150

Interregional nonlinear height-diameter model
with random coefficients for stone pine in Spain

Rafael Calama and Gregorio Montero

Abstract: An individual-tree height—diameter model was developed for stone pine (Pinus pinea L.) in Spain. Five
biparametric nonlinear equations were fitted and evaluated based on a data set consisting of 8614 trees from 455 plots
located in the four most important regions where the species occurs in Spain. Because of the problem of high correla-
tion among observations taken from the same sampling unit, a mixed-model approach, including random coefficients, is
proposed. Several stand variables, such as density, dominant height, or diametric distribution percentiles, were included
in the model as covariates to explain among plot variability. To determine interregional variability among the regions
studied, regional effects were included in the model using fixed dummy variables. Two models, one for inland regions
and one for coastal regions, were found to be sufficient to explain regional variability in the height—diameter relation-
ship for the species in Spain. Mixed models allow predictive role in two ways: a typical response, including only fixed
effects, and a calibrated response, where random effects are predicted and included in the model from the prior mea-
surement of the height in a subsample of trees. Different alternatives were tested to determine optimum subsample size.
Measurement of the height of the 20% largest trees in the plot has been shown to be a useful approach.

Résumé : Les auteurs ont développé un modele reliant la hauteur et le diamétre des arbres individuels pour le pin pi-
gnon (Pinus pinea L.) en Espagne. Cinq équations non linéaires biparamétriques ont été ajustées et évaluées en utili-
sant une base de données portant sur 8614 arbres. Ces arbres viennent de 455 parcelles réparties dans quatre régions
oil I’espece est la plus représentée. A cause de la forte corrélation entre les observations, les auteurs proposent I’emploi
d’un modele mixte qui contient des coefficients aléatoires pour chaque parcelle. Plusieurs variables relatives au peuple-
ment telles que la densité, la hauteur dominante ou les percentiles de la distribution diamétrale ont été incluses comme
covariables dans le modele pour tenir compte de la variation entre les parcelles. Des variables nominales fixes ont aussi
été incluses dans le modele pour tenir compte de ’effet dii aux régions et déterminer la variation entre les régions étu-
diées. Deux modeles se sont avérés suffisants pour expliquer la relation entre la hauteur et le diametre chez le pin pi-
gnon en Espagne : un pour les régions de I'intérieur et I’autre pour la zone cdtiere. Les modeles mixtes permettent de
faire deux types de prédictions : on peut obtenir d’une part une réponse typique en incluant seulement des effets fixes
et d’autre part, une réponse calibrée lorsque les effets aléatoires sont prédits et inclus dans le modele en ayant mesuré
au préalable les hauteurs dans un sous-échantillons d’arbres. Plusieurs alternatives ont été testées pour déterminer la
taille optimale de ce sous-échantillon. La meilleure solution consiste a mesurer les 20 % plus grosses tiges dans la par-
celle.

[Traduit par la Rédaction]

Introduction

Knowledge of the breast-height diameter and the total tree
height is fundamental for developing growth and yield mod-
els in forest stands. Measuring breast-height diameter is sim-
pler, more accurate, and cheaper than measuring tree height.
As a consequence, in forest inventories, diameter is mea-
sured for all the sampled trees, but height is measured only
for a subsample of trees. From these measurements, graphic
or statistical models are fitted to define the relation between
these two variables.
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Development of simple and accurate models that allow
forest managers to determine with reliability the height of
the trees in a stand from diameter data is a prime objective
in forest management. Knowledge of the relation between
these variables permits managers to obtain, without investing
large amounts of money in height measurement, the input
values needed to estimate single-tree volume, dominant
height of the stands, competition indices for individual tree
growth, height/diameter ratio, and structural diversity in-
dexes.

The relation between the diameter of a tree and its height
varies from one stand to another. Within the same stand, this
relation is not constant over time (Curtis 1967). Develop-
ment of general models that for a wide range of geograph-
ical validity connect tree height and diameter has been
approached from different perspectives:

(1) Two-stage approach (Ferguson and Leech 1978). The
height—diameter relationship is first fitted individually
for each sampling unit (plot, stand). In a second stage,
parameters are explained using stand variables such as
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density, basal area, dominant height, age, and dominant
diameter as covariates (Krumland and Wensel 1978;
Larsen and Hann 1987; Parresol 1992).

(2) Development of single models for different geograph-
ical or ecological regions, or inclusion of regional ef-
fects in the model as categorical variables (Fulton 1999;
Huang et al. 2000).

(3) Analysis of the spatial pattern of variability in
height/diameter ratio and geostatistical modelling of the
parameters (Nanos 2001).

(4) Use of models with random coefficients, which define a
fixed population average response, including varying
random parameters for each sampling unit (Hokka
1997; Lappi 1997).

When modelling the height—diameter relationship, mea-
surements of both variables taken from trees growing in
sample plots located in different stands or regions are usu-
ally used. This hierarchical structure (i.e., trees within plots
within stands) in the data means that there is a lack of inde-
pendence among measurements, since observations from the
same sampling unit are highly correlated (West et al. 1984;
Gregoire 1987). Using ordinary least squares regression
techniques when data are correlated leads to bias in the con-
fidence interval for the mean value of the parameters. The
problem of how to deal with these correlated data has been
tackled from several different approaches (Henderson et al.
1959; Ferguson and Leech 1978; West et al. 1984; Fox et al.
2001).

Mixed models estimate both fixed and random parameters
simultaneously for the same model. The introduction of ran-
dom parameters into the model, specific for every sampling
unit, enables us to model the variability detected for given
phenomena among different locations, after defining a com-
mon fixed functional structure (Lindstrom and Bates 1990).

Random-parameter models have been widely used in for-
est research to model variables such as dominant height
(Lappi and Bailey 1988), single-tree volume (Lappi 1991;
Eerikdinen 2001), and taper functions (Lappi 1986; Gregoire
and Schabenberger 1996). The height—diameter relationship
has also been calibrated following these methods, using both
repeated measurements from permanent plots (Lappi 1997)
as well as cross-temporal measurements taken simulta-
neously in different temporary plots (Jayaraman and Lappi
2001).

Mixed models give an unbiased and efficient estimation of
the fixed parameters of the model. Furthermore, mixed mod-
els improve predictive ability if we are able to predict the
value of the random parameters for an unsampled location.
This is possible if complementary observations of the de-
pendent variable are available. Measuring height in a
subsample of trees is a very common practice in forest in-
ventories. Determining the minimum size of this subsample
to get the reliability required by forest managers is a basic
decision to be confronted in inventory design (Houghton and
Gregoire 1993; Bégin and Raulier 1995), since height mea-
surement involves high costs.

The main objective of this study is to construct a model
relating breast-height diameter and total height for stone
pine (Pinus pinea L.) trees, growing in even-aged stands. In
Spain, height—diameter models for stone pine have been con-
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structed by Garcia Giiemes (1999) and Cafiadas (2000), us-
ing ordinary least squares linear and nonlinear regression
techniques, respectively. Taking into account the nested
structure of the data set, we use a model that included ran-
dom parameters. To diminish the level of variance among
sampling units (plots), stand variables are included as
covariates. In the same way, we study whether a single
model for the whole area where the species occurs in Spain
explains the relationship between height and diameter, or, to
the contrary, whether inclusion of regional parameters is
necessary. Finally, we also study the impact on predictabil-
ity of the model of having a subsample of complementary
trees where both variables (diameter and height) are mea-
sured, since this enables the random parameters to be pre-
dicted.

Materials and methods

Data

Since 1992, a research line of the Department of Mediter-
ranean Silviculture, Centro de Investigacién Forestal —
Instituto Nacional de Investigaciéon y Tecnologia Agraria y
Alimentaria, has been devoted to the sustainable manage-
ment and multiple uses of stone pine stands in Spain. As a
result of this work, a network of 470 permanent plots was
installed in even-aged stands in the four principal stone pine
regions in Spain: Northern Plateau, Catalonia, Central
Range, and West Andalusia. Plots are circular, with variable
sizes, and all plots have 20 trees, except for fifty 10-tree
plots located in the Central Range. The design used to select
the plots tried to include, for each region, a balanced repre-
sentation of the possible range of age, density, and site qual-
ity (Garcia Giiemes 1999). Around each plot, a buffer area
with similar conditions was also defined.

For every tree, breast-height diameter over bark (measured
at 1.30 m above ground), total tree height, height to crown
base, and crown diameter were measured. The position of
each tree with respect to the centre of the plot was recorded.
In the five nearest-to-the-centre trees, total age and radial
growth for the last 5 years were also measured.

A multivariate analysis based on the distribution of the
Mahalanobis distance between the observations and their ex-
pectations was carried out to detect outlier data. Among all
the plots falling out from the multivariate normal distribu-
tion, 15 plots were rejected because they represented special
cases, namely very low dense stands, overmature stands, or
stands growing on moist or rocky lands. The remaining 455
plots were divided into two groups. Ten percent of them, 45
plots, were selected randomly within the four regions stud-
ied as a validation data set, while the rest were used as a fit-
ting data set to develop the model. The total number of trees
available where both variables, height and diameter, were
measured was 7754 for the fitting data set and 860 for the
validation data set. Summary statistics for both fitting and
validation data sets are shown in Table 1.

Methods

Function selection
Several functions to model the relationship between
breast-height diameter and total height of the trees in a stand

© 2004 NRC Canada



152

Can. J. For. Res. Vol. 34, 2004

Table 1. Summary statistics of breast-height diameter and tree height for model fit-
ting data set and model validation data set.

Diameter (cm) Height (m)

Data set Region N* Mean  Range Mean  Range

Fitting Central Range 816 344 11.2-81.4 1047  3.82-23.00
Catalonia 1280  26.8 1.0-52.4 9.91 1.82-20.14
West Andalusia 3320 225 2.5-57.6 8.32  1.60-22.00
Northern Plateau 2338 284 2.5-69.3 8.79  1.35-22.50

Validation  Central Range 100  35.5 23.9-499 11.13  6.75-17.30
Catalonia 140 319 7.5-56.8 11.50 3.89-17.75
West Andalusia 420 21.0 3.0-44.2 7.95  2.00-18.00
Northern Plateau 200 329 6.0-66.3 10.04 1.68-19.00

*Number of trees.

Table 2. Height—diameter functions tested.

Function

No. Function Source

1.1 H =aD" Stage 1975

I1.2 He exp(a . ) Wykoff et al. 1982

D+1

1.3 H = aex b Burkhart and Strub
4P, 1974

1.4 H =a[l — exp(-bD)] Meyer 1940

L5 H= aD Bates and Watts 1980

b+ D

Note: D is breast-height diameter, H is total tree height, and a
and b are fitting parameters.

are available (Curtis 1967; Huang et al. 1992; Fang and
Bailey 1998). In this study, five functions (Table 2) were
compared to determine which showed the best predictive
ability and fit to the height—diameter data. All functions
tested have two parameters, are asymptotic, and are nonlin-
ear.

Functions were fitted independently to the data from each
of the 410 plots in the fitting data set (Zakrzewski and Bella
1988; Fang and Bailey 1998). Nonlinear regressions using
ordinary nonlinear least squares (ONLS) techniques were
carried out with the SAS NLIN procedure (SAS Institute
Inc. 2000). To determine which function describes the rela-
tionship between height and diameter for the individuals of
stone pine more accurately, the following statistics, proposed
by Arabatzis and Burkhart (1992), were calculated:

(1) Mean residual, E;, for plot i:

;i
z Cik
E. — k=l

1
n;

(2) Model precision, V;, for plot i:

2
n; n;
2
Z i — 2 Cik / n;
k=1 k=1

(ni —l)n,

V. =

i

(3) Mean square error, MS;, for plot i:
Msi = Eiz + ‘/l

(4) Mean square error of prediction, MSE,, for plot i:

D (ew)?
MSEZ = k=l
n; -1

where ¢, is the residual from the measurement of the kth
tree in the ith plot (observed minus predicted height), and n;
is the number of trees in plot i.

Once value of these statistics was calculated for each plot,
mean values of E;, V., MS;, and MSE; were computed over
the 410 plots. These mean values, defined as E, V, MS, and
MSE, served as criteria to compare proposed models. To
detect any pattern of nonconstancy in residual variances, re-
sidual plots showing means of squared residuals in 5-cm di-
ameter classes were developed for each function (Hokka
1997; Lappi 1997).

Nonlinear mixed modelling

Available data were based on a sample of multiple mea-
surements (diameter at breast height — height) taken from
different plots located in different regions. As a consequence
of this nested structure, we detected high correlation among
measurements taken from the same plot. To alleviate this, a
mixed-model approach has been proposed by other authors
(Laird and Ware 1982; Palmer et al. 1991; Gregoire et al.
1995; Wolfinger 1997b). A general expression for a nonlin-
ear mixed-effects model can be defined as (Lindstrom and
Bates 1990; Vonesh and Chinchilli 1997; Pinheiro and Bates
1998)

(1 vy = f(®xy) + ¢

where y;; is the jth observation (tree) of the response vari-
able taken from the ith sampling unit (plot in our study
case), X;; is the jth measurement from the predictor variable
taken from the ith plot, ® is a parameter vector, r x 1
(where r is the number of parameters in the model), specific
for each sampling unit, f is a nonlinear function of the pre-
dictor variables and the parameter vector, and ¢;; is the resid-
ual noise term. In vector form:

[2] ¥ = f(®,x) +e

where y; is the n; X 1 vector including the n; complete obser-
vations from the ith plot [y, Yips.... Vs Vin |'» X; is the
n; X 1 predictor vector for the n; observations of the predic-
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tor variable x taken from the ith plot [x;, x,..., Xijsees Xipy 1T,
and e is a n; x 1 vector for the residual terms
[e,-l,e,-z,...,e,-j,...,el-ni 1"

The main feature of mixed-effects models is that they al-
low parameter vectors to vary from plot to plot; regression
coefficients are broken down into a fixed part, common to
the population, and random components, specific to each
plot. The parameter vector, @, can then be defined as
(Pinheiro and Bates 1998):

where N\ is the p x 1 vector of fixed population parameters
(where p is the number of fixed parameters in the model), b;
is the ¢ x 1 vector of random effects associated with the ith
plot (where ¢ is the number of random parameters in the
model), A; and B; are design matrices of size r X p and r x
g, for the fixed and random effects specific to each plot, re-
spectively. Elements of these design matrices are usually 0,
1, or the value of the covariates associated to the fixed and
(or) random effects.

Basic assumptions for the nonlinear mixed-model theory
include the asymptotic multivariate normal distribution for
both the random-effects vector and the residual-terms vector:

b, ~ N(0, D)
¢; ~ NIOLR, b, p)]

where D is a positive-definite variance—covariance matrix
q % g, for the random effects, representing the among-plot
variability, assumed to be common to every plot, and
R\, b, p) is the n; x n; intraindividual variance—covariance
matrix, which defines within-plot variability. R, is allowed to
depend on both random and fixed effects, as well as on a set
of common but unknown parameters p.

The usual aim of an analysis of this type is the estimation
of N, D, and p. To make inference over these parameters ac-
cording to maximum-likelihood methods, the joint density
function is maximized (Lindstrom and Bates 1990; Palmer et
al. 1991; Pinheiro and Bates 1995; Vonesh and Chinchilli
1997):

(4] p(y

xAp.D) = [T] p(v: | xi:\.p.by) p(b;. D) b,
i=1

where s is the number of sampling units. Maximization of
this expression requires the computation of the integral over
the random effects. This is not an easy task, since b;’s enter
the model in a nonlinear fashion. Several approaches have
been developed to deal with this problem, including methods
such as the adaptive Gaussian quadrature (Pinheiro and
Bates 1995), which tries to solve the integral numerically.
This method is available in the SAS NLMIXED procedure
(SAS Institute Inc. 2000).

The most commonly used methods are those based on a
linear approximation to the marginal likelihood function by
expanding it with a first-order Taylor series to be linear on
b;. This expansion can be either at a value of b; = O (Sheiner
and Beal 1980) or about a value b} close to b; (Lindstrom
and Bates 1990). The last option is available in the SAS
macro NLINMIX (Wolfinger 1997a).

The NLINMIX macro, after linear expansion of marginal
likelihood function over b¥, generates a “pseudoresponse”
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vector w;, linear both in the random parameters b; as well as
in the fixed parameters A, by expanding around A* close to A
(Gregoire and Schabenberger 1996). After this, algorithms
for linear mixed-effects models (Searle 1971; Laird and
Ware 1982) can then be used, thus simplifying the process.

The Taylor series expanded version of the y; vector is
given by the expression

[5] yi = f(®F, x) + Z(P, x)) (b, — b;*)
+ X(PF x)N—N¥) + ¢

where
dF = AN +B b}
0
Z(®F, x;) = — f(DF, x;
( ) %, S )
X(®F, x) = 2 f(®F,x)
O\
defining

w; =y — A®F, x) + Z( P, x) (B]) + Xy(P*, x;) (%)
and rearranging terms in eq. S:
[6] w,- = th + Zibi + e,«

In this case, the pseudoresponse vector w; is linear both in b;
and A, being then identified with a linear mixed model
(Harville 1977; Vonesh and Chinchilli 1997). Marginal mo-
ments for the pseudoresponse vector are determined by the
following expressions:

E(w;

= XA(D*, x;
7] x;) = X{(PF, x) A

V; = Var(w; | x;) = Z(®*, x;) DZ](PF, x,)

+ R\, b}, p)

In accordance with these considerations, the inference of A
can be carried out using linear theory (Searle 1971), obtain-
ing generalized least squares estimates for A, identified as A:

-1
(8] X=(ZX,TV[1X,»] Y XTIV,
i=1

i=1

Estimates for the variance components for the matrices D
and R,, D and ﬁi, respectively, are obtained in the SAS
macro NLINMIX by solving an iterative Newton—Raphson
algorithm, allowing solutions for both maximum likelihood
and restricted maximum likelihood (Harville 1977) methods.
From these matrices, the estimate for V,, \Z-, is easily com-
puted using eq. 7.

Finally, under linear and normal conditions, b; is approxi-
mated by the value of the empirical best linear unbiased pre-
dictor (EBLUP) for the parameters of the random effects in
plot i, I;,-. EBLUP indicates that it is not the real best linear
unbiased predictor (BLUP), since it has been estimated us-
ing estimates for the variance components (Gregoire et al.
1995; Fang and Bailey 2001). The equation for these
EBLUPs is then given by (Searle 1971):
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Goodness-of-fit criteria

Models can be compared using both the Akaike informa-
tion criterion (AIC) and the -2 x logarithm of likelihood
function (-2LL). AIC has been widely used to compare the
reliability of different models with alternative suites of fixed
and random effects or to compare non-nested models.
Models preferred are those where AIC is larger. A likelihood
ratio test, taking into account the value of —2LL between two
models, was conducted only in those cases were a model
was a special case of the other (nested models).

Model construction

According to Fang and Bailey (2001), during the con-
struction of a mixed model it is necessary to determine the
following:

(1) Which of the parameters in the model are going to be
considered as parameters of a mixed effect, composed
of a fixed part (common to all data in the sample) and
of a random part (specific for every sampling plot), or
as parameters of a purely fixed effect.

(2) The within-plot variance—covariance structure for ex-
plaining variability among trees in the same plot.

(3) The structure of the among-plot variance—covariance
matrix.

(4) Which covariates can be used to explain among-plot
variability.

(5) Whether it is necessary to include regional effects to
model interregional variability in the height—diameter
relationship.

Steps 1-3 define the basic nonlinear mixed model, while
steps 4 and 5 enable among-plot variability to be reduced,
explaining it by the inclusion of both stand and regional
variables in the model.

Parameter effects

Determination of which parameters are going to vary ran-
domly among plots is a flexible decision subject to debate
(Gregoire et al. 1995). If convergence is met, Pinheiro and
Bates (1995) propose in a first attempt to consider all the pa-
rameters in the model as mixed, composed of a fixed and a
random varying part.

If the convergence of the model is not met when consider-
ing all the parameters as mixed, parameters with high vari-
ability and less overlap in confidence intervals across the
plots among those estimated in the previous individual fit to
every plot can be proposed as random ones (Fang and Bailey
2001).

Within-plot variance—covariance structure

Commonly, for height—diameter relationships there is a
pattern of increasing error variance as a function of the de-
pendent variable within a plot (Larsen and Hann 1987,
Cafiadas 2000; Huang et al. 2000). We can also identify
plot-level observations that are more intercorrelated than the
average, as is the case when trees are arranged in clumps or
we have repeated measurements from the same tree. In any
case, heteroskedasticity in residual variance pattern or corre-
lation among observations violate basic assumptions of sta-
tistical inference. To avoid this, a special structure for the
within-plot variance—covariance matrix R;(\, b;,p) can be
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proposed, to include both correlation effects and weighting
factors to balance error variance. In these cases general ex-
pression for the matrix is given by

[10] R\, b;,p) =c°GYI',GY

where for a given plot i with n; height-diameter measure-
ments G; is a n; x n; diagonal matrix describing non-
homogenous variance, since its components are standard
deviations of the residual errors; I'; is a n; x n; matrix show-
ing the structure of the correlation among observations for
plot i; and ¢? is a scaling factor for the error dispersion
(Gregoire et al. 1995), given by the value of the residual
variance of the model. In our case, as data did not show any
pattern of correlation among observations from the same
plot, I'; was the identity matrix n; X n;.

Among-plot variance—covariance structure

The variance—covariance matrix for the random effects, D,
common for all the plots, defines variability existing among
plots. Multiple structures, including spatial and temporal
correlation, have been proposed (Gregoire 1987; Wolfinger
1997b). In our study case, as tested functions have two pa-
rameters, we first propose to fit a mixed model including
two random parameters u and v (Pinheiro and Bates 1995).
Then D is a 2 x 2 matrix. The variance—covariance matrix
proposed is the following:

2
GMV
o
where 62 is the variance for the random effect u, 62 is the

variance for the random effect v, and 62, is the covariance
among random effects.

2
[11] D= [G;
Gu

Fitting basic nonlinear mixed model

Once we have selected which effects are going to be des-
ignated as mixed, as well as the structure for both within-
plot and among-plot variance—covariance matrices, we can
calculate the components of the variance—covariance matrix
for the random effects, the residual variance of the model,
the estimates for the mean value, and the confidence inter-
vals for the parameters of the fixed effects, and we can pre-
dict the value of the random effects EBLUPs for every plot.
The SAS macro NLINMIX (SAS Institute Inc. 2000) was
used, and maximization of the marginal likelihood function
was achieved using the EBLUP approximation (Lindstrom
and Bates 1990), with a first-order Taylor series expansion
about the estimates of the random parameter. The method
used to estimate variance components was restricted maxi-
mum likelihood (Harville 1977).

Covariate modelling

To diminish variability detected among plots, variables
characterizing the stand are included in the mixed model as
fixed effects (Hokka 1997; Pinheiro and Bates 1998; Singer
1998). Stand variables tested were basal area, mean square
diameter, dominant height, age, density, site index (Calama
et al. 2003), and the value of the difference between the 90th
and 10th percentiles from the plot diameter distribution, as
proposed by Fang and Bailey (1998). In the analysis, loga-
rithmic transformations of these variables were also tested.
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Linear models including different stand variables were fit
to explain variation in the random effects. Linear modelling
of the random effects was achieved using the SAS REG pro-
cedure. The algorithm selected for including variables in the
model was maximum increase in the determination coeffi-
cient R?, a method which selects the best model including
one, two, and successive variables.

Interregional variability

The hierarchical structure of the data set, trees within
plots, justifies mixed modelling as proposed. In the same
way, plots are located in four different regions, creating a
multilevel hierarchical structure (Singer 1998; Hall and
Bailey 2001; Sheu and Suzuki 2001).

Interregional variability in height-diameter models has
been sparsely treated in forest research. Huang et al. (2000)
built separate height—diameter models for different ecologi-
cal regions, testing homogeneity in parameters among re-
gions using a nonlinear sum of squares F test, derived from
the likelihood ratio test. Jayaraman and Lappi (2001) devel-
oped a multilevel height—diameter mixed model, which in-
cluded random effects at the plot and forest territorial
division level, and analysed the variability of the EBLUPs
among territorial units.

In this study, interregional variability in height—diameter
model was studied by including regional effects as dummy
categorical variables. These variables take a value of 1 if the
observation comes from the region and 0 if it comes from
another region.

In a first step, a model including all the regional effects
was fitted to the data. To evaluate interregional differences,
models incorporating additional hypothesis of equal regional
effects were also fitted. After testing the significance of the
parameters, a log-likelihood ratio test was carried out to
compare the constrained models with the model including
all regional dummies. If the ratio test is nonsignificant, it
means that the constrained model can be used instead of the
full model, indicating that null hypothesis of equality among
regions cannot be rejected.

Prediction

The main purpose of the model is to be used as a predic-
tive tool in forest management. The introduction of random
parameters into the model allows us to consider two differ-
ent situations in a predictive role (Vonesh and Chinchilli

1997; Fang and Bailey 2001; Fang et al. 2001):

(1) Fixed-effects response pattern: prediction of tree height
in those stands where diameter and stand variables in-
cluded in the model are measured.

(2) Calibrated response pattern: prediction of tree height in
stands where, together with the diameter of the trees and
stand variables, heights are measured in a subsample of
trees.

To evaluate the predictive ability of the model, data in-
cluded in the validation data set are used. Evaluation is car-
ried out using the following statistics:

>3-y

1111

Zz(hu - hy?

i=1 j=1

Modelling efficiency (EF) =1 -
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s oo
PIPNC
Error = =1J=1

Sum of squares error (SSE) =

>3-y

i=1 j=I1

where hj; is the value of the observed height, h is the value
for the predlcted height obtained when applymg the model,
h is the mean value for the measured heights, 7 is the total
number of observations used in the validation, s is the num-
ber of plots in validation data set, and »; is the number of
trees in the ith plot within validation data set (s plots).

Case 1. Prediction over a particular stand with no prior
height—diameter observations: fixed effects typical response

In this case, we only have diameter data as well as values
for the stand and regional variables included in the model.
As we do not have height measurements, we cannot make
predictions about the value of the EBLUPs for the random
effects b;. We then consider that the best linear unbiased pre-
dictor of b; is the null g x 1 vector (where g is the number of
random effects in the model). The general expression for the
nonlinear mixed model is the following:

[12] . a, . .
D =, |=AN+Bp,

1

where d;; is the diameter at breast height of the jth tree in the
ith plot. A; and X are, respectively, demgn matrix and esti-
mated vector for the fixed effects, B; is design matrix for
random effects, and b isagxl1 null vector. ﬁ ; 18 the pre-
dicted height for the ]th tree in the ith plot. This function
represents the pattern of typical response and defines the
mean behaviour of the pattern of variation in height versus
diameter for a given stand and regional conditions.

Case 2. Prediction is carried out over stands with prior
diameter—height observations: calibrated response

Prediction is required for a plot where diameter data and
stand and regional variables are available, and in a sub-
sample of k trees both diameter and height have been mea-
sured. In this situation, we can predict the value of the
vector b; of random effects, approaching the behaviour of the
height—diameter relationship for a given stand. Prediction of
b; is carried out with the following expression (Vonesh and
Chinchilli 1997):

[13] b, = DZIR, + Z,DZ)) e,

where D is the ¢ x ¢ variance—covariance matrix (where g is
the number of random effects included in the model) for the
among- plot variability, common for all plots and estimated
in the general fitting of the model; R is the k x k variance—
covariance matrix for within-plot variability; é; is the resid-
ual vector k x 1, whose components ¢; are given by the dif-
ference between the observed height value for jth tree
included in the subsample, h;;, and the value predicted using
the model including only fixed effects:

éij = hij _f((i)i: dij)
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where @ in this case equals A\, including only the fixed
part of the estimated vector of parameters, and Z; is the k x
g matrix evaluated at A:

f(dy ®) | Hfdy D) |
o\, oA,
[14]
Sld®) | fdy. )
o, oA,
where @, is as previously stated, A,,..., A , are the fixed part

of the mixed coefficients components of the vector for esti-
mated fierd effects X, and d,-j is the diameter of the jth tree.

Once b; is predicted, the value of the vector of heights, A,
for plot i, i.e., the calibrated response vector, is defined by
the expression

f’i = f((i)i’di) +e;

[15] R &, R R
<I>,-=B =AAN+Bpb;

Comparing different sample sizes for prediction

In this section, we determine and compare the predictive
efficiency of the model over the data included in the valida-
tion data set. SSE, EF, and error statistics are used to evalu-
ate different sampling design alternatives, with or without
prediction for the random effects from the measurement of a
subsample of tree heights in the plots. Different subsample
sizes are also tested. Proposed alternatives are the following:
(1) Only stand variables, together with the diameter of the

trees, are included in the model.

(2) Stand variables and the height of, respectively, 1, 2, 4,
6, 8 and 10 trees, randomly selected in each case, are
measured.

(3) Stand variables and the height of the four dominant
trees, considered as the largest trees in the plot, are mea-
sured.

These alternatives are evaluated, and they are also com-
pared with the value obtained in the individual fit, following
ONLS techniques, of the selected function to all the data in-
cluded in each plot. In those alternatives where the measure-
ment of a subsample of randomly selected trees is required,
results for the statistics SSE, mean error, and EF are esti-
mated as the mean value after 500 realizations.

Results

Function selection

Results from the comparative analysis between studied
functions, including values of the statistics E, V, MS, and
MSE, are shown in Table 3. Although results are similar for
every function, I1.2 and II.5 show a slightly better predictive
ability than the rest. When fitting function II.5 individually,
meaningless parameter estimates were obtained for a few
plots. Therefore, we decided to select function I1.2, a general
expression of the relationship between height and diameter
widely used in forest research (Wykoff et al. 1982; Larsen
and Hann 1987; Moore et al. 1996):

Can. J. For. Res. Vol. 34, 2004

Table 3. Performance criteria for tested height—diameter
models.

Function

No. E Vv MS MSE
1.1 0.009 10  0.03515 0.05873  0.636 54
1.2 0.00039 0.03516 0.03517 0.611 60
1.3 0.000 56  0.03520 0.035 21 0.612 25
1.4 -0.00099  0.035 35 0.03540 0.614 17
1.5 -0.00124 0.035 14 0.03519 0.61125

Note: E, mean residual; V, model precision; MS, mean square
error; MSE, mean square error of prediction.

d; +1

_ B,
[16] h,-j—l.?)—exp[oci+ +e

From this point, /; is the height (metres) of the jth tree in
the ith plot, and d;; is the diameter at breast height (centi-
metres) of the mentioned tree. This function was used in the
development of the stand model PROGNOSIS (Wykoff et al.
1982), and it is based on the linear relation proposed by
Curtis (1967), where a value of +1 is added to the diameter
to avoid meaningless estimates when values of breast height
diameter are near zero.

Model construction

Parameter effects

In the first step, we proposed that parameters o; and 3; in
eq. 16 be considered as mixed, i.e., composed of a fixed part
and a random part, specific for each plot. The general ex-
pression for the mixed model so defined is given by

1%

b+v;
+eij
d; +1

[17] h,-j -13= exp[(a +u;) +

Under the basic assumptions

u.:
|: l:| ~ N(O, D)
Vi
ei ~ N[O, Ri(A7 bi7 p)]

where a and b are considered fixed parameters, common to
every plot; u; and v; are random parameters, specific for plot
i dij and h,»j are as defined before; and e;; represents the esti-
mation error for the jth observation in the ith plot.

Within-plot variance—covariance structure

Graphical analysis of the mean squared residuals in 5-cm
diameter classes obtained when fitting eq. 16 individually to
the data of each plot indicated that the variance of the errors
tended to increase as tree size increased (Fig. 1). The vari-
ance of the residual error can then be expressed as a function
of the diameter, using the following variance power func-
tion:

Var(e;;) = plmin(d;;, 60)7]
where p and g are parameters, and d;; is breast-height diame-
ter (centimetres). Appropriate values for p and g were

searched for by fitting the power function with the group
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Fig. 1. Mean squared residuals and standard errors by tree diam-
eter classes of eq. 16 fitted using ordinary nonlinear least
squares in each plot. The solid line indicates estimated variance
function.
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means of squared residual in diameter classes. Values so ob-
tained were 0.0051 and 1.353 for p and ¢, respectively.

In this case, the within-plot variance—covariance matrix is
the diagonal matrix

[18]  R;(\.b,p) =0°G)L, G

where 62 is the residual variance of the model; G, is the di-
agonal matrix of range the number of observations per plot,
whose components are given by the variance power func-
tion; and I,, is the identity matrix with range the number of
observations in the plot.

b+ jlog(dens,) +v;
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Basic nonlinear mixed model

Results from fitting nonlinear mixed model defined by
eq. 17 under the assumptions proposed in eqs. 11 and 18 to
the data from the 7754 trees included in the fitting data set
are shown in the first column of the Table 4.

Inclusion of stand covariates

EBLUPs of the random effects were explained using lin-
ear regression over the stand variables previously mentioned.
To avoid overparameterization and collinearity in the model,
only those variables largely correlated with the EBLUPs
were included. The final proposition for explaining random
parameters was the following:

M* =da +fH0 +gP9010 +u
v¥ = b+ jlog(dens) +v

where f, g, and j are considered fixed parameters for domi-
nant height (H,) the difference between the 90th and 10th
percentiles from the diameter distribution (Py;,) and the log-
arithm of the density (log(dens)), respectively; a and b are
fixed parameters indicating the intercept of the model; # and
v are expanded plot-specific random effects, and u* and v*
are original plot-specific random effects.

After including stand covariates as fixed effects, the gen-
eral expression for the nonlinear mixed model is as follows:

+e

(191  h; —13 =exp|(a+ fH,, + gPogio, +u)+

d; +1 u

Results from fitting this model to the fitting data set under variance—covariance structures proposed previously are included
in Table 4. When comparing these results with those from the fit of the basic model, we find a substantial increment in AIC,
despite the inclusion of new parameters in the model. In addition to this, the values for the components of the variance associ-
ated with the random effects decrease significantly. Residual within-plot variance remains almost constant, showing that there
is a pattern of variability not explained by among-plot differences.

Interregional variability

To determine and evaluate differences among regions, the following dummy variables are created: (1) V| = 1 if the observa-
tion comes from the Central Range, O in the rest of cases, (2) V, = 1 if the observation comes from Catalonia, O in the rest of
cases, and (3) V3 = 1 if the observation comes from West Andalusia, O in the rest of cases. Although the analysis is being car-
ried out over four regions, the inclusion of three dummy variables is enough, since regional parameters associated with the
Northern Plateau are identified as zeroes.

The nonlinear mixed model after including regional variables as fixed effects is then defined by the following expression:

[20] hlj -13= eXp (a + fHO: + gP90]01 + ¢1‘/1 + ¢2V2 + ¢3V3 +I/ll) +

Results from fitting eq. 20 are included in Table 4. The re-
gional parameter estimates for the Central Range, ¢; and v,
are not significant at an o level of 5%. Then we can consider
a common regional effect for the Central Range and the
Northern Plateau, since the regional effect in the latter
region is considered null. Equation 20, defined as the full re-
gional model, was compared with different constrained re-
gional models, based on the assumption of equality among
different regional effects. Comparisons were carried out on
the basis of the log-likelihood ratio test. Results for the com-

b+ jlog(densi) +\V1‘/1 +\U2V2 +W3V3 + V;
d; +1

+eij

parison are shown in Table 5. These results lead us to pro-
pose a common regional model for the Central Range and
the Northern Plateau and another model for Catalonia and
West Andalusia. To this end, we propose the inclusion of a
single regional variable in eq. 19: K = 1 if the observation
comes from Catalonia or West Andalusia; O if it comes from
the Central Range or the Northern Plateau.

The expression for the nonlinear mixed model that in-
cludes both stand covariates and a single regional variable is
as follows:
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Table 4. Fitting parameters and comparison of mixed model effects performance for different alternatives of

fixed effects inclusion.

Basic nonlinear  Stand covariates  Regional effects and  Definite
Parameter ~ mixed model inclusion stand covariates model
Fixed parameters a 2.4749 1.6657 1.7226 1.7306
b —13.3366 —22.1311 —26.2565 —25.2776
f — 0.0888 0.08874 0.0882
g — -0.0067 —0.0055 —0.0062
J — 1.6878 1.8463 1.6999
Regional fixed effects ¢, — — -0.0212 —-0.0936
[0 — — -0.0776 —
03 — — —0.0649 —
v — — 0.7379 4.7431
Y, — — 4.5692 —
V3 — — 1.0464 —
Variance components c2 0.1518 0.0170 0.0115 0.0129
o2 37.8072 20.7510 12.6687 13.3239
62, -1.3771 —0.4963 —0.3089 -0.3273
c? 1.4393 1.4776 1.4845 1.4847
Model performance AIC -9903.45 -9421.0 -9378.95 -9378.2
-2LL 19 798.9 18 834.0 18 749.9 18 748.4

Note: AIC, Akaike information criterion; —2LL, —2 X logarithm of likelihood function.

b+ jlog(dens,) + YK +v;

[21] hlj -13= eXpI:(a + fHO, + gP9010, + ¢1K+u1) +

+e;
dj +1 v

Results after fitting previous function are included in Table 4. AIC values for both the full regional model (eq. 20) and the
reduced regional model (eq. 21) are very similar. Since in the reduced model all the parameters are significantly different from
zero, the number of parameters to estimate is smaller, and the log-likelihood test comparing both models is nonsignificant, we

selected eq. 21 as the definite model.

After substituting in eq. 21 the value of the fixed parameters estimates, the general expression for the interregional height—

diameter model for stone pine in Spain is the following:

[22]  hy —13 = exp {(1 77306 + 0.0882H, — 0.0062Py; — 0.0936K +u,) +

where
u; 0]]0.0129 -0.3273
bi = ~ N > ;
|:v,] {|:O] |:—0.3273 13.3239 :|}

The units for the variables included in the formulae are
metres for 4 and H,, centimetres for d and Py, and stems
per hectare for dens. K is a nondimensional dummy variable.

Prediction
Comparing sample size for prediction

Results from the analysis are included in Table 6. The
largest values of SSE are obtained when applying typical
fixed-effects response, without predicting random parame-
ters. Furthermore, in this case error is significantly different
from zero. When more measurements are included, succes-
sively, in the subsample, SSE and the mean value for the er-
ror decrease substantially, and the probability that the error

—25.2776 +1.6999 log(dens;) + 4.743K +v;
d; +1

+eij

¢, ~ N(O,R; = 1.4847G{’L, G{?)

is nonsignificant is increased. The SSE value obtained when
including in the subsample the four largest trees (20%) is
larger than that obtained when calibrating with a random
sample of four trees. A main reason for this could be that the
sample of the largest trees is biased within the plot, unlike
the random samples. Despite this, the prediction error in this
case is nonsignificant.

Logically, the smallest value for SSE, together with larg-
est probability of nonsignificance for error, is given by the
individual fit of the model using ONLS.

An example of calibration
To show the predictive use of the mixed model, we finally
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Table 5. Comparison of model performance for different alternatives of regional dummy vari-
ables inclusion.

159

Regional

parameters
Model Separated regions Combined regions to estimate -2LL p LRT
1 WA, Cat, CR, NP — 6* 18749.9 —
2 Cat, CR WA-NP 4 18819.8 <0.0001
3 NP, CR WA-Cat 4 18752.8 0.234
4 NP, Cat WA-CR 4 18778.0 <0.0001
5 WA, NP Cat—-CR 4 18767.5 0.0001
6 WA, Cat NP-CR 4 18745.5 1
7 WA, CR NP-Cat 4 18794.0 <0.0001
8 CR WA-Cat-NP 2 18826.7 <0.0001
9 Cat WA-CR-NP 2 18825.2 <0.0001
10 NP WA-Cat-CR 2 18778.9 <0.0001
11 WA Cat—CR-NP 2 18791.5 <0.0001
12f — WA-Cat and CR-NP 2 18748.4 1
13 — WA-CR and Cat-NP 2 18819.5 <0.0001
14 — WA-NP and CR-Cat 2 18834.0 <0.0001
15 — WA-Cat—-CR-NP 0 18834.0 <0.0001

Note: WA, West Andalusia; Cat, Catalonia; CR, Central Range; NP, Northern Plateau. Likelihoods ratios are
calculated with respect to model 1. p LRT is the p value for the likelihood ratio test. Parameters for Northern
Plateau are always 0.

*Not all the estimated parameters are significant.

"Model 12 is the selected model.

Table 6. Comparison among different subsample size alternatives.

Alternative* SSE EF (%) Error (m) t Pr >t

1. Only stand variables are measured 854.86 92.69 0.1540 4.58 <0.0001

2. Stand variables + height measurement 743.39 93.64 0.1172 3.69 0.0002
from 1 tree

3. Stand variables + height measurement 684.05 94.15 0.0939 3.08 0.0021
from 2 trees

4. Stand variables + height measurement 617.95 94.72 0.0676 2.34 0.0196
from 4 trees

5. Stand variables + height measurement 582.25 95.02 0.0474 1.68 0.0917
from 6 trees

6. Stand variables + height measurement 562.23 95.19 0.0368 1.33 0.1825
from 8 trees

7. Stand variables + height measurement 548.39 95.31 0.0299 1.09 0.2722
from 10 trees

8. Stand variables+ height measurement 706.67 93.96 0.0594 1.93 0.0545
from 4 (20%) largest trees

9. Individual fit to data from each plot 466.16 96.01 0.0003 0.01 0.9904
(ONLS)

X(hj —hy)

Note: SSE, sum of squares of the error; EF, modelling efficiency; error = s t, t statistic; Pr >,

n
probability for the absolute value of ¢ to be distributed following a student ¢ with n — 1 degrees of freedom.
*For alternatives 2—-8, the means are obtained from 500 realizations.

develop a case study. Within the validation data set, we se- out predictions using only stand variables

as well as diame-

lected a plot from each region. Plots selected were 28105 ter data. This is defined as the fixed-effects typical response
(Central Range), 21057 (West Andalusia), 17043 (Catalon- pattern. In this case, the expression used to define tree

ia), and 47060 (Northern Plateau). In these plots, stand vari- height would be

ables as well as the diameter and the height of all the trees

included in the plot were measured. B,
h,-j = exp|o; + !

Case 1. Prediction over a particular stand with no prior ij

height observations: fixed-effects typical response

Let us consider that in these plots, we are going to carry where

+eij
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Table 7. Height—diameter model performance when applied to four plots from the validation data set.
Stand characterization Case 1 Case 2 Case 3

Plot H, Pyoro dens SSE Error u v SSE Error SSE Error
17043 13.1 17.5 245 24.933 0.752 0.0151 1.9233 13.755 -0.0757* 13.595 —0.0001*
21057 4.7 6.4 512 11.845 -0.685 0.0382 —2.7930 2.890 —-0.1273%* 1.903 0.0009*
28105 11.3 11.2 486 14.771 0.699 0.0154 1.1525 5.848 0.2188* 4.601 —0.0006*
47060 9.8 19.0 183 29.248 0.960 -0.0152 2.6033 14.989 0.6498 10.767 —0.0009*

Note: Case 1, typical fixed effects response (only stand covariates); case 2, calibrated response including empirical best linear unbiased predictors
(EBLUPs) (four prior height measurements available); case 3, ONLS individual fit for the plot. H,, dominant height (metres); Py,,, difference between the
90th and 10th percentiles from the diametric distributjon (centimetres); dens, stand density (trees per hectare); u and v, EBLUPs for the random effects of

X(hy; = hy)

n

the plot; SSE, sum of squares error; error =

*Values are not significant with p > 0.05.

0(1- :AX: 1 HO, Pgo]ol Ki 0 0 0
B; ! 0 0 0 0 1 log(dens) K,

Results for the plots analysed, expressed in terms of mean
residual error (mean values of the residual between predicted
and observed values) and sum of squares error, are included
in Table 7.

Case 2. Prediction is carried out over stands with prior
height observations: calibrated response

In this case, let us suppose that in the plots we have avail-
able a measurement of the height of four trees randomly
selected within the plot. As we have a subsample of trees
with height measurements, we can predict the value of the
EBLUPs, obtaining a calibrated function for each plot.

To predict the vector of random effects for the plot i, we
use eq. 13:

b} = ]’:\)Z;r(lil + Ziﬁz?)_léi

where matrices D and ﬁi are known, since we know the vari-
ance components for the model, estimated from eq. 22, and
the structure of the matrices, Z,- is developed using eq. 14,
and ¢, is the residual vector, calculated as the difference be-
tween the real value of the height of the trees measured in
the subsample and the predicted value of the height for these
trees, calculated as the typical response, including only fixed
effects.

As we knew the value for the height of all the trees in
these plots, we tested results obtained from both cases
against real values, comparing the statistics sum of squares
error, error, and level of significance of the error. Results
from this comparison are included in Table 7. In Table 7, re-
sults for these statistics obtained in the individual fit for each
plot using ONLS are also included. ONLS fit is carried out
using all the trees from the plot. In this case, individual fit
using ONLS is considered the best possible fit of the func-

[1.7306
0.0882
-0.0062
-0.0936
-25.2776
1.6999

4.7431

tion to the available data from a plot and is then used for
comparison. Figure 2 shows the graphical representation for
results included in Table 7.

Discussion and conclusions

The height/diameter ratio is usually defined for a given
stand or, even within a stand, for a given stratum (age, site
index, density class), plot, or sampling unit. More general
approaches define general expressions for the relationship to
use them in different stand and regional scenarios. Among-
plot variability is modelled in this work by including random
effects specific to each plot. This allows us to deal with the
lack of independence among observations derived from the
special hierarchical structure of the data. Besides this, when
using random component models, we can consider a com-
mon functional structure for the relationship, where a ran-
dom part indicating plot deviation from the mean behaviour
is added. The value of this deviation is explained including
stand and regional variables.

In the model developed in this study, dominant height of
the stand, density, and a measurement of the dispersion in
the diameter distribution are included as covariates. The use
of these covariates has already been proposed in height—
diameter models by Krumland and Wensel (1978), Larsen
and Hann (1987), and Canadas (2000) in the case of domi-
nant height; Fang and Bailey (1998) included an indicator of
the diameter distribution of the stand in the height—diameter
model for different forest species on Hainan Island. The use
of density as a covariate in height—diameter models was pro-
posed by Nanos (2001) and Zhang and Burkhart (1997).

Density and dominant height have been found to be posi-
tively correlated with height. Dominant height correlation
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Fig. 2. Height-diameter performance of typical (only fixed effect) and calibrated (including random parameters) response, compared
with individual ordinary nonlinear least squares (ONLS) fit in four plots from validation data set.
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means that a relation exists between site index and stand
height, as demonstrated by Eichorn’s rule (Eichorn 1902).
The relation between density and height is shown by the fact
that for the same height, trees located in denser stands have
smaller diameters than those located in less-populated
stands, or, in other words, the height/diameter ratio is higher
in denser stands.

We tested several other stand variables. Age was not in-
cluded, as proposed by Zhang and Burkhart (1997) and
Jarayaman and Lappi (2001). We tested the inclusion of
stand age within the model, but it did not improve it signifi-
cantly. Nevertheless, if the model is used to predict the evo-
lution of the stand in time, this requires the inclusion of a
temporary variable. This can be achieved in an indirect way
by developing temporal models for the exogenous variables,
such as dominant height or diametric distribution.

From the results of the interregional variability analysis,
we defined a model including only one regional variable,
since the height—diameter relation has been shown to be con-
stant for the Central Range and the Northern Plateau, and for
Catalonia and West Andalusia. The establishment of these
two regional groups can be explained by two circumstances.
The Central Range and the Northern Plateau stands are in-
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land, while Catalonia and West Andalusia are coastal re-
gions. In addition to this, there are major differences in the
silvicultural practices applied in these two areas, since in
coastal regions management has been orientated towards
timber production, therefore maintaining stands with high
density, while in inland stands, management has considered
both fruit (pine nuts) and timber production, therefore main-
taining stands with lower densities.

The possibility of using data from a complementary mea-
surement to calibrate the model for each specific occasion is
a clear advantage of the mixed models when compared with
other approaches to the problem of correlated observations.
Table 7 and Fig. 2 show how prior knowledge of the height
of a subsample of four trees in the plot increases signifi-
cantly the predictive ability of the model and both prediction
error and sum of squares error are reduced.

Together with the case study we have tested different al-
ternatives to determine optimum subsample size in predict-
ing EBLUPs. Calibration by inclusion of random parameters
increases predictive ability even when EBLUPs are predicted
from only a single tree randomly selected within the plot.
This indicates that fixed-effects model can be calibrated us-
ing very few measurements, even less than the number of
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random parameters to be predicted. Calibration using small
subsamples of trees is one of the main utilities of mixed
models in forest applications.

When subsample size is increased, prediction error de-
creases. The largest rate of decrease in SSE is obtained
when comparing calibration from two random trees with cal-
ibration from four random trees (Table 6). Inclusion of a
larger number of trees leads to a smaller rate of error de-
crease, and it involves a larger cost in inventory. As a conse-
quence, prediction when height measurements are taken
from four trees randomly selected can be considered a good
option, although a utility model, considering both measure-
ment costs and error, would be required to determine opti-
mum subsample size.

Measuring the height of four trees by plot is a very com-
mon practice in forest inventories in Spain. The model de-
veloped enables these data to be used to calibrate a specific
model for each plot, improving predictive ability for the
height—diameter relationship and the estimation of produc-
tivity for the stand. Although measuring more heights in the
plot improves results, it is not justified by the increased
costs involved.

If the four trees where height is going to be measured are
not randomly selected, but we select the four largest trees
per plot, the reliability of height—diameter models is then in-
creased if compared with the fixed-effects model, but predic-
tive ability is lower than that attained by calibrating with
four randomly selected trees. A main reason for this could
be that a sample of the four largest trees is a biased sample
within the plot.

Although the four largest trees in the plot constitute a bi-
ased sample, knowing their height allows us to obtain the
dominant height for the plot, input variable for the model de-
veloped, as well as the site index or other related variables.
When using these data in calibration, results are worse than
those obtained with random samples, although we can obtain
a more accurate calibration for the largest trees, those that
account for more timber volume, and those that produce a
more valuable timber.

This conclusion is similar to that obtained by Krumland
and Wensel (1978), who proposed the measurement of the
height of four dominant trees to calibrate height—diameter
relationship for different species in California. Houghton
and Gregoire (1993) compared several sampling designs and
subsample size, finding the best results with a purposive
sample (neither random nor systematic). In this case, opti-
mum sample for a 10% accuracy level was also reached
when including only four trees (the two largest and the two
smallest from the plot).

Mixed models allowed us to define a height—diameter
model for the four most important regions where stone pine
occurs in Spain, and we found that separate models are nec-
essary for coastal areas (Catalonia and West Andalusia) and
inland areas (Central Range and Northern Plateau). A
typical-response fixed-effects model can be determined for
each plot if dominant height, density and diameter distribu-
tion are known for the stand. The predictive ability of the
model is clearly improved if random parameters are pre-
dicted using data taken from a complementary observation
in the same stand. When working with 20-tree plots, measur-
ing the height of the four largest trees is considered a good

Can. J. For. Res. Vol. 34, 2004

option, since these measurements are also required to calcu-
late dominant height.
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