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Abstract – In this study, we evaluate the influence of diﬀerent variables on cork thickness in cork oak forests. For this purpose, first we fitted a multilevel
linear mixed model for predicting average cork thickness, and then identified the explanatory covariates by studying their possible correlation with
random eﬀects. The model for predicting average cork thickness is described as a stochastic process, where a fixed, deterministic model, explains the
mean value, while unexplained residual variability is described and modelled by including random parameters acting at plot, tree, plot × cork harvest
and residual within-tree levels, considering the spatial covariance structure between trees within the same plot. Calibration is carried out by using
the best linear unbiased predictor (BLUP) theory. Diﬀerent alternatives were tested to determine the optimum subsample size which was found to be
appropriate at four trees. Finally, the model was applied and its performance in the estimation of cork production was tested and compared with the
cork weight model traditionally used in Spain.
cork thickness / mixed model / calibration / Quercus suber L.
Résumé – Variables influençant l’épaisseur du liège dans les forêts de chênes-lièges espagnoles : une proposition de modélisation. Dans cette
étude, nous avons mesuré l’influence de diverses variables sur l’épaisseur du liège des forêts de chênes-lièges. Dans ce but nous avons d’abord appliqué
un modèle linéaire mixte pour prédire l’épaisseur moyenne du liège, et on a alors identifié les co-variables explicatives pour expliquer leur possible
corrélation avec des eﬀets aléatoire. Le modèle prédisant l’épaisseur moyenne du liège peut être décrit comme un processus stochastique où un modèle
fixe et déterministe explique la valeur moyenne, tandis qu’une variabilité résiduelle inexpliquée est décrite et modélisée par l’inclusion de paramètres
aléatoires relevant de la parcelle, de l’arbre, de la récolte de liège par parcelle et aux niveaux résiduels des arbres prenant en compte la covariance de
la structure spatiale entre les arbres d’une même parcelle. Le calibrage a été réalisé en employant la théorie BLUP (Best linear unbiased predictor ou
Meilleur prédicteur linéaire non biaisé) On a essayé diﬀérentes options pour trouver la dimension optimale de l’échantillon et on a trouvé qu’il était
opportun d’utiliser quatre arbres par parcelles. Finalement le modèle a été appliqué pour calculer la production de liège et a été comparé avec le poids
de liège obtenu avec le modèle employé d’habitude en Espagne.
épaisseur du liège / modèle mixte / calibrage / Quercus suber L.

1. INTRODUCTION
Cork production constitutes a basic source of income in
cork oak stands prevailing in pre-coastal and coastal regions
of the Mediterranean Basin [11,31]. Spain is the second major
cork producing nation with 510 000 ha (23% of the world’s total) and an annual production of 110 000 t (32% of the world’s
total) [36]. Although the main use of these stands is cork production, they are also eﬃciently exploited for other uses which
include hunting, cattle grazing, acorn production, firewood, or
biological and landscape diversity.
The management of these cork oak stands is oriented towards cork production, in particular towards the maintenance
of cork quality. Cork quality depends on three main characteristics: cork thickness, cork porosity and the presence of defects
such as insect galleries or wood inclusions which may appear
occasionally [31]. Cork thickness defines the usability and the
value of the cork for industrial purposes. Natural cork stoppers
* Corresponding author: msanchez@inia.es

are the most valuable product and mainstay of the cork industry. Cork planks with a thickness over 27 mm are suitable for
the production of stoppers, and the best yield is obtained with
a thickness of between 27 and 33 mm [18].
Despite its economic and industrial importance, research in
relation to cork thickness has been scarce. Vieira [45] studied
the influence of age and debarking height on cork thickness.
Montero and Vallejo [30] used data from 100 trees of diﬀerent sizes and stripped heights to study cork thickness variation along the bole. Cork thickness has seldom been modelled,
due to its great complexity and variability. González-Adrados
et al. [18] developed an equation for predicting total cork
thickness at debarking time where the independent variable
was cork thickness one year before stripping. A similar approach follows the cork thickness sub-model included in the
SUBER model [42], a management oriented growth and yield
model, developed in Portugal for open cork oak woodlands.
Among the numerous factors which appear to influence
cork thickness we might mention genetic variability [14], site
quality [29, 35], stand and single tree factors [5] as well as
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debarking factors [30, 45]. Due to the fact that many of these
factors are not easily controlled when modelling cork thickness, stochastic models seem to provide the most suitable approach, especially during the first stages of modelling [25].
Cork thickness data are usually taken at each cork harvest
from trees growing in plots. This hierarchical structure favours
the use of a multi-level linear mixed approach. Mixed models
include a fixed functional part, common to the whole population, and random components that allow us to divide and explain the diﬀerent sources of stochastic variability which are
not explained by the fixed part of the model. Another advantage of the mixed models is that they allow calibration of models for a specific location and period from a small additional
sample of observations. The mixed model approach was proposed by Vázquez [44] for modelling single tree cork weight.
Empirical experience has shown that cork oak trees which
produce good cork quality, tend to maintain this standard in
successive strippings throughout their productive life [7]. In
the same way, it has been observed that there are productive
areas, where trees tend to have greater cork thickness, and that
these areas retain their productivity level throughout the cycle. Finally, it is also possible to identify good and bad periods
for cork thickness, probably due to climatic eﬀects [45]. All
these facts indicate that some unobservable tree factors (e.g.,
microsite or genetics), plot factors (ecological conditions or
silviculture) or period eﬀects (climatic conditions) aﬀect tree
cork thickness, even over long periods [29]. This allows us
to calibrate cork thickness models for present and future cork
harvests by introducing predicted stochastic eﬀects into the
model which are specific to each source of variability.
The main objective of this study is to determine the variables which influence cork thickness by identifying the diﬀerent sources of variability detected in Spanish cork oak forests.
For this purpose we developed a multilevel linear mixed model
and evaluated the inclusion of ecological, stand and tree attributes as fixed eﬀects to explain detected non explained variability at diﬀerent levels (plot, tree, harvest). Calibration of
the model from a small additional sample of observations was
proposed as a practical approach for model utilization, and its
accuracy in cork weight estimation was tested.
2. MATERIAL AND METHODS
2.1. Study area and data
The Natural Park of “Los Alcornocales” (Fig. 1), with an extension of 170 025 ha is one of the most important cork producing areas
in Spain and can be considered representative of Spanish cork oak
forests [38]. The area has a mild Mediterranean climate with cool humid winters and warm-dry summers; the mean annual temperature
is about 16−18 ◦ C and the annual precipitation between 1000 and
1400 mm (depending on altitude). Precipitation is mainly concentrated between autumn and spring, originating a dry period in summer [10]. The soils are cambisols and luvisols (FAO) [12] which are
quite developed.
Data for this study were collected in 47 circular permanent plots
of 20 m radius established by the Forest Research Centre (CIFORINIA) in the Natural Park. All plots were established between 1988

Figure 1. Distribution of Quercus suber L. in Spain and localization
of the studied region.

and 1993 in regularly stocked stands covering a wide range of age
and site conditions. In each plot, the first measurement was made at
plot installation coinciding with a cork harvest. The second inventory
was carried out at the time of the subsequent cork harvest (generally
after a nine year period).
The variables measured at each inventory were: perimeter at breast
height over and under cork, stripped height, cork weight and cork
thickness measured at the upper and lower ends of the three biggest
cork planks from each stripped tree. For each tree, average cork thickness was calculated as the average of these six cork thickness measurements. More recently, tree coordinates have been measured. Increment cores were not taken because they tend to be illegible [21],
so individual tree age is unknown. The age of the plot was estimated
using stem analysis data obtained near each plot in 2002 and the data
from the historic management records compiled from the Management Plans and their subsequent Revisions [34]. Site index was calculated for each plot using the potential height growth model developed
by Sánchez-González et al. [38].
From this data set, 10 plots including 254 trees were selected as
a calibration data set. These plots were selected because measurements were only taken at one cork harvest. The rest of the observations (coming from two repeated measurements taken on 795 trees
from 37 plots; totalling 1590 cork thickness observations) were used
as the fitting data set.
Descriptive statistics of cork characteristics for both data sets are
displayed in Table I.

2.2. Identification of variables influencing
cork thickness
The process of identification of variables influencing cork thickness involved two stages. In the first stage, a multilevel linear mixed
model was fitted, in order to characterize the variability structure and
remove the eﬀects of the spatial autocorrelation. In the second stage,
the explanatory covariates were identified by studying the correlation
between random eﬀects and possible explanatory covariates.

Variables influencing cork thickness

cork harvest components wik and 37 plot components ui ; e is a N × 1
vector of residual tree within cork harvest terms.
Vector b is assumed to be distributed following a multivariate normal distribution with mean zero and variance matrix D, a q × q block
diagonal matrix whose components are matrices Du , Dv and Dw . As
a first approach, we assumed independence between random components specific to diﬀerent sampling units (plot, tree, harvest) at the
same hierarchical level, so Du , Dv and Dw are diagonal matrices with
dimensions equalling the number of plots (37), trees (795) and plot ×
cork harvests (74) being considered in the analysis, and diagonal values of σ2u , σ2v and σ2w . In subsequent steps diﬀerent structures for Du
and Dv , were evaluated in terms of –2 times log likelihood statistic
by considering the spatial covariance between observations coming
from diﬀerent plots or coming from diﬀerent trees within the same
plot:

Table I. Characterisation of the fitting and calibration data set.
Variable Mean Min Max STD CV (%)
Fitting data 1st harvest cb (mm) 25.59 11.63 57
w (kg) 21.7

6.03 23.58

4.5

141 14.97 68.98

sh (m) 1.79 0.77

5.4 0.61 34.25

Fitting data 2nd harvest cb (mm) 26.28

9

57.34 6.05 23.03

w (kg) 24.49 2.5 142.5 17.19 70.18
sh (m) 2.14 0.78
Calibration data

5.4 0.75 35.11

cb (mm) 29.41 11.25 57.53 7.6
w (kg) 22.43

3

sh (m) 1.81 0.83

303

25.85

67 12.57 56.05
4.2 0.57 31.76

Min: Minimum; Max: maximum; STD: standard deviation; CV: coeﬃcient of variation; cb: cork thickness (mm); w: tree cork weight (kg); sh:
stripped height (m).
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2.2.1. Cork thickness modelling

– Gaussian covariance:

The available fitting data set consists of a sample of cork thickness
measurements taken twice from trees located within diﬀerent plots.
This hierarchical nested structure leads to lack of independence, since
a greater than average correlation is detected among observations
coming from the same tree, plot or cork harvest [16, 20].
In order to alleviate this, cork thickness is explained using a multilevel linear mixed model [4, 17, 41], including both fixed and random components. In this model, systematic patterns of non explained
variability, detected between plots, between trees, and within a given
plot or within a given tree between diﬀerent cork harvests were accounted for by including random parameters, aﬀecting the intercept
of the model, specific at those levels. A general expression for the
multilevel linear mixed model proposed, defined for the cork thickness value (cb) measured on the j-th tree within the i-th plot, in the
k-th cork harvest, is:
cbijk = xijk β + ui + vij + wik + eijk

(1)

where xi jk is 1 × p design vector containing covariates explaining the
response variable, β is the p × 1 vector of fixed parameters in the
model; ui , vij , and wik are random components specific for each plot,
tree and plot × cork harvest, realizations from univariate normal distributions with mean zero and variance σ2u , σ2v , and σ2w respectively,
ei jk is a residual error term, with mean zero and variance σe . Inclusion of a common cork harvest eﬀect was not considered, since cork
growth periods were diﬀerent for diﬀerent plots.
When fitting the framework, the available cork thickness outcomes were N (1590), obtained from j trees ( j = 1 to Ni j , with Ni j
ranges from 11 to 42 trees per plot), growing within plot i (i = 1
to 37) in two diﬀerent cork harvests (k = 1,2). For the complete data
set, the general expression of the model is [40]:
cb = Xβ + Zb + e

(3)

σ12
– Power covariance:




 − d212
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σ12 = σ2 ρd12

(4)

(5)

Where σ12 indicates covariance between two observations, σ2 indicates the variance component (at plot or tree level), d12 the distance
between the two trees or plots, and ρ is the correlation parameter.
Finally, vector e is distributed following a multivariate normal distribution with mean zero and variance matrix R, normally a N × N
diagonal matrix, with elements σ2e .
The aim of the multilevel mixed analysis is to estimate the components of β (fixed parameters of the model), D and R (variance
components), together with the prediction of the EBLUP (empirical
best linear unbiased predictor) for the random components associated with every plot, tree and plot × cork harvest (components of
vector b). Components were estimated using the restricted maximum
likelihood method in SAS procedure MIXED [28]. Level of significance for variance components was analysed by means of the Wald
test, while level of significance for fixed parameters was tested using
Type III F-tests.

2.2.2. Explanatory covariates identification
In a first step, equation (1) was reduced to a basic model where
only the intercept µ and random components ui , vi j , wik for the three
correlation levels considered (tree, plot and plot × cork harvest) were
taken into account. The basic multilevel mixed model expression for
cork thickness was:

(2)

where cb is the N × 1 vector containing the complete database of cork
thickness outcomes; X is a N × p design matrix with rows xi jk ; β is
the p × 1 vector of fixed parameters in the model; Z is a N × q design
matrix, including zeroes and ones; b is a q × 1 vector of random components, including in this analysis 795 tree components vi j , 74 plot ×

cbijk = µ + ui + vij + wik + eijk

(6)

where µ is a fixed parameter defining the average cork thickness for
the studied population; ui , vi j , wik and ei jk as defined in equation (1).
For this basic model, the predicted EBLUP’s for the random components indicate systematic deviation from the population average cork
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thickness (µ) specific for the observations coming from the same plot,
tree and cork harvest, respectively.
This pattern of systematic variability can be explained by including explanatory covariates (elements for vector xi jk in Eq. (1)) acting
at each of those specific levels. To identifiy those covariates which
best explain deviations, first we calculated the correlation coeﬃcient
between EBLUP’s and diﬀerent attributes at stand, ecological and
tree level. Only those variables showing significant correlation with
the EBLUP’s were evaluated for inclusion in model (6) as fixed
eﬀects. Criteria for the final inclusion of a covariate in the model
were the level of significance for the parameters (fixed and random),
reduction in the value of the components of the variance-covariance
matrices, significant decrease for the statistic –2 times logarithm of
the likelihood function (−2LL) and rate of explained variability. The
variables evaluated were:

• At stand level
– Stand density: plot basal area under cork Gha (m2 /ha); mean
squared diameter under cork dg (cm); number of trees per hectare
Nha (stems/ha); dominant diameter under cork ddom (cm), average
value for the 20% thickest trees within the plot.
– Other stand level covariates: canopy cover (%); age (years); site
index (m), calculated following Sánchez-González et al. [38].

• At tree level
– Tree-size: breast height diameter under cork duc (cm); tree basal
area under cork guc (m2 ); crown width cw (m).
– Relative tree dimension: diameter under cork divided by mean
squared diameter under cork duc · d−1
g ; diameter under cork divided by maximum diameter under cork duc · d−1
max ; diameter under cork divided by dominant diameter under cork duc ·d−1
dom ; basal
area under cork divided by plot basal area under cork guc · G−1 ;
basal area under cork divided by maximum basal area under cork
guc · g−1
max ; basal area under cork divided by dominant basal area
under cork guc · g−1
dom ; the relation between the basal area of the
ith tree and the total basal area divided by the number of trees per
hectare apb.
– Competition indices: basal area of trees larger than i tree BAL.

• Climatic attributes
Altitude (m); annual rainfall (mm); spring rainfall (mm); autumn rainfall (mm); mean annual temperature (◦ C); evapotranspiration (mm); surplus (mm) sum of the diﬀerence between monthly
rainfall and evapotranspiration in months that potential evapotranspiration is higher than monthly rainfall.
Climatic variables were obtained from the climatic models by
Sánchez Palomares et al. [39], developed using data from the weather
stations network of the National Institute of Meteorology and applying multiple linear regression methods with altitude, coordinates and
basin of the subject point as explanatory variables.
Summary statistics for the analysed variables are shown in
Table II.

2.3. Calibration
The main objective of the model is to detect the diﬀerent sources
of variability in cork thickness. Together with this, the fitted model
can be used as a predictive tool for cork oak forest management.

Using the fixed eﬀects part (xi jk β) of a mixed model, it is possible
to predict cork thickness in those locations where plot and tree explanatory variables included in the model are measured. In this case,
we would obtain the fixed eﬀects marginal prediction (i.e., value for
E[cbi jk ]). Additionally, in a mixed model approach, it is possible to
calibrate the model by predicting the random component specific for
a new tree, plot or cork harvest, using a complementary sample of
cork thickness measured in that unit [27, 46]. Prediction of the random components is carried out using empirical best linear unbiased
predictors (EBLUP) [40]:
b̂ = D̂Ẑ

T



T −1
ê
R̂ + ẐD̂Ẑ

(7)

where b̂ is a vector including predicted random components for the
new sampled units; D̂, Ẑ and R̂ are matrices including the predicted
components for D, Z and R, defined for the additional sample; ê is
a vector whose components are the values for the marginal unconditional residuals for the new sample (diﬀerence between the observed
and the predicted cork thickness using the fixed eﬀects marginal
model). Inclusion of vector b̂ will allow us to obtain a random eﬀects
conditional prediction (i.e. E[cbi jk |b̂]). To solve b̂ from equation (7),
a SAS program was developed using IML language.
The accuracy of the calibration was evaluated using the data from
the ten plots in the calibration data set comparing diﬀerent alternatives of subsample size of cork thickness measurements in the plots
(1, 2, 4, 6, 8 and 10 trees randomly selected). For each plot and
subsample size, 100 random realizations were performed, each time
including diﬀerent trees in the calibration subsample. The statistics
used in the comparison were: modelling eﬃciency (MEF) and root
mean square error (RMSE) estimated as the mean value after 100 realizations.
n 


yi − ŷi 2
i=1
MEF = 1 − n
(8)
_ 2

yi − y

RMSE =

i=1



yi − ŷi
n−1

2
(9)

where yi , ŷi and y represents observed, predicted and average value
for variable y; n represents the number of observations.

3. RESULTS
3.1. Cork thickness modelling
The results obtained after fitting the basic model in equation (6), considering simple variance structures for matrices
D and R, are included in the first column of Table III. The
comparison of diﬀerent spatial covariance structures for D revealed that the best results were obtained by considering a simple variance structure for matrix Du (no spatial correlation between plots) and a Gaussian spatial covariance structure for
matrix Dv , indicating a pattern of spatial correlation between
random tree components for the same plot (Tab. III, columns
2−4). All parameters, both for the basic and spatial models,
were significant at the 0.01 level. Figure 2 shows the evolution of the pattern of spatial correlation between two trees as
a function of distance, indicating that cork thickness shows

Variables influencing cork thickness
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Table II. Characterisation of variables evaluated as possible explanatory covariates.

Stand attributes

Variable

Mean

Min

Max

STD

CV (%)

Gha (m2 ha−1 )

17.73

8.38

27.05

4.49

25.34

−1

Climatic attributes

Nha (stems ha )

195.29

87.00

334.00

62.82

32.17

dg (cm)

35.21

24.33

56.86

6.35

18.03

Site index (m)

10.16

6.00

14.00

2.92

28.74

Canopy cover (%)

15.86

8.60

26.62

4.67

29.44

ddom (cm)

42.01

29.48

79.29

8.29

19.72

Age (years)

98.30

53.00

177.00

31.61

32.16

Altitude (m)

588

180.00

820.00

182.88

31.09

Annual rainfall (mm)

1257

1070.00

1391.00

81.54

6.49

Spring rainfall (mm)

330

279.00

363.00

21.93

6.64

310

266.00

338.00

18.81

6.06

Autumn rainfall (mm)
◦

Tree attributes

Annual Temperature ( C)

16.00

15.00

18.00

0.67

4.13

Evapotranpiration (mm)

826.00

792.00

879.00

25.39

3.07

Surplus (mm)

884.00

688.00

1013.00

84.49

9.56

duc (cm)

31.12

14.01

61.43

7.13

22.92

guc (m2 )

0.08

0.02

0.30

0.04

47.36

Crown diameter (m)

3.05

0.50

7.10

0.93

30.66

duc ·d−1
g

0.93

0.42

1.55

0.18

19.37

duc ·d−1
max
duc ·d−1
dom
guc ·G−1

0.89

0.17

2.41

0.34

38.51

0.59

0.14

1.00

0.20

34.18

0.39

0.02

1.00

0.24

60.79

guc ·g−1
max

0.80

0.41

1.34

0.15

18.45

guc ·g−1
dom

0.67

0.17

1.79

0.24

36.26

apb

45.14

6.64

133.34

22.63

50.13

BAL (m2 /ha)

11.57

0.00

26.82

5.79

50.09

Min: Minimum; Max: maximum; STD: standard deviation; CV: coeﬃcient of variation; Gha : plot basal area under cork; Nha : number of trees per ha;
dg : mean square diameter under cork; ddom : dominant diameter under cork; duc : diameter at breast height under cork; guc : tree basal area under cork;
dmax : maximum diameter under cork of the plot; G: plot basal area under cork; gmax : maximum basal area under cork; gdom : dominant basal area under
cork; apb: area proportional to tree basal area; BAL: mean basal area of the trees larger than ith tree where dj > di .

Table III. Comparison of fitting statistics and estimated variance components of the basic and spatial models.
Basic linear mixed model

Exponential spatial structure model

Gaussian spatial structure model

Power spatial structure model

25.7731

25.7724

25.7621

25.7724

1.6805

2.0107

0.5516

σ2u (tree)

19.4756

19.5968

19.4642

19.5970

σ2v (plot)

5.9588

5.6889

5.8933

5.6896

σ2w (plot ×

3.9412

3.9429

3.6430

3.9449

µ
ρ

cork harvest)
σ2e (error)

7.5337

7.5321

7.5235

7.5319

−2LL

9332.6

9329.9

9323.6

9324.9

µ: Fixed parameter defining the average cork thickness for the studied population; ρ: correlation parameter; σ2 : variance terms; −2LL: −2 times
logarithmic of likelihood.
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Table IV. Correlation coeﬃcients of plot random eﬀect and stand and
ecological covariates.
Covariates

Pearson’s coeﬃcient

P value

Stand attributes

Figure 2. Spatial correlogram for tree random eﬀect, comparing
Gaussian (solid line) with power and exponential (dashed lines) covariance structures (overlapped).

spatial correlation, at tree level, up to a distance of 5 m. The
spatial correlograms corresponding to the power and exponential covariance structures are overlapped. Under the proposed
Gaussian spatial structure, the components of the variance matrix for the observations V would be:
– Variance for a single observation:
σ2u + σ2v + σ2w + σ2e
– Covariance between two observations taken in the same
inventory, from two trees in the same plot separated a distance d12 :



 − d212 

2
2
2
σu + σw + σv exp  2 
ρ
– Covariance between two observations taken in diﬀerent inventories from the same tree:
σ2u + σ2v
– Covariance between two observations taken in diﬀerent inventories from diﬀerent trees in the same plot, separated a
distance d12 :



 − d212 

2
2


σu + σv exp  2 
ρ
The highest level of variability (53%) is associated with tree
eﬀects, while the between cork harvest random eﬀect for plots
accounted for the lowest level (10%) of the total non explained
variability. Plot level eﬀects explain 16% of the variability
while the remaining 21% is associated with residual (tree ×
cork harvest) eﬀects.
The mean variance value obtained for the ei jk conditional
residual terms after fitting the basic model was computed
for each diﬀerent class of explanatory variables and plotted
against them. No pattern of non-constant variance in the residuals (heteroscedasticity) was detected, indicating that the selected simple structure for matrix R is adequate. The plot of
ei jk against predicted values (not shown) displays an increasing trend, indicating the need to identify explanatory covariates which are dealt with in the next section.

Basal area

–0.1383

0.4402

Density

0.0770

0.6504

Mean square diameter

–0.1211

0.4753

Site index

–0.2692

0.1071

Canopy cover

–0.1823

0.2777

Dominant diameter

0.0955

0.9553

Age

0.2651

0.1128

Altitude

0.1403

0.9343

Annual rainfall

–0.1620

0.3379

Spring rainfall

–0.1382

0.4146

Autumn rainfall

–0.1381

0.415

Annual temperature

–0.0099

0.9536

Evapotranspiration

–0.0217

0.8986

Surplus

–0.1450

0.3918

Ecological attributes

To test the behaviour in σ2v the variance for EBLUP’s vi j
was computed per categorical class for the diﬀerent stand attributes considered in Table II. We detected a pattern (not
shown) of reduction in variance associated with increasing
classes of canopy cover, basal area and mean squared diameter and decreasing classes of stand density. This indicates
that within plot tree variability in cork thickness is larger in
younger phases of stand development, tending towards homogeneity in mature states. After evaluating various alternatives,
the following model for tree level variance depending on mean
squared diameter was proposed:
σ2v = 0.0566 d2g − 4.8556 dg + 114.04

(10)

3.2. Identification of explanatory covariates
The EBLUP’s for random parameters ui , vi j and wik were
expanded over diﬀerent covariates. Tables IV and V show the
correlation coeﬃcients between random components and possible explanatory covariates as well as their transformations.
None of the stand or climatic attributes evaluated were identified as significantly correlated with random plot components.
In order to evaluate possible trends, charts of the predicted
EBLUP’s ui for random plot eﬀect against the stand and ecological variables were also assessed. From this graphical analysis, a slight positive trend with age was detected (r = 0.26,
p = 0.10; Fig. 3), indicating that older stands tend to have
thicker cork than younger ones. No significant relation was
identified between plot-level EBLUP’s ui and climatic variables (Fig. 4). Regarding tree attributes, initial tree diameter
and section area were significantly correlated with predicted
EBLUP’s for vi j at the 0.05 level, while several competition
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Table V. Correlation coeﬃcients of tree random eﬀect and tree covariates.
Covariates

Pearson’s coeﬃcient

P value

duc

0.0737

0.0377

guc

0.0703

0.0362

cw

0.0642

0.0782

duc ·d−1
g

0.1038

0.0034

duc ·d−1
max

0.0633

0.0747

duc ·d−1
dom
guc ·G−1
guc ·g−1
max
guc ·g−1
dom

0.0954

0.0071

0.1089

0.0021

0.0606

0.0875

0.0172

0.0041

apb

0.0737

0.0371

BAL

–0.0891

0.0129

duc : Diameter at breast height under cork; guc : tree basal area under cork;
cw: crown width; dg : mean square diameter under cork; dmax : plot maximum diameter under cork; ddom : dominant diameter under cork; G: plot
basal area under cork; gmax : maximum basal area under cork; gdom : dominant basal area under cork; apb: area proportional to tree basal area; BAL:
mean basal area of the trees larger than ith tree where d j > di .
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calibration was proposed as an alternative approach to obtain
estimates for cork thickness. Figure 5 shows the results of the
calibration carried out in the ten plots of the calibration data
set, comparing diﬀerent sizes of sample for calibrating cork
thickness. These additional measurements were used to predict both random plot and plot × cork harvest components,
which were then added to the model.
Calibration tends to be more eﬃcient as subsample size increases, although only small diﬀerences exist between a fourtree sample and a larger one. Calibration using four trees lead
to modelling eﬃciencies (at plot level) between 0.15 and 0.60
(except for plot 57, not shown in the figure, where calibration
does not improve the use of the average population model).
The root mean square error obtained through a four-tree calibration ranges from 4.75 to 8.33 mm (except for plot 53, where
RMSE is over 10 mm).
Case study: application of the calibration approach
to estimate cork production
In the study area, cork weight at tree level has traditionally
been estimated using the model proposed by Montero [29],
where cork weight is given by the following expression:
w = 13.44 · sh · cbh

(11)

Where w is cork weight just after debarking (kg), sh is stripped
height (m) and cbh is circumference at breast height under
bark (m).
In this study we propose the use of the developed cork
thickness model to predict cork weight, using the following
expression:
w = cb · sh · cbh · cork density

Figure 3. Random plot eﬀect in relation to plot age.
−1
−1
−1
indices (duc · d−1
g , duc · ddom , guc · G , guc · gdom , apb) were significantly correlated at 0.01 level.
Only those covariates significantly correlated with random
components were evaluated for inclusion in the model in a
linear form. Several models including diﬀerent subsets of explanatory variables were evaluated in terms of −2 log likelihood ratio tests. Although the inclusion of tree level attributes
lead to significant likelihood improvements, it was finally decided that none of the models which considered explanatory
covariates would be used because, at best, the percentage of
explained variability was less than 2%.

3.3. Calibration
As none of the explanatory covariates were identified as
significant and useful in explaining cork thickness variability,

(12)

Where w, sh and cbh are as previously stated; cb is predicted
cork thickness (in mm) and cork density is referred to as the
relation between cork weight and volume, which has been calculated for the area at 420 kg/m3 .
Data from the ten calibration plots were used to estimate
cork weight using both expressions (11) and (12). Table VI
shows the relative error (13) in estimating cork weight attained using the Montero [29] approach (11), or using expression (12), calibrating cork thickness with diﬀerent subsample
sizes.


ŷ − y
(13)
Relative error (%) = 100
y
Where y and y represents estimated (from Eq. (11) or Eq. (12))
and observed plot cork weight respectively. Using the present
model, calibration using cork thickness data from only four
additional trees, leads to a relative error under 10% in eight
of the ten plots analysed, giving slightly better results than the
previous model, except for plots 53−55.
The proposed calibration approach also allows the estimation of cork weight from trees with a mean cork thickness
greater than 27 mm, which is considered the limit value for
the stopper industry. This was done by estimating cork weight
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Figure 4. Random plot eﬀect in relation to main climatic attributes.

at tree level which involved, along with the predicted random
plot and plot × cork harvest components, a stochastic tree level
component defined by a random realization from a normal distribution with mean zero and common plot variance given by
equation (10). For each plot we have computed 100 Monte
Carlo simulations, randomly assigning a stochastic component
for each tree in each simulation, and computing cork production destined for the stopper industry as the average value for
those 100 realizations. Figure 6 shows the relation between
observed and predicted cork weight per plot for the stopper
industry. The relative errors obtained in predicting cork for
the stopper industry ranges from 2−15% (except for plot 21,
where the model predicted 145 kg, while the observed cork
weight for the stopper industry was only 48 kg).
4. DISCUSSION
4.1. Identification of variables influencing
cork thickness
In this study, we evaluate the influence of diﬀerent variables on cork thickness in cork oak forests. For this purpose,
first we fitted a multilevel linear mixed model for predicting
average cork thickness, including random parameters acting
at plot, tree, plot × cork harvest and residual within-tree levels, and considering spatial covariance structure between trees
within the same plot. In a second step the explanatory covariates were identified by studying their possible correlation
with random eﬀects. The mixed model approach was proposed
by Vázquez [44] for modelling cork weight prediction and
for modelling the yield of other non-timber products, such as
stone pine cones [3] or cowberry production [23].

The largest part of non-explained variability (53%) is associated with tree eﬀect. Tree size, given by breast height diameter or section, and relative tree dimension indices, have a
positive correlation with random tree eﬀect. This positive correlation with size and competition indexes, might be related
to the fact that in Mediterranean ecosystems water use (availability and temporal variation) is more eﬃcient in larger individuals [24, 26]. Vázquez [44] obtained a similar result when
modelling cork weight prediction.
The results obtained indicate that unobservable tree factors, which remain constant from one cork harvest period to
the next, exert some influence over cork thickness. These factors can be related to microsite or genetics. It is known that
cork quality variability is high even under identical site conditions [7, 14, 18, 45], so results suggest a close relationship
between cork thickness and genetic aspects. The small correlation distance (< 5 m) detected among tree random components from the same plot may confirm the strong dependence
of cork thickness on genetic factors, as trees within a short distance of each other would more than likely belong to the same
parent tree or stump sprout. The predicted EBLUP’s for the
random tree component, specific to each tree, might be considered indices for selecting trees with the highest cork production once plot or period eﬀects have been accounted for,
indicating the utility of mixed models in genetic improvement
programs [22].
Sixteen percent of the non-explained variability is related to
between-plot variability. When representing random plot effect vs. age (Fig. 3) a slight trend can be identified as cork
thickness is greater in older stands. A similar trend was detected by Costa et al. [8] in their analysis of cork growth variability, in which they reported a slight trend of increasing cork
increments with tree diameter. In the other hand, Vieira [45]
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Figure 5. Modelling eﬃciency (MEF) and root mean square error (RMSE) for cork thickness estimation in calibration data set (10 plots), as a
function of the number of trees used in calibration.
Table VI. Relative error in estimating cork weight using the model by Montero (1987) and the model proposed in the present work comparing
diﬀerent subsample size for calibration.
PLOT

N

w

Montero (1987)

21

39

540

76.57%

53

19

633

–2.76%

54

13

450

–4.52%

55

14

354

56

18

57

12

58

Calibration sample size
2 trees

4 tress

6 trees

8 trees

10 trees

35.35%

29.36%

23.77%

22.05%

19.69%

18.43%

–15.14%

–11.63%

–9.31%

–6.20%

–5.35%

–5.06%

–15.15%

–12.58%

–8.14%

–5.77%

–4.29%

–3.71%

–5.66%

–17.80%

–15.19%

–11.34%

–9.69%

–8.59%

–7.99%

642

7.33%

–6.92%

–4.40%

–1.79%

0.21%

1.27%

2.09%

422

17.87%

–3.00%

–2.13%

–2.08%

–2.42%

–1.72%

–1.39%

33

821

4.41%

–7.87%

–4.93%

1.14%

3.36%

5.54%

6.73%

59

26

532

12.25%

–2.62%

–0.66%

4.01%

6.89%

6.97%

9.02%

60

40

683

7.89%

–7.77%

–3.55%

0.48%

0.75%

1.93%

2.83%

61

40

623

18.70%

1.25%

2.92%

5.89%

8.05%

8.20%

8.22%

All plots

254

5698

13.16%

–3.81%

–1.98%

0.76%

2.28%

2.99%

3.58%

w: Cork weight (kg/plot); N: number of trees per plot.

1 tree

310

M. Sánchez-González et al.

Figure 6. Observed versus predicted (using calibration from four trees per plot) cork weight for stopper industry in calibration plots.

and Figueroa [15] detected through a graphical assessment,
a significant decrease in cork thickness after tenth debarking.
Plots we analysed were mainly between 65 and 135 years old,
so most of the plots have still not reached the 10th debarking rotation. This could explain the fact that no significant decreasing correlation between plot age and random plot eﬀect
has been detected in our work.
We found no correlation between cork thickness and stand
density attributes. This result is in accordance with Cañellas
et al. [5] and Torres et al. [43], who reported that density does
not influence cork thickness, at least for the range of density
values in the data set used for those studies.
Cork thickness is related to site conditions, as stated
by Ferreira et al. [14], Corona et al. [7] and Montero
and Cañellas [32]. Despite this, the site index proposed by
Sánchez-González et al. [38] is not significantly correlated
with random plot eﬀects. Traditional site indices, using dominant height as an indicator of timber productivity, have shown
their validity in predicting growth and timber yield in Mediterranean species [1, 3, 33], but do not work so well when used to
estimate other productions, such as pine nuts, cork or resin,
which in Mediterranean ecosystems could constitute more
than 50% of the total annual biomass produced [2]. More
exhaustive site indices which include ecological factors are
needed for the species. Therefore, this line of research should
be considered a priority for future studies.
This lack of relationship between cork thickness and density or site index is directly related to the high variability found
in trees growing in the same neighbourhood and confirms the
result that most of the cork thickness variability is associated
with tree eﬀect. In that sense, it would be important to find an
indicator which permits the evaluation of cork thickness at tree
level prior to the establishment of the stand or in very young
plantations. For this purpose, isotopic fingerprints of soils and
vegetations have been used to find possible relationships between stable isotope measurements at natural abundance levels and the quality of the standing tree mass in Pinus pinaster
and Pinus sylvestris plantations [13], as well as in multiple

regression models to predict the site index variation in Pinus
radiata stands [19]. In future research, it would be interesting
to try this technique in order to evaluate future cork thickness
at tree level or to use soil isotopic signatures in process models
to predict cork thickness.
Previous studies concerning the influence of climate on
cork growth have concluded that the main climatic factors are:
summer drought [6], summer temperatures [6], spring precipitation [37] and autumn-winter precipitations [6,8,9,37]. However, in the present study, climatic attributes were not found
to be correlated with cork thickness. The result for the precipitation parameters can be explained by the fact that in the
study area, the annual precipitation varies between 1000 and
1400 mm (depending on altitude), whereas in the aforementioned studies, the areas under analysis receive a mean annual precipitation of around 600 mm. We must also take into
account that those studies related annual cork increments to
annual or monthly values of the climatic factors whilst our
study used mean values for climatic parameters at each debarking period. Possible eﬀects may have been lost through
using mean values.
The between-cork-harvest variability at plot level accounts
for 10% of total variability, indicating diﬀerences between
growth periods, at least at plot level, almost certainly related
to long-term climatic eﬀects like drought, such as that suﬀered
in Spain between 1993 and 1995. The between-cork-harvest
residual variance at tree level accounts for 21% of the total
non-explained variability. This could be related to abnormal
variations in debarking intensity, either because of prior debarking damages or as a result of years of conditions that make
cork extraction more diﬃcult, such as hot windy days or serious attacks of Lymantria dispar (among others) [31].
4.2. Calibration
None of the models which considered explanatory covariates were used because, at best the percentage of explained
variability, it was less than 2%. Nevertheless, by identifying
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the diﬀerent sources of variability it is possible to calibrate the
model for new locations using a small amount of cork thickness data (obtained using a cork calliper) from each plot.
When additional measurements from four trees per plot
were used for calibration, the modelling eﬃciency was over
30% in 7 of the 10 calibration plots analysed, indicating a
significant improvement over using an average cork thickness
value for the entire region. In any case, considering that plot
and plot × cork harvest levels jointly explain 26% of nonexplained variability in the fitting data set, it is unlikely that
the results obtained would be improved by including a larger
number of trees in the calibration subsample. With respect to
RMSE, calibration reduces it by more than 2 mm in 8 of the
calibration plots when compared to the original deviation from
the population average. These values are deemed as acceptable, taking into account the large within-plot variability in
cork thickness detected. In general, calibration at plot level
tends to be more eﬀective in those plots where average cork
thickness is largely deviated with respect to the average cork
thickness for the population.
The proposed four trees calibration approach could be useful in predicting cork weight, obtaining better predictions than
Montero’s model [29]. The main advantage of the proposed
approach compared to previously developed models is that together with cork weight, it is possible to estimate cork thickness, which is the variable that most aﬀects cork value. By
using Monte Carlo simulations to assign random components
for each tree within the plot it is possible to use the calibration
approach to classify total cork production at plot level. For example, trees with a mean cork thickness of less than 27 mm
would not be useful for the stopper industry.
5. CONCLUSIONS
The model developed help us to improve our knowledge of
cork thickness variability, identifying sources of non explained
variability and allowing us to identify further factors (at tree,
stand or period level), which need to be analysed for future
improvements to the model.
The model confirms the slight relationship between silviculture and cork thickness, and the probable dependence of
this variable on unobservable site factors not related with average climatic conditions.
Large variability in cork thickness is associated with unobservable tree attributes, probably to do with genetics or microsite rather than social status.
Prediction of random components using a small sample of
additional measurements converts the proposed model into a
useful tool for predicting cork thickness and weight, allowing
us to classify the cork with respect to its final use in the cork
industry. In that sense, calibration measuring cork thickness in
four trees per plot seems an interesting and low cost approach
when compared to previously developed models.
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