow process that transcends shifts in government policy that
affect its efficiency, focus and profitability. Over recent decades general economic policy paradigms have favoured the
dis-aggregation of the forest supply chain into, broadly speaking, growers, processors and manufacturers. A
consequence of this has been the financial incentive for growers to shorten rotation lengths, enhancing the return on
investment via a primary focus on improved stem diameter and volume growth rates.

The variation in plantation softwood wood properties within the stem has been a major focus of research (Lachenbruch
et al. 2011; Gil-Moreno et al. 2023; Evans 1994) over decades with a well established pattern of increasing basic density
from pith to bark, together with the associated decrease in microfibril angle (Moore et al. 2014; Pot et al. 2025a),
resulting in a pattern of radial improvement in structural wood quality. In general terms this is understood in terms of
juvenile (low quality) wood near the pith and mature (better quality) wood towards the bark. Consequently a reduction in
rotation length, as optimal log diameters are achieved at earlier ages, results in an increase in the proportion of lower
quality juvenile wood in logs (Kennedy 1995; Pot et al. 2025b). Longitudinal variation in log properties, which is markedly
affected by the radial variation patterns, has also been studied extensively (Donaldson et al. 2004; Xu et al. 2004; Watt et
al. 2011; Waghorn et al. 2007; Beets et al. 2018), having the advantage that variation can more easily be partitioned into
logs of varying quality according to their within-stem position. Understanding and quantifying the effects of site, rotation
length and management on these longitudinal patterns of wood property change can assist the valuation of stands by
basing value on additional stem features as well as volume and form.

Globally, resistance drilling (DR) using Resi/Resistograph-type instruments is increasingly applied for rapid standing-tree
wood property assessment, predominantly wood density, supporting applications in breeding, inventory, and forest
resource characterisation across North America, Europe, South America, and Asia (Fundova et al. 2018, 2019; Vlad et al.
2022; Šilinskas et al. 2026; Icel 2025; Singh et al. 2023; Todoroki et al. 2021; Yao et al. 2024; Barría et al. 2017; Bouffier et
al. 2008; Pádua et al. 2019; Gwaze and Stevenson 2008; Isik and Li 2003; Eckard et al. 2010). Related studies have also
explored the use of drilling resistance for stiffness/MOE assessment, either directly or in combination with acoustic
methods (Eckard et al. 2010; Fundova et al. 2019; Sharapov et al. 2019).
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In Australia DR is now commonly used in forestry operations for standing-tree wood quality assessment and pre-harvest
resource characterisation (Bailleres et al. 2019; Downes and Lausberg 2016; Downes et al. 2020; Kumar et al. 2021;
Downes et al. 2022; Gendvilas, Lee, et al. 2024). Growers seek to understand the variability in value across their estates
and gain commercial advantage from supplying logs of known properties to their customers. Previously basic density
assessments via pilodyn (Watt et al. 1996) or outerwood increment coring has been the common assessment approach
(Cown and Hutchison 1983). However, this has been too expensive for wide spread commercial use in pre-harvest
assessments. Resistance drilling, combined with web-based processing of traces, offers a demonstrably low-cost option
that is sufficiently precise and accurate for the various metrics produced (under and over-bark diameter, basic density)
(Downes and Lee 2024; Downes et al. 2018; Gendvilas, Lee, et al. 2024). A major development goal has been to estimate
or predict log stiffness (modulus of elasticity - MOE) from DR data, typically using basic density as a surrogate, but
increasingly utilising regression models that include additional metrics extracted from the Resi trace related to acoustic
wave velocity (AWV) variance (Downes and Lausberg 2016) as assessed using the FibreGen HM200 instrument
(FibreGen, Christchurch, New Zealand).

To better utilise the efficiency of DR in the collection of wood property data, the longitudinal variation in actual log
stiffness was assessed in 65 trees representing 13 plots from 7 different forests. The longitudinal patterns in stiffness
with stems and between forests was examined, and how this related to the pattern in Resi-determined basic density and
stiffness. Two objectives were pursued:

To compare variation among mature stands in actual log MOE and how longitudinal variation in log stiffness
compared between stands

To develop models that could predict log MoE based on metrics that could be extracted from individual Resi traces,
where these metrics required little or no human intervention to extract.

Methods
As part of a larger project exploring the application of resistance drilling to mid-rotation wood property assessment (Lee
et al. 2024), Timberlands Pacific (TPPL) felled trees across a range of plots to define in-house taper equations and
collect basic density and modulus of elasticity (MOE) data to model within-tree variation from breast height
measurements. The field work objectives were:

Collect along the stems, over and under-bark diameter observations to support the updating of taper models
deployed in yield tables.

Collect wood property observations at 2.5 metre intervals along the stem (Resi, HM200, green density) to develop
models of within-tree wood property variation.

Tree selection

From the current planned thinning and clearfall operations, seven sites across northern Tasmania were selected for
sampling. These represented a range of age, altitude, longitude, stocking, and site index (Table 1) metrics. The stands
represented a range of productivity with respect to annual average volume production. Stocking within the clearfall
stands ranged from 450 to 1200 sph.
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Table 1
Forest descriptive metrics.

Site Plot Age BasalArea TopHeight Stocking Elevation

806 1 27.2 67.4 38.8 450 350

806 2 27.2 76.7 39.8 475 355

807 1 25.3 64.4 34.4 625 484

807 2 25.3 63.8 34.4 525 470

810 2 25.2 101. 38.2 920 260

821 1 12.7 41.1 21.5 1350 104

821 2 13.7 47.5 22.1 900 100

828 1 26.9 72.5 36.0 628 180

828 2 26.9 66.9 36.2 485 187

830 1 15.9 63.7 23.9 1350 590

830 2 15.9 50.5 25.7 1100 590

833 1 13.6 62.7 21.3 1600 464

833 2 13.7 37.4 21.5 900 450

(Note: no log data available from Plot 1 of site 810)

Data collection

In total, 65 trees were felled over a 12-month period from 13 plots covering the seven selected stands. Figure 1
illustrates the sampling scheme adopted. Two circular plots, targeting 20 trees were sampled within each stand, with
each plot at least 10 m from the stand edge. Plot area was approximately 0.4 ha. The diameter over bark at breast height
(DBHOB) at 1.3m above ground from each tree was recorded using a diameter tape. Each tree was sampled using an
IML Resi PD-400 (IML System GmbH, Wiesloch, Germany) instrument (Gendvilas, Lee, et al. 2024) to collect two
orthogonal bark-to-bark traces using the sampling conditions of 3500 rpm and 200 cm.min− 1 feed speed.

Five trees, each from a separate quintile of the diameter distribution, from each plot were selected for felling and wood
property and taper assessment. Selections were made to avoid trees that exhibited forking or ramicorns, lean greater
than 10o, scarring, broken tops, very suppressed or abnormal taper. Prior to felling the stem was marked at 0.2, 0.7 and
1.3m above ground. Trees were felled away from the plot centre to avoid stems crossing and facilitate further
assessment. Stems were delimbed and stump height recorded.

Each stem was marked at 2.5 m from the base to merchantable height. If a band was located on a whorl (stem swelling)
the position was adjusted to clear stem without affecting the location of the next band. Two orthogonal Resi traces
(horizontal and vertical) were collected at each band Fig. 2 to assess variation in basic density as per (Gendvilas, Lee, et
al. 2024).

Each stem was cut at the marked locations to yield individual logs and the acoustic wave velocity (AWV) of the log
recorded using the Director HM200™ instrument (FibreGen, Christchurch, New Zealand). A five centimetre thick cross
section was removed from each band, and at the 0.2, 0.7 and 1.3m points, bark removed and underbark diameter
estimated from the geometric mean of two orthogonal ruler measurements from the approximate minor and major axes
of the discs. All discs were processed for assessment of green weight and volume for the calculation of green density.
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As AWV values vary with moisture content, the inclusion of green density enables the calculation of log MoE allowing for
this source of variance. Overall 591 logs of 2.5m length were generated for this study, and average of 9 logs per tree.

Data analyses

Resi traces were read into the web portal (https://forestquality.shinyapps.io/FWPA-5/ accessed 11 Feb 2025) and
processed to generate Resi project files (“*.Resi” in rds format), containing individual trace data and the summary
information generated for each trace. Resi traces were baseline corrected and checked for correct type allocation pith-to-
bark (P-B) or bark-to-bark (B-B) as per Downes (2023) and cambial and pith positions were suitably located. Disc basic
density was estimated from each height position using mean area-weighted values of each of the 4 radial under-bark
portions from the two Resi traces. Trace processing generated a range of variables derived from the Resi trace to explore
their potential to develop an improved prediction model for acoustic wave velocity (AWV) and log stiffness (log MoE).
Log stiffness was calculated using the following equation, where green density was determined from the cross-section
discs sampled from either end of the log.

Variation in whole tree MoE was assessed at the plot mean level, using linear regression and linear mixed effects
modelling via the “lmer” function in the lme4 package (Bates et al. 2015), where tree MOE was calculated as a volume
weighted mean of all logs within a given stem.

Model development for prediction of log MOE from Resi data
To explore the potential of predicting log MOE from a Resi trace more precisely than allowed by the relationship with
basic density alone, a range of variables were extracted from the Resi data that were considered to offer some potential
to describe the variance that might be partly related to microfibril angle variation independent of its empirical
relationship with basic density. Following Dahlen et al. (2023) a four parameter logistic function defined by Ratkowsky
(1990) was used to capture the general pattern of radial variation. The form of the equation is below.

Curves were fitted to 1715 Resi traces obtained in this study using the nlsLM function from the “minpack.lm” R package
(Elzhov et al. 2023) and values for each of the four parameters (A,B,C & D) defined.

From a biological perspective these parameters are indicative of the following:

A: mature wood plateau close to the bark

B: low density value close to the pith

C: radial position of the point where the density exceeds the mean of A and B

D: rate of change in the radial trajectory of density at C

Table 2 lists and briefly describes 29 variables extracted from each Resi trace. All traces were processed as individual
pith-to-bark radii where radial position was expressed as a percentage. At this stage of evaluation, where the Resi trace
was a complete diameter (bark-to-bark) consisting of opposing diameters (entry and exit), an average radius was
constructed by first converting each radius (entry and exit) to percentage radial intervals add averaging them. The
variables were defined to describe aspects of some extent of the radial variation.

LogMOE=AWV 2*GreenDensity

WoodProperty (x) =B+
A − B

1+exp( )C−x

D
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Table 2
Resi-derived variables for use in regression model development

Variable Name Description Transformation

DOB Over-bark diameter none

UBDIA Under-bark diameter none

CoreDensity pith-to-bark basic density none

DiscDensity Area-weighted basic density none

A Upper asymptote of sigmoid curve none

B Lower asymptote of sigmoid curve none

C Position of midpoint between A and B sqrt

D Rate of change of slope at C ln

RPD Ratio of performance to deviation of the fitted curve (RPD = sd/SEP) none

Range Difference between A and B none

pResidualMean Mean of the residuals of the fitted curve none

pResidualSD Standard deviation of the residuals of the fitted curve none

pDensitySD Standard deviation in the density values across the radius none

pDensity.1DerMean Mean of the first derivative of the Resi trace none

pDensity.1DerSD Standard deviation of the first derivative of the Resi trace none

pCumDensitySlope Linear slope of regression fitted to the cumulative density of the radial
density

none

pSkew Skewness of the histogram of the radial trace none

pSkew.1der Skewness of the histogram of the first derivative of the radial trace none

pSkew.2der Skewness of the histogram of the second derivative of the radial trace none

pKurt Kurtosis of the histogram of the radial trace none

pKurt.1der Kurtosis of the histogram of the first derivative of the radial trace none

pKurt.2der Kurtosis of the histogram of the second derivative of the radial trace none

pOWDensity Mean density of the outer 25% of the radius none

pOWDensitySD Standard deviation of the outer 25% of the radius none

pOWSlope Linear slope of regression fitted to outer 25% of radial trace none

pIWDensitySD Standard deviation of the inner 25% of radius none

pIWSlope Linear slope of regression fitted to inner 25% of radial trace none

pSD.ratio pDensitySD / pOWDensitySD none

pSD.ratio.IWOW pIWDensitySD / pOWDensitySD ln

Utilising these variables, two model formulations were pursued; step-wise multiple regression and random forests (Liaw
and Wiener 2002) machine learning algorithms. Data from logs 1–12 only were used as these explained the population
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of sawlogs (2.5-30m tree height) and excluded predominantly non-structural top logs. All analyses and reporting was
done in R (R Core Team 2024) using RMarkdown (Allaire et al. 2024) within the RStudio environment (Posit team 2024).

The regression model was fitted using stepwise forward regression on all 29 variables. Variables identified as significant
predictors in the data set were then used to fit models using a randomly selected set of 75% of the samples as a training
set over 100 cycles of model fitting. Each cycle involved a different randomly selected sample set. The remaining 25% in
each cycle were used to evaluate model performance. The model metrics of each fit were recorded and summarised.

For the random forest model, of the 29 independent variables generated for Log MOE and HM200 prediction, 18
variables (mtry in model formulation) were randomly selected at each split, in 500 trees (nTree). The training set used
75% of the observations, with the remaining 25% for model prediction. This model fitting was repeated 50 times using
different, randomly selected training and test sets each time. Model metrics were recorded and summarised.

Results
Site effects on mean tree basic density and MoE

As an initial examination of site effects, the whole stem mean values of basic density, MoE and AWV were calculated by
determining the under-bark volume of each log and weighting its value according to its contribution to the whole stem
volume. The differences between site means was highly significant for stem volume, MOE and AWV (Fig. 3). The effect
of stand age on stem volume is readily apparent, with the low stem volumes for the younger sites 821, 830, 833. The age
effect on MOE and AWV is also visually apparent (Fig. 3c&d) with younger stands having significantly lower MOE and
AWV values than the 26 year old trees at site 828.

Preliminary to exploring the within-tree variation patterns in MOE, the following analysis examined the inter-relationship
of the potential drivers of tree and coupe variability in MOE with a view to identifying the dominant effects on stiffness
using linear and linear mixed effects modelling (Gałecki and Burzykowski 2013). In addition to the site level variables
described in Table 1, individual tree height and DBH were used in the analysis. A further variable called the “Dominance
Index” was calculated as the individual tree DBH divided by the plot mean basal area. That is a less dominant tree is
likely to grow taller relative to diameter, compared to more dominant trees in the plot, as it competes for light.

Following the assessment of a range of mixed effects and general linear models, the following linear model was found to
best fit the data, with the effect on MOE assessed as:

where:

TreeMeanMoE is the volume weighted mean MOE of all the logs measured in each tree

Stand Age is the time since planting in years

Stocking is the stems per hectare at time of sampling

Tree Height is the individual tree height in meters

DBH is the individual over-bark diameter at breast height at the time of sampling

Dominance Index is individual tree DBH (cm) divided by plot mean basal area (m2)

This assessment was based on AIC criteria (Akaike 1974; Gałecki and Burzykowski 2013). The main issue using linear
mixed effects modelling was the relatively small number of plots (n = 13), relative to the fixed effects. The plot random
effect explained zero variance.

TreeMeanMoE ≈ StandAge+Stocking+TreeHeight+DBH+DominanceIndex
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All five predictors were statistically significant at the 0.05 level (Table 3), with DBH having a major effect; larger trees
having lower MOE. All other predictors had a significant effect, while the effect of the intercept was not significant. Given
the high collinearity between stand age, tree height and DBH, interactions were explored, as well as replacing these three
with a single principal component, derived from principal components analysis, capturing their covariance. Based on
model evaluation criteria, the above model resulted in lower AIC values and double the explained variance. Interaction
terms were non-significant.

Table 3
Linear model of site factors driving variance in plot average tree MOE.

Variable Estimate Std.Error df t value

(Intercept) -1.752 2.387 -0.734 0.466

Age 0.306 0.089 3.452 0.001

Stocking 0.003 0.001 2.995 0.004

Dominance Index 4.834 2.024 2.388 0.020

Tree height 0.181 0.054 3.365 0.001

DBH -0.200 0.038 -5.284 0.000

R-squared 0.635      

Adj. R-squared 0.603      

Longitudinal variation in log MOE

The 2.5 m log length provided a relatively high resolution pattern of the longitudinal change in stiffness. An initial
exploration of the data (Fig. 4a&c) revealed the increasing then decreasing trend in log MoE and acoustic wave velocity
(AWV) with tree height. The generally lower values in the younger stands (821, 830, 833) are evident in their MoE and
HM200 values as well as their fewer logs per stem. Maximum MoE values occurred around 10 metres above ground.
Green density showed the greatest variability in the lower stem, presumably as a function of heartwood formation. The
longitudinal patterns when expressed as a percentage of tree height (Fig. 4bd&f) showed maximum values of MoE and
AWV between 20–40%. Expressing log values as percentages of tree height made the longitudinal patterns more
consistent between sites, regardless of site age while retaining the variation in the y-intercept values.

What is evident in these patterns of variation is the potential for sampling around breast height to inform the properties
of upper logs. Figure 5 shows the variance explained between the first log (0-2.5m stem height) and upper logs for both
measured HM200 and Log MOE values. Above 20 metres the relationship is poor.

Prediction of log MoE by Resi

Orthogonal Resi traces taken from each disc provide a means of comparing Resi measures of basic density with the
actual measured MOE values from individual logs. The two Resi derived metrics of density from each disc (sampling
height) were averaged and compared with the actual log MOE values (Fig. 6a&b). Resi disc density explained 30% (p < 
0.001) of the variance in the 590 measured log MOE values, where as the Resi-core density explained only 17% (p < 
0.001). When the comparisons were restricted to the higher MOE logs lower in the stem (logs 3–6), that displayed a
comparatively higher proportion of mature wood, these relationships strengthened to 42% and 28% variance explained
respectively (Fig. 6c&d), and reduced the standard error of prediction accordingly.
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The relationship between Resi density and log MoE was compared with groups defined by log number (distance from
ground). The correlation was weaker in the first log, and tended to strengthen along the stem (Fig. 7). The general
tendency for disc density and log MOE to decrease with tree height was also evident.

Modelling log MOE

A range of variables were extracted from the Resi trace (Table 2) and used to develop a predictive model of log MOE that
explained more of the variance than basic density alone. Given the generally known radial pattern of MFA that decreases
from pith to bark in a non-linearly in radiata pine (Evans et al. 2001), four parameter sigmoid curves were fitted to the
radial patterns of the Resi data. Figure 8 illustrates 6 diverse traces where traces are taken from a range of log diameters
and stem heights.

Table 2 lists each of the variables extracted from the trace as well as the statistical transformation used to best
approximate a normal distribution. First and second derivatives of the trace were used to gain insight into the speed and
rate of the changing amplitude values along the radius on the basis that this reflects to some extent changing cambial
vigour potentially impacting MFA. Likewise the skewness and kurtosis of these variables might also explain variance
affected by growth patterns independent of basic density. An important criterion (for routine commercial application) in
this process was that all independent variables needed to be derived from the Resi trace directly so predictions could be
determined from traces alone, without requiring the inclusion of other metrics. Similarly all variables needed to be
calculated with minimal or no manual intervention (e.g. by identifying annual ring boundaries to estimate earlywood /
latewood proportions) which would not be possible for a routine commercial application. The correlations among the
dependent and independent variables (Fig. 9) shows the dependence of MoE on basic density, but also the mature wood
density (pOWDensity, A) and the standard deviation of the radial density variation. HM200 values display a similar
correlation pattern with a slightly stronger correlation with log diameter.

Stepwise multiple regression accounted for 51% of the variance in the log MoE using 13 of the 29 variables. Likewise
55% of the variance in the HM200 data was explained using 10 variables (Table 4); markedly more than density alone
(Fig. 6).

Table 4
Summary metrics of stepwise regression to predict log MOE from Resi-derived variables.

Dataset Count minMOE maxMOE Range adj.r2 Resid.se Fstat df nVar pValue

Log MOE 1,180 2.7 16.0 13.3 0.51 1.29 84.24 1,164 15 < 0.0001

HM200 1,180 1.7 4.2 2.5 0.55 0.25 121.85 1,167 12 < 0.0001

The results suggest the Resi-derived variables can explain commercially-useful levels of variance at the individual log
level, but particularly at the plot mean level (Fig. 10), which is the intended commercial application.

To more fully explore the potential, prediction of log MOE in a set of logs not used in model development is required. A
cross-validation approach was used, utilizing 100 cycles where 75% of the logs were randomly selected for model
training, and the remaining 25% for prediction. On average, over the 100 cycles, 50.4% of the variance in log MOE was
explained with an average standard error of prediction of 1.3 GPa.

Random Forest model

As an alternative to multiple regression, a random forest model was constructed utilising all 29 Resi-derived variables
extracted from the trace. Models were fitted 50 times using a different, randomly selected training set each time, which
was used to predict the values in the remaining set of samples. Again, 75% of the logs were allocated to the training set
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and the remaining 25% allocated to the test set. The model fit metrics were summarised in Table 5. On average the
random forest models explained approximately 5–6% more variance than the regression models.

Table 5
Average performance of the random forest model

Property Units Min. Max. Range Test
Set
Mean

Predicted
Mean

Variance
explained
(%)

R2.sd RMSEP SEP Bias

LogMOE GPa 2.70 16.0 13.32 7.96 7.96 57 0.04 1.21 1.21 0.01

HM200 km/sec 1.74 4.23 2.49 2.88 2.88 61 0.04 0.23 0.23 0.00

Discussion
The commercial dollar value of a given tree is a function of its volume, form and the properties of the wood within that
volume. Commercially, volume and form are relatively easy to measure and are assessed in preharvest inventory to
inform growers of expected yield. Internal properties are more difficult and expensive to quantify. Consequently they
have generally not been included in the valuation process. That situation has slowly been changing following decades
long research efforts being directed at non-destructive evaluation of wood properties (Evans 1994, 2006; Downes et al.
1997; Schimleck et al. 2019; Echols 1973). In recent years the implementation of resistance drilling has been adopted by
many Australian plantation growers, to assess plantation wood quality with a view to better understanding its variation
across the resource. Currently, these wood quality assessments are generally limited to breast height measures of
average basic density and predicted stiffness. There is increasing potential to utilise longitudinal models of wood
variability along the stem to be incorporated into yield table software. These approaches are particularly important for
identifying better ways to quantify the effects and cost benefit of the large variety of silvicultural interventions and site
characteristics that impact the volume of merchantable logs produced per hectare.

The ability of Resi to provide a robust estimate of basic density is well established (Downes et al. 2018; Gendvilas,
Downes, et al. 2024; Sharapov et al. 2019). It is also understood that basic density is a strong indicator of log stiffness in
close-to-harvest trees (Harris et al. 1976) where mature wood is a major contributor to log volume. Mature wood is
characterized by generally higher density (compared to the juvenile core) and a lower microfibril angle (MFA). The data
set contained here includes a large proportion of upper logs where the juvenile core (lower density and higher MFA)
contributes a larger component to the log volume. This begs the question of whether other metrics can be extracted
from the Resi trace that captures more of the variance that might be associated with the secondary wall microfibril angle
and its radial pattern of variation, while being more independent of basic density.

Variation in measured MoE

Significant differences in average log and tree stiffness were observed among the study sites. Five available predictive
metrics explained 60% of the variance in whole-stem MOE estimates in ways that are generally well understood.

Stand age reflects the ratio of juvenile to mature wood within a log. By definition, juvenile wood comprises the first
10 rings from the pith in radiata pine (Moore and Cown 2017). Because juvenile wood has lower stiffness, a higher
proportion of it reduces the overall log stiffness.

Stocking influences how much growing space each tree receives, affecting its access to light, soil moisture, and
nutrients. These factors, in turn, modify growth rates, and the ratio of height to diameter growth.

Tree Height clearly influences the load experienced by the stem, affecting the wood properties needed to carry the
load
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DBH: Increased stem diameter increases the ability of the stem to support the load, with leverage effects requiring
less actual wood stiffness to support a given load in larger diameter stems

Dominance index: The diameter of an individual stem relative to the site average basal area is indicative of the
relative suppression (or dominance) of an individual tree. Competition for light will result in less dominant trees
tending to have greater slenderness, with increased material stiffness of the stem wood to offset the reduced
geometric stiffness resulting from smaller diameters.

In the present data set, no significant interactions among age, tree height or DBH were evident, yet each variable exerted
a statistically significant effect on stem stiffness. Stem stiffness (flexural rigidity) is determined by the product of two
factors; Young’s modulus (material stiffness related to wood density) and the second moment of area (geometric
property related to diameter) (Fournier et al. 2013; Downes and Turvey 1993; Downes et al. 1993). In this relationship
stem diameter dominates, as the second moment of area for a cylindrical stem scales with diameter to the fourth power
(I ∝ d⁴). Doubling the diameter makes the stem approximately 16 times stiffer structurally, all else being equal. Wood
density correlates positively with Young’s modulus (E). However, this relationship is roughly linear, where doubling wood
density approximately doubles stem stiffness. Because diameter has a fourth-power effect while wood density has
roughly a linear effect, diameter is the dominant factor in determining overall stem stiffness. A larger-diameter tree with
lower-density wood can easily be stiffer than a small-diameter tree with high-density wood. Variation in stem taper
affects the effective stiffness along the stem.

Longitudinal variation in Log MoE

The high resolution of the log MoE data (log length = 2.5m) allowed the marked and consistent pattern of MoE within
individual tree stems to be observed. This pattern found log MoE to increase from the first log to a maximum in logs 2–5,
before declining progressively in logs above that point. This non-linear pattern of change was more consistent when
expressed as a percentage of stem height than when based on actual height. The pattern was also consistent between
plots, albeit that the y-intercept differed between them. The tendency for younger age stands to have a lower y-intercept
was evident. Xu and Walker (2004) noted the lower stiffness of the butt log in a mill study of 62 radiata pine stems, but
found no decrease in stiffness with stem height above this point. However, given the dependence of stiffness on basic
density and the well reported decrease in basic density with height in stem (Billard et al. 2021; Legg and Bradley 2016;
Wassenberg et al. 2014), the patterns reported here are expected.

Predicting log MoE

Resistance drilling is now well accepted as a cost-effective indicator of basic density in standing trees (Downes et al.
2018; Downes et al. 2022; Schimleck et al. 2019; Gendvilas, Lee, et al. 2024; Lear et al. 2010; Gendvilas, Downes, et al.
2024). It is also well established that basic density is a major determinant of wood stiffness (Vikram et al. 2011; Yang
and Evans 2003), albeit not the only one (Downes et al. 2002; Donaldson 2008; Lachenbruch et al. 2010a; Xu et al. 2004).
The role of the contribution of secondary wall microfibril to explaining variance in MOE is well known (Vaněrek et al.
2017; Tamer and Fauziah 2013) and better captured by acoustic tools (Mason et al. 2017) such as the FibreGen HM200
instrument. However, there is also a strong correlation between HM200 and basic density and often a correlation
between average MFA and basic density (Sheng-zuo et al. 2004; Lachenbruch et al. 2010b; Donaldson 2008) when
examined across the radius (i.e. early wood to late wood and juvenile wood to mature wood). In the study reported here
Resi predictions of basic density were moderately strongly correlated with MoE and HM200 values across all logs, and
the strength of the relationship varied with distance along the stem. Previous work (Sharapov et al. 2019) had found
resistance drilling amplitude to provide reasonable estimates of MOE, especially when combined with acoustic
measurements (Brunetti et al. 2023).
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A primary goal of this study was to determine whether the radial pith-to-bark Resi trace conveys information about
modulus of elasticity (MOE) beyond what is captured by basic density alone. To investigate this, we extracted a suite of
variables from the radial Resi trace that characterise its pattern. These included parameters derived from a four-
parameter logistic curve Ratkowsky (1990) as well as descriptive metrics of the distribution and variability of density
values along the trace. This approach builds on earlier work (Downes and Lausberg 2016), which used similar
techniques to predict HM200 values in radiata pine logs.

Using cross-validated regression and random-forest models, we identified predictors that explained substantially more
variance in log MOE than basic density (effectively DR) alone. The random-forest models outperformed conventional
multiple-regression approaches. The resulting models are now accessible to commercial users of resistance-drilling
technology through web-based trace-processing platforms. While confidence in the commercial use of either of these
models can only be gained by application to independent data sets, subsequent evaluations have provided encouraging
results (Downes unpublished data).

Conclusions
Log MOE varies systematically within tree stems across contrasting sites, increasing from the base and maximizing
between 20% and 40% of tree height. There is a strong similarity of pattern between trees and sites, with marked
differences in the starting MOE value at ground level. The average MOE of radiata pine tree stems at a given location can
be estimated from site and growth metrics including stand age, stocking, plot average basal area, tree height and DBH.
These explained 60% of the individual tree mean variance.

Predictive models of log MOE derived metrics automatically extracted from Resi traces, were able to explain over 50% of
the variance in log MOE in independent test sets, with random forest models tending to explain 5–6% more variance than
multiple regression models. These predictive models have been included in web-based Resi processing platforms
accessed routinely by commercial grower operations. They are undergoing further validation and refinement as data
becomes available.
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Figure 1

Each stem was sampled at multiple heights using Resi and bucked into logs from which discs HM200 values were
recorded. Cross section discs were sampled from each Resi sampling point.
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Figure 2

Over and underbark diameter measurement along lines A and B indicating the maximum and minimum diameters. Blue
dashed lines show the direction of the Resi trace sampling points, effectively the points of minimal diameter variation.
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Figure 3

Calculated log weighted means for (a) total log volume per tree, and volume weighted (b) disc density, (c) acoustic wave
velocity and (d) stiffness. (cross indicates the age in years at sampling.)
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Figure 4

Log MoE (a,b) increased then decreased with tree height as did acoustic wave velocity (c,d). Green density (e,f) was
most variable in the lower stem indicating the variability in heartwood content. Dashed lines indicated a fitted loess
smooth using a span of 0.3.
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Figure 5

The variance explained in upper log MOE (blue) and AWV (red) by logs at the base of the stem decreased with height
above ground when assessed across all sites and trees.
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Figure 6

Measured log MoE across all trees and stem heights were compared with Resi-predicted metrics of mean (a) bark-to-
bark density and (b) disc density. When the logs were restricted to between 7.5 and 15 meters the correlations
strengthened to (c) 28% and (d) 42% explained variance respectively.
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Figure 7

Disc density calculated from Resi traces from the disc sampled from the small end of logs were used to predict MOE of
individual logs.
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Figure 8

Sigmoid curves fitted to six of the individual radii derived from Resi traces at 0.1% intervals.
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Figure 9

Correlation plot illustrating the stength and direction of correlation among the dependent variables. Only correlations
significant at p<0.001 are shown (n=1180)
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Figure 10

The multiple regression model explained 52% of the variance in log Moe at (a) individual log level and (b) 86% at the plot
mean level. HM200 values were slightly better predicted at (c) 56% among logs and (d) 88% among plot means.
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