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ABSTRACT

For this study, hierarchical datasets in that several sample plots are located within a stand were
analysed for study sites in the USA and Germany. The German data had an additional hierarchy
since the stands are located within four distinct public forests. Fixed-effects models and mixed-
effects models with a random intercept on the stand level were fit to each dataset. The coefficients
varied significantly also between adjacent study sites. The mixed-effects models significantly
improved the estimates and especially reduced the bias which was present for numerous stands in
the predictions of the fixed-effects models. The RMSE for the German study site was higher
(22.5% to 31.3%) than for the US study site (16.7%).Unlike the American dataset, it was
necessary to take the spatial correlation of the data into consideration for the German dataset. A
mixed-effects model with random effects on the study site and stand level was fit to the complete
German dataset. It provided comparable goodness-of-fit statistics for the local mixed-effects
models. The study shows the potential of mixed-effects models in this context. It illustrates that
use of mixed models could be a good alternative to the common practise of fitting different

models for different groups of data.

1. INTRODUCTION

Over the past decade there has been considerable research in the use of laser scanning for forest
measurements. Naesset et al. (2004) and Hyyppi et al. (2004) provide an extensive list of early
foundational research in this area in the Scandinavian countries. It was shown that height and
density metrics, derived from lidar (light detection and ranging) point clouds can be used as
predictor variables in statistical models to estimate forest parameters at the plot level (Magnussen
& Boudewyn 1998, Nasset 2004, Andersen et al. 2005, among others). Such models are usually
fit using sample plots where both lidar (covariates) and ground-truth information (response) are
available. To map the variable of interest, the entire lidar dataset is tessellated into tiles having
the same size as a sample plot. Then, the predictor variables are derived and the response is
predicted for every tile. Compared to plot-based inventories, estimation errors can be
significantly decreased for the area of interest (e.g., a single forest stand), since the number of
observations (i.e., the tiles) is usually much higher than the number of sample plots within a

stand.
First methods in estimation of timber volume using laser scanning data are described by Nelson

et al. (1988) using a profiling lidar system. Nilsson (1996) used data of a small footprint full
waveform laser scanner to estimate forest parameters. He deployed the product of intensity and

Ivlegctat.ion hcihgdht as predictor variable to estimate plot volume and was able to explain 78% of
i variance. Mean vegetation height and vegelation densi ati Foon fal "
o ' a el sity (ratio of vegetation hits) we

2) .l\eesg[ (1997) to estimate slf'md—Wlsc volumes. A few years later he prcsem:dql Vt‘»i::sltlieg

(;ixége[t%ro&;ugr ?r{xsed forest inventory (Nzsset 2002) and proved its operational c’xpaf)i‘liglv

3 - He lits separate models for different age- and site quali ‘ f i

F and site quality classes and achieves R2

bctt'wc?er: Q.8O and 0.93. Mean‘s et al. (2000) reports R* between 0.93 and 0.95 for volume
es(;x:/.{atuls in [)((;Lg)%as fir stands in the Cascade Mountains (Oregon, USA). In a study by Packalén

and Maltamo 6) in a Finnish boreal forest. p] i . x l

sh k st, plot volume was assigned to tree species by usi
ol fe s S sin

tfl]e A;(\)dd‘éN method. They report an RMSE of roughly 24% for estimates of total volume. Xardt c%

3'. (. ( ) segmentgd homogeneous forest units first and used the lidar vegetation height
istribution and the fxeld data for the units to calibrate prediction models. They report R? between

0.58 and 0.79 for their study which was located in Virginia (temperate mixed forests).

The predictor variables derived from lidar data are mainly related to the vegetation height and
structure (e.g., height- and density metrics, crown cover). The vegetation cover can und(:lrg l- ai

crrcumstancqs. also be classified into broadleaf and coniferous trees. However mfo’rmati C%gam
the site qual}(y or tree species cannot be derived without additional data. The:refore r:c;1~ jlt'om
for stands with rare site index classes or tree species compositions might deviate frr;n? th et
moc'lel? resulting in a bias. If the grouping structure (i.e., the stand boundaries) is knmfr mflan
dey:z:hop from the mean model of plot estimates within a stand can be utilized to reduce lhz.b'“?
using mixed-effects models (mixed models). From the statistical point of view, the grou =
str.ucture has to be considered since the observations within a group are not ind:3 endint iIjmg
mixed model, 'the grouping variable (i.e. the stand-ID) is assumed to be a randompmm Ie; or:“ a
larger pupulallon. The effects of the grouping variable are thus a random sam‘l'-'p f h‘l
population effects and are referred to as random effects. Bl

An in-depth description of mixed models including statistical software is given by Pinheiro and
Bates (2(}{)2)'. Another pertinent reference is Vonesh and Chinchilli (1997), where the methods
are stressed in more detail. Due to the grouped nature of many ecological’ related data, mixed
rr}oclcls are widely used in forest science and remote sensing. For example, Lappi z;n:i’ Bail
discussed in 1988 already how the variance-covariance structure of tre)e -and stand lcv?;
measurements can be considered to improve height growth prediction models. Meng et al (2007)
used mixed models for volume and biomass estimation based on Landsat ETM+ im'a es. A
method to calibrate lidar data surveyed with different flying heights and scan angles usin gm'- d
models is described by Musk and Osborn (2007). ¢ PR

In a'n.nxed model, the variance is split into “within” and “between” group variance. The
coefficients and standard errors for predictor variables that vary less within than betweén the
groups are therefore more accurate than in a model without the grouping information. Another
advantage gf a mixed model, compared to a fixed-effects model with the grouping lével as a
(Iummy.varulble, is that predictions can also be made for individuals with grouping levels ;10t
present in the dataset used to fit the model (e.g., in this case those stands without sample plot;) In
a forest inventory context, a mixed model provides an additional advantage. A model can be ‘fii to
a large dataset (e.g., to a well inventoried public forest) and subsequently be calibrated with few
sample plots for a new forest area (e.g., a small private forest).

;f Y is th? vector pf the dependent variables, X is the design matrix of the fixed effects B and Z
18 the design matrix of the random effects b, the general form of a mixed-effects model is written



y:Xﬁ-l—Z!H—e, ()
b~ N(0,D), €~ N(0, R),
D and R that represent the covariance structure of the
The coefficients, the random effects and the
the restricted maximum likelihood method

with the blocked diagonal matrices
random effects and the error terms mspeclwely:
covariance structures D and R are estimated using

(REML).

The objective of this study was to find out if informalion‘ about the ;tanﬁl-level »gr\i)s%r;ilsct;
sample plots can be used to improve predictions of a regression :nodgl. . gn errnorci;l ks
to know how the model coefficients vary between the study §1les and if it is reasona e iae
hierarchical model for all (German) study sites. Another mtferes! (}f ours. was to bLE]: 11 ; =
necessary to consider the spatial correlation of the observations since this was neglecte

studies regarding lidar-based forest inventories so far.

2. MATERIAL AND METHODS

2.1 American dataset

The study site in the USA is part of Capitol State Forest and is Tanz}’geq by the \x‘éashm%to:losiatii
Department of Natural Resources. In the remainder of 1he. text “US” will be use lcjr;lc efr . i.s
study site. The terrain is moderate with elevations varying from 300 to 425 n]:. lckczr; T
composed primarily of Douglas-fir (Pseudotsuga menziest, 81%) and westerp ;:‘m oc 2 )said
heterophylla, 13%). Additional species present include western red cedar (Thuja p zcata,lfyo b
few deciduous hardwoods such as red alder (Alnus rubra, 3%) and maple (Acer spp., < o). v
height of dominant trees in the study area was approximately 50 m. The mean volume measure

at the sample plots was 558 m*/ha.

A total of 98 fixed area field inventory plots were established over a range of slapd condmonslm‘
1999. Plot sizes ranged from 0.02 to 0.2 ha. Measurements acquired at egch plot mciudedggfalg%
and diameter at breast height (DBH) for all trees greater lhan' 14.2 cm in diameter. In a rl g:;
height was measured on a representative selection of trees using a hand-held las;;irhrgn‘gf:a ]:We%
The heights of the remaining trees within a plot were espmated using forest starlx eig cd a;é
and the DBH. Inventory plot locations were surveyed with a Topcon ITS-1 total station an

accurate to within 1 m.

I a heli d to map approximately 5.25 km?
The Saab TopEye lidar system mounted on a hcllcqptler was use : ’
of Thedsludy [a)re); in the spring of 1999 (before foliation) with an average density of 5 points per

m2.

22 German datasets

Between the years 2000 and 2004 the complete state f)f Badeq—Wiimemberg was cov?red WI;;'H
lidar survey (approx. 0.5 returns m’") to derive a dig!tal terrain mgdel, We selected ou; pL;’dlc
forests in which forest inventories were carried out in the same time, or 1 year a}cu:,ir the fl([-?;
survey as study sites. The inventories in the study sites followed the standard procedure 0(' ;
Baden-Wiirttemberg forest service and comprises of sample plots positioned on t.he mtc?rse; 10n‘
of a 100 x 200 m sample grid. The study sites Triberg State Forest (TB), Waldkirch' City Bcire:sk
(WKC), Waldkirch State Forest (WKS) and Forbach State Forest (FB) are located in the Blac

Forest area and are characlerized by elevations between 400 - 1000 m and high slopes up to 35°.
The forest is managed using a group selection system, where the regeneration phase may take
several decades (clearcuts are forbidden in Germany). A total of 33 different tree species can be

found in these forests. Most common species include Norway spruce (Picea abies, 57%), silver
fir (Abies alba, 19%) and beech (Fagus sylvatica, 14%).

Forest characteristics were recorded within sample plots consisting of four concentric circle plots
(i.e. they have the same centre) with radii of 2 m, 3 m, 6 m and 12 m. Trees with a diameter at
breast height (DBH) greater than 7 cm, 10 cm, 15 cm and 30 cm, respectively, were recorded
within the four circle plots. This design raises the efficiency of the inventory since it reflects that
most of the forest volume is stored in large trees. The heights of the two tallest trees per species
were measured in each plot using a Vertex angle measurement instrument. The heights of the
remaining trees within a plot were estimated using forest stand height curves and the DBH.
Single tree volumes were calculated using DBH and height as parameters for taper and volume
functions of the Baden-Wiirttemberg state forest service (Kublin, 2003).

The response variable, plot volume per ha, was calculated as

™
‘/i = Zvij ’ ’lUij (2)
j=1

where V; is the volume per ha on the ith sample plot, n; is the number of trees, v;; is the volume
of the jth tree and w;; is a weighting factor accounting for the different inclusion probabilities
according to the four plot radii for different diameter classes. An overview of the study site
characteristics can be found in Table 1.

Plots intersecting stand or forest borders were excluded from the data since only those trees are
measured that belong to the stand containing the plot center. A total of 2445 inventory plots, were
used as terrestrial reference data for the remotely sensed data. Stand borders were digitized from
orthophotos as a part of the inventory and adjusted to meet operational purposes during the field
work. Additional information describing the stands that could be used as covariates was not
available for this study.

Table 1: Study site characteristics.

Study Statistic Top Volume Mean Canopy Coniferous Avg. # Number
site height (m%ha) lidar veg. cover proportion of plots of obser-
(m) height lidar lidar (%) within a vations
(m) (%) stand
TB Min. 5.20 9.1 1.25 223 1.3 3.32 625
Mean 25.71 416.2 18.19 93.72 75.69
Max., 41.25 11930 33.80 100.00  100.00
WKC Min. 7.03 10.9 434 14.29 0.00 2.44 511
Mean 27.50 4407  21.25 96.95 55.20
Max. 4535  1089.0 36.96 100.00  100.00
WKS  Min. 6.30 19.9 476 37.95 0.00 2.42 278

Mean 26.83 4224 2099 98.25 54.29

Max. 51.00  990.8 37.65 100.00  100.00

FB Min. 5.10 7.0 1.07 2.90 0.00 3.14 1031
Mean 25770 3555 16.88 87.98 73.16
Max. 44.53  1265.0 3298 100.00 _ 100.00




2.3 Computation of predictor variables

A digital terrain model (DTM) and a digilt(al surf;:cezl(;;)f)clfcf:)i:léiﬁaf}o;:}%u:f:qif;); gagh(;def}
sites using the software TreesVis (Weinacker et a o ' ' o s _Can. A

5 2 for the American study site. An C\«a[uauqn of the Ameri ,
(;rizggféii T:: ;lllta’ute(i:):?lil)*a et al. (2003), found an average lidar elevation erronif(?lf 22t cm.(lgoéh;htz
German study site, 2 DSM was derived from the first (DSMg) and the las dri um b; ac[jnL
vegetation returns. Canopy height models (CHM, CHMF, CH_ML) were cm_mp!.ned by sui ;]a“n%
the DTM from the associated DSM. The lidar vegetation height was determined by calc dinb
the difference between the elevation of the lidar vegetation data (raw data) and the corresponding

DTM raster bin elevation.

Circular subsets of the same radius as the corresponding sample plot (12 m fqr the Gern;an arzlflhi
to 16 m for the American study site) were created.from the first return lidar raw attz:. i
quartiles and the mean of the lidar vegetation he1ghl§ were cglculatcd_ for each su sg !
characterize the vegetation height distribution. Vegetation det}suy melrics were dderlvel by
dividing the range between the highest and lowest measurgrnent into 10 classes% andh eter\rymr;l;i
the proportion of measurements within each class. Fusion 2.0 was used for the ra

manipulation.

Since broadleaf trees in leaf-off condition had only a few vc.g‘?lati'on returns in the l_asl rf,:um
data, they do not show up in the CHM,. Therefore, a Iclasmflcallon o‘f the pgt}a{l;ﬂm{to t (:gz
belonging either to coniferous or broadleaf trees was possible by subgractmg the L{hr(::;ho}d
CHMEg. The result was normalized with the CHMg. By comparison wuh. orthophotos, :id br s
of 0.3 was found to separate coniferous and broadleaf pllxels we'll (eq_ual:on 3). It sheu g note

that Larches (Larix spp.) are a potential problem for this cia.smﬁcatlon approach: since tf Ty :t:\;e
deciduous conifers. However, few larches were present in the study area so we felt the

classification approach was applicable.

Depending on the canopy height models, the ith pixel p; is assigned the value 1 if it is considered
as covering a coniferous tree and the value 0 otherwise:
1 (CHMg; — CHMy;)/CHMg; < 0.3 3)
: 0 (CHMFJ— = CHML,;)/CHMF‘; > 0.3

A visual analysis of the classification result rf?vealed that pixels on lhf‘i b‘ounda;lc[s 0:’ cclmlfczic::;
forest are systematically misclassified as coming f.rom deciduous trees, since the las 'Srgnur[:;f A
here are already reflected from the grounq. This also shows up in [h(? cc:mpar;nmsured "
coniferous proportion estimated from lidar with the percentage of con{fcrois! vo‘?mlem :\;im o
a plot (Figure 1): The correlation between the two decreases considerable, if plots

canopy cover are considered.

The variable canopy cover (CC) is the proportion of pixels within a sample plot where the CHMEg
is larger than two meters, to the total amount of pixels within a sample plot.
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Figure 1: Comparison of coniferous proportion (by volume) measured in the inventory and the
proportion of coniferous canopy cover derived Srom lidar data for sample plots with a closed
canopy (left-hand graphic) and for all sample plots of the study site WKC (right-hand graphic).

2.4 Modeling

We started modeling with the largest German dataset (FB). After analyzing scatter plots and
correlations between the response and the candidate covariates, the mean vegetation height
measured by lidar data (mean.l) was found to be the most influential predictor variable. A model
containing this predictor variable was significantly improved by including canopy cover (€C) and
coniferous  proportion (CP) and their interaction term with meanl To represent
heteroscedasticity, we included a variance function based on a power of & of the fitted values
(equation 4). This local model was re-parameterized for every German study site. Since the
covariates were significant in each study site, we call it the basic local model. Probably due to the
classification errors and the small amounts of deciduous trees, the coefficient of the covariate CcP
was not significant for the US study site. It was therefore not included into the models of the US
study site.

If yy. is the response for the kth sample plot, fy...0s are the coefficients, € is an independent error
term with a variance model depending on a power of § of the fitted values, and 7 is the number of
sample plots, the basic model can be written as

Ve = Bo + ﬁlmean.lk + ﬂgCCk + ﬁgCPk+

BeCCy - mean.ly, + B5C P - mean.ly + e, )
k=1,.4n & ~ N(0,0%42).

Four extended models were compared with the basic model: i) local mixed-effects models with a
random intercept on the stand level: ii) local mixed-effects models including an exponential
spatial correlation structure (equation 5); iii) a global mixed-effects model with random effects
for the coefficients on the study site level and a random intercept on the stand level; and, iv) a
global mixed-effects model including an exponential spatial correlation structure (equation 6).
The American data were not included in the global models since the parameters of the lidar
survey were too different. Therefore, one might argue that the American study site comes from a
different population than the German study sites.



In a future application phase, predictions for stands without any sample plots will be conducted.
Therefore, fixed-effects models including the grouping information of the sample plots as a
dummy variable were nol fit.

Models (ii) can generally be expressed as

Yik = Bo + boj + FrZrjk + - + BmZmjk + €k
J= 1 bD,j NN(O,O%), €5 NN(OrR]')’ ®)

where Y« is the response variable for the kth sample plot in the jth stand, z; jx..Tm jx are the m
fixed effects, Bo..0m are the coefficients thereof, n; is the number of sample plots within a stand
and [ is the number of stands. The stand random effects bg,; are assumed to be independent for
different j and the within-group errors, €;4 are assumed to be independent for different j and to be
independent of the random effects. One assumption in standard regression models is that the
observations are independent. A spatial correlation in the data results in a biased estimation of the
error variance (usually an underestimation) and hence yield overly positive significant tests for
the coefficients. Therefore, we model the spatial correlation structure between sample plot k£, &' in
stand j by an exponential function of the Euclidian distance s (s = |[p;k, pjx||) between the two
plot positions pjk, pjrs, i.€., cor(€jk, €jx) = exp(—s/p). The corresponding semivariogram is
1 — exp(—s/p) which is generally used in geostatistics to describe spatial dependency structures.
In terms of the semivariogram, p is a range parameter and the practical range where the
semivariogram reaches 95% of the sill is 3p. We further assumed that the error variance is
heteroscedastic with the variance of €; increasing with a power of the expectation value of the
response, i.e. var(e;x) = 021712,‘2. With these assumptions, the error covariance matrix R;(n; x n;)
entries are 0?§%, k = 1,...,n; in the diagonal and cov(eje, €5¢) = exp(—s/p) of% ofiy in the

off-diagonal elements.
The general form of the global models is

Yijk = Bo + boi + boij + (Br + bri)Trije + - + (B + bmyi) Tmiijk + Eije
i=1,..,0, b; ~ N(0, D), (©6)

where i is the study site index, o is the number of study sites and D is the m X m variance-
covariance matrix of the random effects on the study site level. The variance and correlation
functions associated with the models (ii) include the additional index .

The coefficients were estimated by restricted maximum likelihood (REML) using the functions
gls and Ime included in the nlme library (Pinheiro and Bates, 2002) within the R environment (R

Development Core Team, 2007).

3. RESULTS AND DISCUSSION

Local mixed effects models with a random intercept on the stand level (models (i)) were
significantly better than the basic models on all study sites. The volume RMSE range between
93.0 m3/ha (16.7% of the mean observed value) on the US study site, 102.6 m3ha (24.3%) on the
WKS study site and 133.6 m*ha (32.1%) on the TB study site. Compared with the basic models,
the RMSE improved about 2% to 4%. In general, it can be observed that, compared to the basic

model, the median residual per stand was closer to i
: an s clos zero. The reduced bias on the stand
E]rchhm;?d ?ecfas:e sa,mp;e plots within a stand tend to differ at a similar rate from the Ea%iiv;i):;s
¢ ellect of the mixed-models on the residuals is depicted for sel ; ‘ ite
WKS in Figure 4 (upper row). In the box-a i g e o
. . -and-whisker-plots of Figure 4 the residyal i
from the different models are plotted against the stand-ID'. The selected Stands hagaif) Eg;‘t[:ﬁ

more than two sample plots with a mean ab i i '
> th solute residual of at least 100 m3ha ; i
prediction. The model parameters are given in Table 2, e TR

but are not reflected in the selected covariates and are not common in the study site. The

reliability of the influence of the ra i ith i
ndom effect increases with increasin
and homogeneity within a stand. R

b:{i;pauii dlztnbut:pn of .thc sample plots is not optimal for determining the spatial correlation
o en the o servauops since the smallest distance between sample plots is 100 m. Nonetheless
the inclusion of a spatial correlation structure improved the statistical models for the Germar;

study sites significantly (models (ii)). Al ivari
! S § - Also, semivariograms revealed
neighbors were correlated (Figure 2). ¢ e

y

I or Illc Alneflca" S[ud site no eVIdellLC Dt Sp&[lal C(HIC]&[IO]I was f('.ll.l d wihi ll COu|d h'e a [esu".
il h C

0‘ Hle h:gh hOHlOgellﬁlI}’ Ot [hls site.,

To get a bcllei: estima.ite for the spatial correlation structure of the data, it would be good to have
Some areas with a higher sample plot density in future studies. Then, also small scale spatial
variation (nugget effect) could be estimated (Diggle and Ribeiro 2007).
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Figure 2: Empirical semivariance (points) and estimated correlation structure (line) of the
Pearson residuals of model (ii) for study site Forbach.

I . .
The stand-ID is a catenation of the forest-, district- and department-ID and the stand specific age,



Table 2: Model parameters.
Global mixed-effects model,

Local mixed-effects model, US

German study site' study site
Covariate Estimate p-value Estimate p-value
Intercept 251.08 0.14 -93.35 0.74
Mean.l -14.81 0.20 3.27 0.68
€e -242.46 0.23 52.28 0.88
CP -78.46 0.07
Mean.l CC 31.66 0.02 21.63 0.03
Mean.l CP 11.33 <0.01
) 0.42 0.42
P 67.7
Stand level deviation 22.78 116.59
Residual deviation 10.01 7.03

Allowing for the spatial correlation in the data, resulted in a smaller influence of the random
effects on the stand level (Figure 4, right-hand graphics). This occurred because plots within a
stand were close together and part of the variance was explained by the spatial correlation.

Compared to the local mixed-effects models, the reduction in bias per stand was smaller in the
predictions of the global model (Figure 4, lower row). However, it was still advantageous to fit a
global model because the coefficients for a new study site could now be derived by calibration of
the model. The time difference between inventory and lidar survey was also used as predictor
variable for the global model but did not have a significant influence on the models. We assumed
that the variance was too high to depict the growth of one year.

The influence of canopy cover (CC) and coniferous percentage (CP) was similar on all study
sites: An increase of these variables resulted in higher volume estimates. A larger volume
estimate with increased CP seems plausible since the stem wood proportion is significantly larger
for conifers given the same tree height. The observed influence of CC was also expected, since an
open or fractal forest structure is expected to have a smaller volume estimate than a closed forest.

Given these results, it would be plausible to also include a triple-interaction term between mean.,
CC and CP. However, due to the high correlation between the covariates (>0.95), we decided
against this approach. Somewhat unexpectedly, the absolute value of the coefficients for CC and
CP differed considerable between the study sites (Figure 3). It is peculiar that the prediction for
100% CC and CP were similar for all study sites. The deviance in the coefficients of CC and CP
might be a result of the lack of sample plots with very low CC or CP on some study sites. For
example, there were only a few sample plots with low coniferous proportions in the study site
Triberg (TB). The same was true for canopy cover in the study site Waldkirch State Forest
(WKS, see Table 1). This could also be the reason why the global model for these study sites
tended to predict values that are closer to the mean model.

' The variance-covariance matrix for random effects on the study site level is omitted due to the limited space.
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Figure 4: Residuals of different models for selected stands of Waldkirch State Forest (the basic
model is displayed twice for easier comparison).

The observed errors for the US study site (16.7%) was comparable to those reported by Nasset
(2»002). but somewhat higher than those reported by Means et al. (2000) (73 m? ha™'). As a result
of the considerably higher heterogeneity due to the wider range of tree species and stand types
the errors for the German study site were much higher. Aardt et al. (2006), whose study site was‘:
probably more similar to the German site, reported smaller absolute RMSE (40-68 m? ha™") than
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we observed for the German site. However, the range of stand volumes in their data was
significantly smaller than in this study.

4. CONCLUSIONS

Parametric regressions can result in biased predictions for forest stands. We showed that the bias
can be reduced, considering the grouping of sample plots within stands. The grouping structure
was modelled using mixed-effects models including a random effect on the stand level. The
model coefficients for adjacent study sites were surprisingly different. Nonetheless, a global
model with random effects for the coefficients on the study site level was well able to describe
the data. This global model could be calibrated to a new study site using fewer sample plots than
would be necessary to fit a completely new model. The results of this study also indicate that
other researchers who stratified their data and used different models for each stratum (e.g.,
Nasset 2002) could potentially enhance their models with random effects on the level of these
strata, However, this of course has to be verified in the particular case. An additional benefit
would be that the amount of data for modelling is then larger.

Future work will strive to better understand the causes for differing coefficients at the study sites
and the bias observed at the stand level. The stands, represented as polygons, on the German site
were delineated based on operational considerations. Hence, small groups of trees were included
with adjacent but different (in terms of species composition and age) stands to avoid creating
small stands. We speculate that stand delineations that result in more homogeneous conditions
within each stand will lead to lower within-stand variance and larger between-stand variance

which could further improve the models.
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