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A B S T R A C T

In this study, we used an extensive sampling network established in central Romania to develop tree height and
crown length models. Our analysis included more than 18,000 tree measurements from five different species.
Instead of building univariate models for each response variable, we employed a multivariate approach using
seemingly unrelated mixed-effects models. These models incorporated variables related to species mixture, tree
and stand size, competition, and stand structure. With the inclusion of additional variables in the multivariate
seemingly unrelated mixed-effects models, the accuracy of the height prediction models improved by over 10%
for all species, whereas the improvement in the crown length models was considerably smaller. Our findings
indicate that trees in mixed stands tend to have shorter heights but longer crowns than those in pure stands. We
also observed that trees in homogeneous stand structures have shorter crown lengths than those in heterogeneous
stands. By employing a multivariate mixed-effects modelling framework, we were able to perform cross-model
random-effect predictions, leading to a significant increase in accuracy when both responses were used to cali-
brate the model. In contrast, the improvement in accuracy was marginal when only height was used for cali-
bration. We demonstrate how multivariate mixed-effects models can be effectively used to develop multi-response
allometric models that can be easily calibrated with a limited number of observations while simultaneously
achieving better-aligned projections.
1. Introduction

Trees biomass accumulation depends, among other factors, on the
amount of photosynthetically active radiation intercepted (Stenberg
et al., 1994; Oliveira et al., 2024). The quantity of intercepted photo-
synthetically active radiation directly correlates with crown architecture,
which can be roughly estimated by measuring crown length and width
(Zhu et al., 2021). Throughout its life, a tree's crown architecture is
shaped by its interactions with surrounding trees and is strongly influ-
enced by its position within the stand's vertical structure (Lintunen and
Kaitaniemi, 2010). However, the current crown architecture reflects not
only the legacy of past competitive dynamics within the stand but also
serves as an indicator of the tree's future growth potential (M€akel€a and
Valentine, 2006; Pretzsch, 2021). Therefore crown architecture variables
are commonly used to predict tree growth because of their relevance to
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individual tree biomass accumulation (Weiskittel et al., 2011; Burkhart
and Tom�e, 2012).

Many of the individual tree growth models include crown charac-
teristics such as height to the crown base (HCB), tree crown length (CL)
(e.g., the difference between total tree height (H) and HCB), or crown
ratio (CR, calculated as the ratio between CL and H), in key equations
used for predicting tree growth and stand yield. For example, SILVA and
MOSES individual tree growth models (Pretzsch et al., 2002; Thurnher
et al., 2017) use CR to predict the diameter increment while in PROG-
NAUS model CR is used as a predictor of tree mortality (Monserud and
Sterba, 1999). The SORTIE-ND model utilizes CL, whereas the
ORGANON and Forest Vegetation Simulator Northeastern Variant
(FVS-NE) models predict HCB for use in their sub-models (Hann et al.,
2011; Sattler and LeMay 2011; Rijal et al., 2012).

Like those described above, crown characteristic models rely on H,
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among other variables, as a crucial predictor. Tree H is closely associated
with crown characteristics because it governs the degree of natural
pruning experienced by the trees. Typically, taller trees have longer
crowns due to their increased access to light, while suppressed trees tend
to have smaller crowns due to the shade cast by the taller trees. When tree
H is not measured directly, it is predicted by another univariate model
using variables such as diameter at breast height (DBH) and other stand
characteristics (Calama and Montero, 2004; Trincado et al., 2007; Yang
et al., 2022). This results in a cascade of predictions within the archi-
tecture of an individual tree growth model (Eq. 1), leading to strong
cross-equation correlations that can impact the model's behaviour
(Hasenauer et al., 1998).

H ¼ f1ðDBHÞ þ ϵ1
CL ¼ f2ðDBH; bHÞ þ ϵ2

⋮
Y ¼ fnðDBH; bH ; cCL;…; bXn�1Þ þ ϵn

(1)

where Y is the n-th variable predicted in the individual growth model, bX
represents the n�1 previously predicted variable, and ϵ is the error term.
The other variables have been explained earlier in the text.

Instead of developing n separate univariate models for each variable
in an individual growth model and using the predicted values as addi-
tional predictors, one could leverage the relationships between the var-
iables by employing a multivariate model. This approach allows for the
estimation of cross-model correlation of residual errors. Moreover, if the
data are organized hierarchically, the correlation between the random-
effects parameters of the models can be estimated, enabling cross-
model calibration when new observations become available.

A model of this nature could be developed using a multivariate
seemingly unrelated mixed-effects framework. The application of seem-
ingly unrelated regression (SUR), as introduced by Zellner (1962), has
been explored in forest science by Hasenauer et al. (1998), who simul-
taneously fitted a system of three equations: H, basal area, and CR. An
extension of SUR to hierarchical data was demonstrated by Lappi (1991),
Eerik€ainen (2009), and Bronisz and Meht€atalo (2020b), who developed
multivariate models involving H and tree volume, H and CR, as well as H
and tree biomass components, respectively. These approaches facilitated
the cross-calibration of tree volume, CR, and biomass components when
new H observations were available. It is important to highlight that the
models used in the aforementioned studies were linear. An application of
a multivariate nonlinear mixed-effects modelling framework was pre-
sented by Hall and Clutter (2004), who developed a trivariate three-level
model that simultaneously fitted three stand characteristics, dominant
height, basal area and the number of trees per hectare. This approach
provided more realistic predictions of current and future plot-level tim-
ber characteristics while preserving the inherently nonlinear relation-
ships between the response and predictor variables.

In line with this approach, our study aims to achieve two key objec-
tives. First, using a nonlinear multilevel multivariate mixed-effects
modelling framework, we seek to develop H and CL models tailored to
the Transylvania region for five economically significant species. Second,
using the same modelling framework we aim to estimate the cross-model
correlation of residual errors and random effects, enabling us to not only
calibrate the full multivariate model but also perform cross-calibration
between the models when new observations are available.

2. Methods

2.1. Location

In 2019, a collaboration was established between the Romanian Na-
tional Institute of Research and Development in Forestry “Marin Dr�acea”
- INCDS and the Local Public Forest Administration Kronstadt R.A.
(LPFAK). The primary objective of this partnership was to conduct a
comprehensive inventory of the 14,262.7 ha of forest administered by
2

LPFAK.
The focus was on monitoring the state of forest ecosystems and

capitalizing on the recreational, cultural, and historical ecosystem ser-
vices provided by urban and peri-urban forests. These forests are situated
in the surroundings of Braşov, a city historically known by its German
name, Kronstadt (meaning “City of the Crown”). The city is located in
central Romania in the southeastern part of the Transylvania region
(Fig. 1).

2.2. Forest inventory

The forests administered by LPFAK are divided into six production
units (PU) for administrative purposes, in accordance with Romanian
forest management planning regulations. For each of these PU, a sys-
tematic network of cluster units (CU) was designed to estimate the
standing volume with an accuracy of 10% at a 95% confidence interval. A
cluster sampling network was preferred due to its increased logistical
efficiency and the ability to yield a relatively large amount of data,
making it a common design choice, especially for large-scale forest in-
ventories (Badea and Patrascoiu, 1999; Badea, 2008; Tomppo et al.,
2010; Leca et al., 2023). The number and spacing of CU were determined
based on the variability of the stand volume as estimated in the man-
agement plans, the target accuracy, and the desired confidence interval
(Cochran, 1963; Giurgiu, 1968). The Romanian forest management sys-
tem is centralized, meaning that a uniform set of rules, practices, and
guidelines is applied to all forests across the country, regardless of
ownership. Forest management plans promote highly diverse forest
stands by implementing regeneration schemes that incorporate multiple
species. Rotation periods for most species exceed 100 years, reaching up
to 160 years for highly productive stands. Assisted natural regeneration is
the main method for reestablishing forests after harvest, leading to
structurally diverse stands due to the extended regeneration periods
ranging from 20 to 30 to as long as 60 years.

Due to the variation in altitude, species compositions, and stand age
distributions of each PU, the standing volume varied accordingly, influ-
encing the number of CU and the distance between them (Table 1).

Each CU is composed of two circular subplots (SP). The centre of each
SP is located 30m from the CU central location (Ciceu et al., 2021). If one
SP fell outside the forested area, only one SP was installed. The size of the
SP varies: for trees with a maximum diameter of less than 28 cm, the SP is
200 m2 (r ¼ 7.98 m); for trees with a larger maximum diameter, the SP is
500 m2 (r ¼ 12.62 m).

2.3. Data

In each SP, all trees with DBH greater than 8 cm were measured,
resulting in a total of 23,250 trees sampled belonging to 35 tree species.
Of these, 22,637 trees were measured for H and 20,045 trees were
measured for bothH and HCB. In the sampling protocol, HCBwas defined
as the vertical distance along the main stem of a tree from its base to the
lowest point where continuous live branches form the full crown. Tree
DBH measurements were taken using a tape band to the nearest mm,
while H measurements were conducted using the VERTEX IV hypsome-
ter. The main five species measured were European beech (Fagus sylvatica
L.), representing 48% of the measured trees, followed by Norway spruce
(Picea abies (L.) Karst.) and silver fir (Abies albaMill.) at 27.1% and 10%,
respectively. Sycamore maple (Acer pseudoplatanus L.) and European
hornbeam (Carpinus betulus L.) accounted for 5.4% and 5%. Except for
sessile oak (Quercus petraea (Matt.) Liebl.), all other species represented
less than 1% of the measurements. For our analysis, we excluded dead
trees, trees with a broken or dead top, double-stemmed trees, and leaning
trees, as these factors strongly bias H measurements. We focused exclu-
sively on European beech (BE), Norway spruce (SPR), silver fir (FIR),
sycamore maple (SYM), and European hornbeam (EH) as this selection
provided a substantial sample of H-DBH and CL-DBH measurement pairs
(Table 2).



Fig. 1. Study area. The grey-shaded region represents the territory of Romania, with the marker indicating the location of Braşov, where the six inventory networks
were established. A detailed view of the inventory networks is available in the KML file attached to the Supplementary Material of this article.

Table 1
Planned and established CU and SP, along with the distance between CU in each
PU.

PU Planned CU Distance between CU (m) Established

CU SP

I 90 400 77 142
II 73 750 72 144
III 79 700 72 139
IV 69 650 65 125
V 62 400 52 101
VI 75 350 69 132
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2.4. Simple multilevel H-DBH and CL models

In a preliminary analysis, not included in this paper, we found a
stronger cross-model correlation of residuals between the H-DBH and CL-
DBH models compared to HCB or CR models. Moreover, we observed a
more favourable distribution of residuals in the fitted CL models due to
the absence of an imposed asymptote, unlike the CR models. For this
reason, we chose to predict CL (the difference between H and HCB)
Table 2
Summary of DBH, H, and HCB measurements for the main five species in the study a

Species N DBH (cm)

min max mean sd min

BE 9430 8.0 115.7 23.8 14.8 3.1
SPR 4471 8.1 98.4 32.4 15.3 3.0
FIR 1818 8.0 106.8 30.7 20.6 3.2
SYM 1000 8.1 74.4 20.8 11.1 4.8
EH 949 8.0 68.8 16.6 7.5 4.1

3

simultaneously with H. For this purpose, we chose to test four widely
used two-parameter models known as: Curtis (1967) - Eq. 2, N€aslund
(1936), Schumacher (1939) - Eq. 4, and Wykoff et al. (1982) - Eq. 5. The
same equations were tested for predicting both the H and CL and their
formulations are

y ¼ bhþ a
�

DBH
1þ DBH

�b

(2)

y ¼ bhþ DBH2

½aþ expðb� DBHÞ�2 (3)

y ¼ bhþ a exp
� �b
DBH

�
(4)

y ¼ bhþ exp
�
aþ b

DBHþ 1

�
(5)

where a and b are the function's parameters, bh is the height at which the
tree diameter measurements were taken (1.3 m when predicting H and
rea.

H (m) HCB (m)

max mean sd min max mean sd

48.1 19.9 7.8 0.1 29.8 10.6 4.9
48.1 24.3 8.9 0.2 34.0 13.1 6.1
52.0 20.9 11.4 0.2 35.1 11.4 7.7
40.0 18.8 5.9 1.5 27.5 11.0 4.1
31.2 16.9 4.8 0.1 20.6 8.3 3.5
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0 when predicting CL), y is the response variable (H or CL in our case).
The 1.3 m constant is frequently applied to H-DBH models to ensure a
consistent representation of small trees, forcing the curve to pass and H
¼ 1.3 point when DBH¼ 0. However, this constraint also results in a zero
slope at that point, which is not a realistic assumption and imposes
limitations on the shape of the H curve. To improve the model while
maintaining logical behaviour, Siipilehto et al. (2023) proposed two
additional parameters that allow greater accuracy of the H-DBH curve
especially for small DBH. In our case, we did not specifically address this
issue, as our dataset included trees with DBH values of at least 8 cm andH
exceeding 1.3 m.

The models were fitted using nonlinear mixed-effects using the nlme
function of the 'nlme' package (R Core Team, 2022). Both parameters
were considered randomwith two levels of hierarchy: CU and SP for each
of the five species.

A nonlinear mixed-effect model with two levels of nesting can be
written as Pinheiro and Bates (2000).

yijk ¼ f
�
ϕijk ; vijk

�þ ϵijk ;
i ¼ 1;…;M; j ¼ 1;…;Mi; k ¼ 1;…; nij;

(6)

where yijk denotes the response variable, f is a response function that is
nonlinear in at least one component of ϕij, and vijk and ϕij are covariate
and group-specific parameter vectors, respectively. M represents the
number of first-level groups (in our case, CU),Mi is the number of second-
level groups within the i-th first-level group (in our case, SP), nij denotes
the number of observations in the j-th second-level group of the i-th first-
level group, and ϵijk is a normally distributed within-group error term.

To address heteroscedasticity in the residuals (ϵijk), var(ϵijk) was
modelled as a function of DBH while σ2 and δ were used as the scale and

shape parameters of a power-type variance function
�
varðϵijkÞ ¼

σ2DBH2δ
ijk

�
where k is a tree from SPj belonging to the i-th CU.

The parameter vector ϕij can be expressed as:

ϕijk ¼ Aijkβþ Bi;jkbi þ Bijkbij;
bi � Nð0;D1Þ;
bij � Nð0;D2Þ

(7)

where β is a vector of fixed-effects, Aijk is the fixed-effects design matrix,
Bi,jk and Bijk are the random-effects design matrices, whose sizes depend
on the group; bi are first-level random-effects with variance-covariance
matrix D1, bij are second-level random-effects with variance-covariance
matrix D2. Both random-effects vectors are independently distributed
and assumed to be independent of each other.

Two models were obtained for each species, one for H and one for CL.
The best-performing model was determined based on root mean squared
error (RMSE) and mean error (ME). RMSE and ME were computed for
both fixed-effects predictions and fixed and random-effects predictions. A
relative ranking score (Eq. 8) was calculated based on the goodness-of-fit
obtained from each evaluation statistic and prediction. The model with
the lowest combined rank across all evaluation statistics was further
developed and considered the best-performing model.

Rm ¼ 1þ ðn� 1ÞðSm � SminÞ
Smax � Smin

(8)

where Rm is the relative rank with m taking values between 1 and 4,
corresponding to the four functions tested, Sm represents the RMSE or ME
values obtained from fixed or fixed and random-effect predictions, and
Smin and Smax denote the minimum and maximum values of Sm.
2.5. Additional predictors

Additional predictors were tested to improve the applicability and
accuracy of the models. For the H-DBH model, the primary predictors
considered were stand-level predictors, including quadratic mean
4

diameter (Dg), number of trees per hectare (N), total basal area per
hectare (G) and dominant diameter (Ddom) calculated as the thickest
100 trees per hectare.

For the CL model, additional predictors were computed to model
competition effects at the tree level. We tested three distance-
independent competition indexes: the relative position index (RD - Eq.
9), the basal area of larger trees (BAL - Eq. 10), and a combined
competition index (BALMOD - Eq. 11) that integrates BAL with a modi-
fied version of the relative spacing index (RS - Eq. 12). To capture the
complex stand structure of Romanian forests, we also tested the Gini
index (Eq. 13) in our models. We calculated the Gini index based on the
DBH values of each SP and since is typically calculated from a complete
inventory, we included it exclusively in the CL model. The formulations
of the additional computed predictors are

RDijk ¼ DBHijk

Dgij
(9)

BALijk ¼ Gij � pijk (10)

BALMODijk ¼ 1� pijk
RSij

(11)

RSij ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
10000

	
Nij

q
Dgij

(12)

Giniij ¼
Pnij

k¼1

�
2k � nij � 1

�
DBHijkPnij

k¼1DBHijknij
(13)

where pijk represents the basal area percentile of the k-th tree in the j-th
SP within the i-th CU, and nij denotes the total number of observations in
that sampling plot. Detailed explanations of other notations are provided
earlier in the text.

2.6. Extended univariate models

Due to the significant computational time required for species with
extensive measurement datasets, fitting, testing, and comparing multi-
variate models proved to be challenging. Therefore, we decided to select
predictors based on the fit of univariate models. We tested various
combinations and transformations of the additional predictors. The
models were then compared based on the RMSE, ME, and estimated in-
formation loss, as determined by likelihood functions in the Akaike In-
formation Criterion (AIC) and conditional F-tests. We employed a
nonlinear mixed-effects framework to fit the extended models, using the
same statistical package as for the simple models. The same two levels of
grouping were specified: SP and CU. In all models, intercept parameters
were treated as random, and heteroscedasticity was accounted for.

Given that most SPs comprised multiple species, various variables
were computed to model species composition. A dummy variable
approach was used to code mixed SPs as 1 and others as 0, or to identify

dominant species as 1 and 0 otherwise. Species share per ha
�
Gspecies

G

�
and

the basal area of the species per ha (Gspecies) were tested as well as
additional predictors for both models.

2.7. Nonlinear multilevel seemingly unrelated mixed-effects models
(NSURME)

Seemingly unrelated regression is commonly used to model the in-
teractions among individual statistical relationships. When the data has a
hierarchical structure, it can be extended to mixed-effects models,
allowing for the estimation of random-effects correlation between these
individual relationships. A detailed display of multivariate linear mixed-
effects model formulation, fitting procedure and calibration is provided
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by Mehtatalo and Lappi (2020). The adaptation to nonlinear models is
discussed in the following sections.

Assuming we have a system of L individual nonlinear mixed-effects
models (Eq. 6), a multivariate seemingly unrelated mixed-effects model
system with two levels of grouping i and j, and pooled response of ij
grouping in the yij vector, can be written as follows:

yð1Þij ¼ f
�
ϕð1Þ

ij ; vð1Þij

�
þ ϵð1Þij

yð2Þij ¼ f
�
ϕð2Þ

ij ; vð2Þij

�
þ ϵð2Þij

⋮

yðLÞij ¼ f
�
ϕðLÞ

ij ; vðLÞij

�
þ ϵðLÞij

(14)

To fit a nonlinear multilevel seemingly unrelated mixed-effects
model, we formulated our model as a single-response model�
yij ¼

�
yð1Þ

0

ij ; yð2Þ
0

ij ;…; yðLÞ
0

ij

�0 �
. We created a single data matrix, stacking

the H and CL response variables and the corresponding predictors for
each sampling unit. The univariate matrix formulation for a multivariate
model can be written as

yij ¼

26666664
yð1Þij

yð2Þij

⋮
yðLÞi

37777775;ϕij ¼

26666664
ϕð1Þ

ij

ϕð2Þ
ij

⋮
ϕðLÞ

ij

37777775; vij ¼
26666664
vð1Þij 0 ⋯ 0

0 vð2Þij ⋯ 0

⋮ ⋮ ⋱ ⋮
0 0 ⋯ vðLÞij

37777775; ϵij ¼
26666664
ϵð1Þij

ϵð2Þij

⋮
ϵðLÞij

37777775
where ϕij was modelled as in Eq. 7 with the appropriate fixed-effects (Aij)
and random-effects design matrices (Bi,j, Bij) and their corresponding
random-effects vectors bi and bij. We specified response-specific random-
effects and different variances for each response. Similar to the simple
models the multilevel nonlinear seemingly unrelated mixed-effect
models were fitted using nonlinear mixed-effects using the nlme func-
tion of the 'nlme' package (R Core Team, 2022). An R script detailing the
model fitting procedure and data structure preparation is provided in the
Supplementary Material.

2.8. Calibrating the model when new observations are available

One of the main advantages of mixed-effects models is that the
random-effects can be predicted for a new plot if observations of the
response variable are available, otherwise, just the fixed-effects can be
used (Trincado et al., 2007; Bronisz and Meht€atalo, 2020a; Ciceu et al.,
2020).

In our study, we considered two scenarios to predict random-effects
which can occur in practice. The first scenario occurs when both
response variables’ observations are available in an inventory plot. For
such a case the random-effects prediction is based on the linear
approximation of yij ¼ Xijβ þ Zi,jbi þ Zijbij þ ϵij, where Xij, Zi,j and Zij
includes the partial derivatives of the nonlinear function with respect to
parameters β, bi and bij, respectively. For two levels of grouping if we pool
the two levels of random-effects we have

bi ¼
�
bi
bij

�
, Zi ¼

�
Zi;j Zij

�
.

For this situation where both of the response variables are available,
random-effects can be predicted using the best linear unbiased predictors
(BLUP) (Mehtatalo and Lappi, 2020):

bbi ¼ bDZT
i

�bRi þ Zi
bDZT

i

��1
h
yi � f ðvi; bβi ; bbi Þ þ Zi

bbii (15)

where bbi is a vector that aggregates all random-effects from the L indi-

vidual nonlinear mixed effects models and all levels of grouping. bD is the
variance-covariance matrix of these random-effects, including cross-
model variance-covariance estimates. The upper first block consists of
5

the variance at the first level of grouping ðcDi Þ. The subsequent blocks
contain the variance matrices for random-effects at the lower grouping

levels ðcDijÞ.cRi represents the cross-model variance-covariance of residual
errors, capturing the correlation between the residual errors of the two
individual models. The diagonal matrix includes σ2 estimates based on
the variance functions of the two individual nonlinear mixed effects
models. The calibration is implemented using a straightforward
nonlinear mixed effects calibration.

The second scenario considered was when onlyHmeasurements were
available in the inventory. In this case, if all fixed-effects covariates are
available for both individual mixed-effects models, cross-model random-
effects prediction is possible and recommended. In this case, the random-
effects are predicted based on the best linear predictor (Mehtatalo and
Lappi, 2020)

�bbi ¼ bC �ZT
i

��bRi þ �ZT
i
�bD �ZT

i

��1h
�yi � f ð�vi; �bβi ; �bbi Þ þ �Zi

�bbii (16)

where vector �yi contains only the observed responses, along with the

corresponding predictors �vi and fixed-effects parameters �bβi . The matrices

�Zi,
�bRi, and

�bD are constructed by removing the rows and columns corre-
sponding to the unobserved responses, in our case the CL, from the

corresponding matrices ( bZi , cRi and bD).
A detailed numerical example, including definitions of all terms and a

step-by-step guide for predicting the random-effects under the two sce-
narios, is provided in Supplementary Material Appendix A. This example
is accompanied by the R script implementation, which is also available in
the Supplementary Material.

Several studies have highlighted the importance of sampling strate-
gies in enhancing accuracy when predicting random-effects for new plots
(Bronisz and Meht€atalo, 2020a; Patrício et al., 2022; Ciceu et al., 2023).
Our study used the same plots for model fitting to evaluate various
sampling strategies. The number of plots used for calibration varied by
species due to differences in species abundance across the plots. For BE
and SPR, only plots with at least 10 trees of the same species were chosen,
while for FIR, plots with at least 8 were selected. For SYM and EH, plots
containing at least 6 trees were used.

In the first scenario, where observations for both response variables
were available, the CU observations were randomly divided into cali-
bration and validation datasets. In the second scenario, where only H
observations were available, a cross-model random-effects calibration
was performed. In this case, the calibration dataset was used to predict
the random-effects, while the validation dataset for CL included all trees
in the CU, including those trees with H measurements that have been
used for calibration. For calibration, 8 trees were used for BE and SPR, 6
trees for FIR, and 4 trees for SYM and EH. In the first scenario, the
remaining trees were allocated to the validation dataset. This process was
repeated ten times.

During each iteration, we evaluated three distinct sampling strategies
with varying numbers of sampled trees: 2, 4, 6, and 8 for BE and SPR; 2, 4,
and 6 for FIR; and 2 and 4 for SYM and EH. The first strategy involved
randomly selecting trees from the calibration dataset. The second strat-
egy focused on sampling trees from the extremes of the diameter distri-
bution, while the third targeted trees near Dg of the SP. The effectiveness
of each calibration strategy was assessed by averaging the RMSE statistic
across the ten iterations for each sampling strategy and number of
sampled trees.

3. Results

3.1. Simple H-DBH and CL model performance

All two-parameter models demonstrated similar performance, with
only minor differences (Supplementary Material Table B1). For the H
model prediction, the RMSE based on fixed and random-effects



Table 3
Fixed parameters corresponding to the H model for the main five species in the
study area.

Species Fixed Param. Term Estimate Std. Error

BE βð1Þ1 � Intercept �40.142 3.119
BE ln(Dg) 23.360 1.152
BE ln(Gspecies) 1.509 0.200
BE Ddom �0.189 0.029
BE βð1Þ2 � Intercept �3.005 2.528
BE ln(Dg) 5.791 0.641
BE

ffiffiffiffi
N

p �0.155 0.021
SPR βð1Þ1 � Intercept �3.624 3.407
SPR ln(Dg) 13.373 0.978
SPR βð1Þ2 � Intercept 39.737 2.339
SPR ln(N) �3.074 0.352
SPR

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Gspecies

G

r �3.320 0.732

FIR βð1Þ1 � Intercept �11.148 4.674
FIR ln(Dg) 15.391 1.329
FIR βð1Þ2 � Intercept �8.309 4.210
FIR ln(Gspecies) �0.713 0.177
FIR ln(Ddom) 7.559 1.109
SYM βð1Þ1 � Intercept �18.813 4.635
SYM ln(Dg) 13.989 1.395
SYM

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Gspecies

G

r
3.879 1.373

SYM βð1Þ2 � Intercept 8.318 1.596
SYM

ffiffiffiffip �0.135 0.030
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parameters varied between 1.7 m for SYM and 2.6 m for BE, while for the
CLmodel, the RMSE ranged from 1.5 m for SYM to 2.5 m for EH. Notably,
except for SYM, the RMSE based on fixed and random-effects predictions
was lower for the H model than for the CL model, indicating that the
random-effects explain a higher percentage of the variation in the H
model.

However, a different behaviour is observed when comparing the
RMSE of the H and CL models based on the fixed-effects parameters only.
In this case, for all species andmodels tested, the RMSE of the CLmodel is
lower than that of the H model. This suggests that the variation in CL is
lower than the variation in H and that DBH alone explains a large per-
centage of the variation in the CL model.

When investigating ME for the H model, ME based on fixed and
random-effects parameters varied between �2 and �33 cm. In contrast,
the ME based solely on the fixed-effects parameters varied between 8 and
1.06 m. For the CL model, the ME based on fixed and random-effects
ranged from �36 to 6 cm, whereas the ME based only on the fixed-
effects parameters ranged from �24 to 58 cm.

The relative rank sum showed that the Curtis model consistently
ranked first for all five species when predicting H. When predicting CL,
the N€aslund model performed better, consistently ranking on top for four
out of five species. Therefore, we decided to move forward with the two
models and used the Curtis model for H prediction and the N€aslund
model for CL prediction for all species.
N
SYM Ddom 0.106 0.025
EH βð1Þ1 � Intercept 7.434 7.004
EH ln(Dg) 6.159 2.201
EH

ln
�Gspecies

G

�
1.473 0.360

EH βð1Þ2 � Intercept 15.069 6.900
EH ln(Dg) �0.670 1.810
EH

ffiffiffiffi
N

p �0.185 0.054
3.2. Nonlinear multilevel seemingly unrelated mixed-effects model
formulation

We wrote the two functions as an univariate model using a dummy
variable approach (Eq. 17).

yijk ¼ S

"
1:3þ

�
βð1Þ1 þ bð11Þi þ bð12Þij

�� DBHijk

1þ DBHijk

�ðβð1Þ2 þbð13Þi þbð14Þij Þ
þ eð1Þijk

#
þ

ð1� SÞ
24 DBHijk�

βð2Þ3 þ bð21Þi þ bð22Þij

�
þ exp

�
βð2Þ4 þ bð23Þi þ bð24Þij

�
DBHijk

352

þeð2Þijk

(17)

where yijk represents either H or CL of tree k from SPj within CU i. The
variable S is a dummy variable that equals 1 if the response vector yijk isH

and 0 if it is CL. Parameters βð1Þ1 ;…; βð2Þ4 are the fixed-effects parameters
corresponding to the two responses.
3.3. Generalized H-DBH and CL seemingly unrelated mixed-effects models

Each parameter in Eq. 17 was modelled as a linear function of addi-
tional predictors, with the intercept included as a random-effect for both
SP and CU. However, convergence was not achieved for the SYM and EH
species when both intercepts were set as random-effects in the CL model.

As a result, only the intercept associated with βð2Þ3 was used. A strong
cross-model correlation of residual errors and random-effects was iden-
tified for all species varying between 0.462 for SPR to 0.677 for EH
(Supplementary Material Table C11). For the H model, the natural log-
arithm transformation of Dg emerged as the primary additional predictor
across most species (Table 3. The species mixture was modelled by

introducing Gspecies or Gspecies

G , into the function. Most parameters were
highly significant (p < 0.0001), except the parameter associated with
ln(Dg) for SYM species in the Hmodel, which had the lowest significance
level (p< 0.1). However, it was retained in themodel due to its biological
relevance and because removing it increased the ME of the fixed-effects
predictions.

Including additional predictors significantly enhanced the
6

performance of the NSURME model, particularly in predictions based
solely on the fixed part. When compared to the simple H-DBH univariate
model, incorporating these predictors in the NSURME H response
resulted in a substantial reduction in the RMSE: 13.4% for BE, 12.3% for
SPR, 10.6% for FIR, 13.5% for SYM, and 10.7% for EH.

Furthermore, the additional variables had an even more pronounced
effect on the ME statistic, resulting in considerable improvements: 95.6%
for BE, 92% for SPR, 66.7% for FIR, 81.5% for SYM, and 85.5% for EH.

In contrast, for the CL component of the NSURME model, incorpo-
rating additional variables did not enhance RMSE accuracy to the same
extent as the H component (Table 4). The improvements in RMSE were
more modest: 4.6% for BE, 1.3% for SPR, 3.5% for FIR, 3.1% for SYM,
and 3% for EH.

However, for the ME statistic, the additional predictors had a similar
impact as for the H response: 84.3% for BE, 49% for SPR, 51.4% for FIR,
93.7% for SYM, and 98.1% for EH.

3.4. Response curves

AllH and CLmodels except the CL model for FIR species include Dg as
a fixed-effect. Applying a logarithmic transformation to Dg in most cases
resulted in better performance than using raw values. Both H and the CL
increase with an increase in Dg (Fig. 2). For BE, minimal DBH values (less
than 9 cm) and high Dg result in a slightly smallerH than a lower Dg. This
behaviour is explained by the complex stand structures typical of many
Romanian forests. In stands with large Dg, trees in smaller diameter
classes often grow beneath the canopy, which slows down or even stops
their H growth. Conversely, with smaller Dg, the stand structure tends to
be more homogeneous, allowing for more rapid H growth due to
increased competition for light.

A similar pattern is observed with Ddom (Supplementary Material
Fig. B1). When the difference between Dg and Ddom is large, the H is
lower compared to when this difference is smaller, for the same DBH



Table 4
Fixed parameters corresponding to the CL model for the main five species in the
study area.

Species Fixed Param. Term Estimate Std. Error

BE βð2Þ3 � Intercept 0.789 � 10�1 0.369
BE ln(Dg) 0.672 0.117
BE Gini �1.081 0.352
BE βð2Þ4 � Intercept �0.498 0.794 � 10�1

BE ln(Dg) �0.324 0.234 � 10�1

BE Gspecies 0.124 � 10�2 0.376 � 10�3

BE BALMOD 0.150 � 10�1 0.134 � 10�2

SPR βð2Þ3 � Intercept 4.856 0.484
SPR ln(Dg) �0.392 0.151
SPR ln(Gspecies) 0.219 � 10�1 0.402 � 10�1

SPR Gini �1.516 0.604
SPR βð2Þ4 � Intercept �1.851 0.047
SPR BALMOD 0.957 � 10�2 0.167 � 10�2

SPR
ffiffiffiffi
G

p
0.197 � 10�1 0.649 � 10�2

FIR βð2Þ3 � βð2Þ3
3.403 0.113

FIR βð2Þ4 � Intercept �1.656 0.045
FIR

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
BALMOD

p
0.177 � 10�1 0.790 � 10�2

FIR ln(Gspecies) 0.220 � 10�1 0.930 � 10�2

FIR Gini �0.313 0.110
SYM βð2Þ3 � Intercept 0.688 0.479
SYM BAL 0.148 � 10�1 0.539 � 10�2

SYM Ddom 0.666 � 10�2 0.904 � 10�2

SYM
ffiffiffiffi
N

p
0.153 � 10�1 0.106 � 10�1

SYM βð2Þ4 � Intercept �1.177 0.060
SYM Dg �0.750 � 10�2 0.164 � 10�2

EH βð2Þ3 � Intercept 3.908 0.635
EH ln(Dg) �0.821 0.226
EH

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
BALMOD

p
0.918 � 10�1 0.110

EH βð2Þ4 � Intercept �1.522 0.037
EH

ln
�Gspecies

G

� �0.588 � 10�1 0.122 � 10�1
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value. Height increases with higher values of N (Supplementary Material
Fig. B2), which is consistent with the trees known biological behaviour.
In crowded stands, trees prioritize biomass allocation to H growth over
diameter growth, thereby enhancing their competitive ability to win a
better position in the canopy. Similar to H, CL increases with an increase
in Dg however the increase in SPR is limited while for BE and SYM the CL
Fig. 2. Tree height response to changes in Dg and the Gspecie
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variation explained by Dg is high (Supplementary Material Fig. B3).
Species mixture was modelled by incorporating Gspecies into the

model. Various formulations, including logarithmic and square root
transformations, performed better than using raw values. In all cases, H
of the species increased with an increase in Gspecies (Fig. 2).

In contrast, the CL model exhibits an opposite pattern. For the BE,
SPR, and FIR species, CL values decrease as Gspecies increases, whereas
they increase for EH (Supplementary Material Fig. B4). The tree-level
competition was modelled using the BALMOD variable (Fig. 3). In our
dataset, BALMOD values range from 0 to 10, where 0 represents no
competition and 10 indicates very high competition experienced by the
tree. As BALMOD increases, CL decreases. A similar trend is observed
with the BAL variable, where for the EH species, CL decreases as BAL
increases (Supplementary Material Fig. B5).

The Gini index was found to explain the variability CL for BE, SPR,
and FIR species (Fig. 3). As structural diversity, measured by the varia-
tion in DBH and represented by the Gini index, increases, so does CL.
3.5. Multivariate model calibration

3.5.1. When measurements from both response variables are available
Fifty CUs with either one or two SP were used to test the three

sampling strategies for BE and SPR, while twenty CUs were used for each
of the other three species. The three sampling strategies employed yiel-
ded similar results, with only marginal differences among them (Fig. 4).
No single strategy consistently outperformed the others, as each
demonstrated varying effectiveness depending on the model and species.
Notably, a calibration strategy that performed well for the H model did
not necessarily do so for the CL model. However, when evaluating how
often each calibration strategy outperformed the others across different
species and number of trees used in the calibration, a few patterns
emerged. For the BE species, the mean tree sampling strategy consistently
performed better for both the H and CL models. A similar trend was
observed for the FIR species when calibrating the H model. In contrast,
for the SPR species, sampling from the extremes was the best calibration
strategy for the H model, while random selection proved most effective
for the CL model. For the other species, no clear preference for any
calibration strategy was evident, as each performed equally well. Overall,
s stand variables, with all other variables held constant.



Fig. 3. Crown length response to changes in BALMOD and the Gini index, with all other variables held constant.

Fig. 4. Multivariate model performance calibrated assessed under three different calibration strategies, with varying number of trees. In this process, both H and CL
measurements were used to predict the random-effects for the H and CL models.
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it is clear that employing a calibration strategy generally increases model
accuracy more effectively than relying on a random selection of trees.

3.5.2. When only H measurements are available
In comparison to the scenario where observations for both response

variables are available, cross-model calibration yields only a marginal
improvement in the RMSE statistic for the CL model (Fig. 5). Although
the reduction in RMSE with cross-model calibration is substantially less
than that achieved when two CL observations were used for calibration,
there are still improvements in model performance. This suggests that
cross-model calibration can potentially improve the accuracy of CL
8

predictions relative to fixed-effects prediction and could serve as a
valuable alternative for refining CL estimates in the absence of direct CL
observations. Consistent with the first scenario, no definitive pattern
emerges among the three calibration strategies.

4. Discussion and conclusions

4.1. Simple model selection

Tree growth is typically modelled using explanatory variables that fall
into three main categories: tree size, competition, and site characteristics



Fig. 5. Crown length model performance cross-calibrated assessed under three different calibration strategies, with varying number of trees. In the calibration process,
only H measurements were used to predict the random-effects for the H and CL models.
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(Weiskittel et al., 2011). Both CL and H can be incorporated into these
models as part of the first two components, as they reflect the tree's
current size and its history of competition.

Therefore, accurate estimates of tree growth are closely tied to the
behaviour of H and CL models. Consistency and logical behaviour in
these models are essential for making reliable predictions.

Our study found that similar allometric formulations performed well
across multiple species, despite observing distinct allometric relation-
ships for H and CL. This is unusual, as most studies report different
allometric formulations for each species or dataset (Temesgen et al.,
2014; Meht€atalo et al., 2015). Many studies, though, fail to adopt a ho-
listic approach to comparingmodel performance, often focusing solely on
RMSE improvements. Our study, in contrast, assessed both ME and RMSE
for fixed and random-effects predictions. However, it is not uncommon to
apply a single model formulation across all species, prioritizing the ease
of parameter estimation, computation time, and transferability over ac-
curacy (Sharma and Parton, 2007).

We found that the Curtis model (Curtis, 1967) outperformed the other
two-parameter models tested for H. While Meht€atalo et al. (2015) noted
that no single model consistently performs best in all situations, they
observed that both the N€aslund (1936) and Curtis (1967) models pro-
vided satisfactory fits across various datasets. In contrast, Ciceu et al.
(2020) reported that the Wykoff model (Wykoff et al., 1982) performed
better for SPR in Romanian forests. However, their findings were based
on unmanaged, uneven-aged stands with a smaller sample size, which
may explain the differences in results.

For the CL model, we applied an exponential transformation to the b
parameter (see Eq. 3) (Mehtatalo and Kansanen, 2022), which out-
performed the classic formulation by N€aslund (1936) (results not
shown). Similarly, Lee et al. (2021) applied an exponential trans-
formation to both parameters to ensure positive values and logical
behaviour in their model.

We focused exclusively on two-parameter models, as our goal was to
extend these models by incorporating additional variables. Although
three-parameter models have been shown to perform better in some cases
(Huang et al., 1992), the difference in accuracy is relatively small.
Two-parameter models offer the advantage of achieving similar accuracy
with fewer parameters, resulting in a more parsimonious model.
4.2. Multivariate approach

We selected a mixed-effects approach to models H and CL due to the
hierarchical nature of our sampling design. Mixed-effects models are the
most frequent approach for modelling the H-DBH relationship (Ciceu
et al., 2023). While various algorithms (Skudnik and Jev�senak, 2022; Yu
et al., 2024) have demonstrated comparable overall accuracy, we
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favoured mixed-effects models for their ability to manage hierarchical
data structures and their straightforward calibration. Although H and CL
are commonly modelled using univariate models (Meht€atalo, 2005; Saud
et al., 2016; Bronisz and Meht€atalo, 2020a; Han et al., 2021; Li et al.,
2020), we emphasized on their inherent interrelation. Our multivariate
approach accounted for the residual correlation between H and CL,
revealing a strong correlation of residuals (ranging from 0.462 to 0.677),
which validated our decision to model these variables jointly. This pos-
itive residual correlation indicates that larger tree H are associated with
greater CL. For comparison, Bronisz and Meht€atalo (2020b) reported a
weaker residual correlation when jointly modelling tree H and biomass
components, with the highest correlation observed for stem biomass
component (r ¼ 0.256). In contrast, Lappi (1991) found a stronger cor-
relation between tree H and volume (r ¼ 0.795). Their research dem-
onstrates that higher H correlates with greater biomass and volume.

In line with our research topic, Zhou et al. (2022) used a model sys-
tem to estimate H, CL, and HCB simultaneously through nonlinear
seemingly unrelated regression, though without considering the hierar-
chical data structure. They ensured additive compatibility of CL and HCB
with H by fitting all three models simultaneously. Eerik€ainen (2009) on
the other hand, incorporated data structure in their multivariate seem-
ingly unrelated mixed-effects model for predicting H and CR, but opted
for a linear model. In contrast with these two studies, we chose a
nonlinear mixed-effects approach that incorporated the complex hierar-
chical structure of our data, enabling us to estimate cross-model ran-
dom-effect correlations.

We observed a strong cross-model random-effects correlation across
all species. This result is consistent with Bronisz and Meht€atalo (2020b),
who reported robust cross-model random-effects correlation, with co-
efficients reaching up to 0.952 for certain biomass components. Simi-
larly, Lappi (1991) found high correlations between the random-effects
of volume and H models, with a maximum coefficient of r ¼ 0.982. In
contrast, Eerik€ainen (2009) reported the highest correlation of r ¼
�0.826 between the random-effects of H and CR models. These strong
correlations facilitate cross-model calibration, reducing sampling effort
and enhancing model performance.

The observed residual error and random-effects correlation align with
expectations, as tree-size variables are biologically constrained to
maintain specific proportions for structural stability. These constraints
ensure proportional growth rates across different tree components,
resulting in strong allometric relationships that can be leveraged in
model development.

Additionally, modellingH and CL jointly addresses a common issue in
studies predicting crown characteristics, where H is often used as a
predictor (Sattler and LeMay 2011; Rijal et al., 2012). By fitting both
variables simultaneously through a multivariate approach, we preserve
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the logical relationship between H and CL, leading to consistent and
realistic CL estimates that remain lower than H for the same tree. This
joint modelling improves the accuracy of fixed-effect parameter esti-
mates and provides a more realistic prediction of both variables, rein-
forcing the importance of considering such strong correlations in growth
models.

4.3. Model behaviour

The study area is characterized by multi-species stands with a com-
plex structure, resulting from close-to-nature forest management prac-
tices in Romania. This aspect influenced many of our decisions regarding
the variables tested to model the variation in H and CL. We used only
stand-level predictors in the H model, which can be estimated using
angle-count sampling without a full stand inventory. This makes the H
model applicable in forest management applications, such as stand vol-
ume and biomass estimation. The most important variable for explaining
H variability was Dg, which is closely related to stand development.
Height and CL increase with an increase in Dg, reflecting a logical ageing
pattern. We avoided using dominant height as an additional predictor
because it is typically estimated based on stand age, which can be chal-
lenging to determine in naturally regenerated stands with long regen-
eration periods. Also, measuring dominant height by assessing the 100
thickest trees per hectare would require a large number of H measure-
ments. Instead, we found that calibrating the model with fewer H mea-
surements but using a targeted sampling strategy, is a more efficient
method for obtaining accurate H estimates.

We observed that the increase in H estimates in response to inter-
specific competition varied among species. Although a general trend
emerged where pure stands yielded higher H values compared to mixed
stands, the degree of H increase differed among species. For example, BE
exhibited clear increases in H, whereas SPR showed more modest gains,
yet all species demonstrated an overall increase. This variation in
response aligns with the findings of Forrester et al. (2017), who reported
smaller tree H in more diverse forests across multiple European ecosys-
tems. In pure stands, trees of the same species generally exhibit similar H
growth patterns, leading to increased competition for light. In mixed
stands, however, species allocate biomass to H growth at different stages
of development and in varying amounts, resulting in asynchronous H
increments. This asynchrony can benefit certain species, allowing them
to reach the top canopy more easily and then slow their H growth once
they achieve dominance. A similar pattern was observed with the Ddom
variable, where a wider diameter distribution correlated with lower H
estimates. This likely reflects the increased stand complexity typical of
uneven-aged or multilayered forests, where a few dominant trees secure
their place in the canopy and subsequently reduce their H growth earlier
compared with those in even-aged stands. Similarly, the Hmodel reports
higher estimates for stands with a greater number of trees compared to
those with fewer trees. This is expected, as denser stands exhibit
competition-driven acceleration in H increment.

The CL model displayed an opposite response to interspecific
competition compared to the H model. Except for EH, CL estimates for a
species increased as its share of basal area in the stand decreased. These
findings align with those reported by Hilmers et al. (2024), who observed
longer CL when BE immediate neighbours were Scots pine rather than
other BE trees. They attributed this to differing light requirements and H
increment strategies among species. Another factor could be the more
efficient use of vertical space. The CL model produced higher CL esti-
mates in stands with increased structural complexity compared to ho-
mogeneous stands. Although the Gini coefficient was calculated for DBH,
the variation in DBH also indicates variation in vertical structure, leading
to light being intercepted by a larger portion of the tree stem across
multiple species. The competition effect on CL was modelled using
BALMOD, which proved superior to both BAL and RD as competition
indices. Similar results were found by Kahriman et al. (2018), who re-
ported that BALMOD outperformed 18 other distance-dependent and
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distance-independent competition indices (including the ones tested
here) in predicting the diameter increment of Calabrian pine. The
strength of BALMOD lies in its formulation, which integrates aspects of
both BAL and RS, making it particularly effective for our study, which
involved data from a wide range of stand densities. Although we modi-
fied the original BALMOD formulation by Schr€oder and Gadow (1999) by
substituting dominant height with Dg for easier calculation, the model's
behaviour remained nearly equivalent due to the strong correlation be-
tween Dg and dominant height.

4.4. Model calibration

Utilizing a mixed-effects modelling approach enables users to cali-
brate the model by predicting random-effects for a new plot. Various
studies (Bronisz and Meht€atalo, 2020a; Patrício et al., 2022; Ciceu et al.,
2022; Siipilehto et al., 2023) have examined different sampling strategies
for random-effects calibration, which can generally be categorized into
two main types: size-driven calibrations, focusing on specific tree sizes,
such as those near the minimum, mean, or maximum DBH/H; and
probability-driven calibrations, which employ percentiles or quantiles, or
attempt to mirror the distribution of tree sizes within the sample (Ciceu
et al., 2023). There is ongoing debate regarding the most effective sam-
pling strategy, with studies reporting mixed results (Dorado et al., 2006;
G�omez-García et al., 2014; Hofiço et al., 2020; Ogana et al., 2020), pri-
marily due to the differences in the functions used for model fitting, as
well as variations in the data and variables involved. We examined two
common scenarios in forestry practice concerning the availability of new
observations for two response variables. Our results demonstrate that
when observations for both response variables are available, calibrating
the model - even with a limited number of observations - substantially
outperforms predictions based solely on fixed-effects. Furthermore, when
planning sampling efforts for calibration, strategies that involve sampling
trees close to the mean DBH or from the extremes of the DBH distribution
yield better results compared to random sampling.

In the second scenario, where only H measurements are available,
using cross-model random-effects predictions led to a marginal
improvement in CL estimates compared to predictions based solely on the
fixed-effects component. This modest enhancement is due to the reduced
variability explained by the random-effects in the CL model. This can be
also observed when calibrating the model with observations from both
response variables. While the fixed-effects account for a substantial
portion of the variation in CL, the random-effects contribute less to the
improvement in CL estimates compared to their impact on H. However,
this still leads to a 2% increase in accuracy for BE compared with the
fixed-effects prediction. Greater improvements could have been realized
if we had focused on modelling HCB alongside H. Our preliminary work
(results not shown) indicated that while fixed-effects alone resulted in a
poor model fit for HCB compared to the CL model, the random-effects
explained a larger portion of the variation. This approach led to an in-
crease in accuracy of approximately 12% by employing the cross-model
random-effects predictions. As we aimed for a maximal accuracy of the
model based on the fixed-effects we opted for predicting CL alongside H.

4.5. Potential future applications of NSURME in individual tree growth
modelling

Many DBH increment models developed based on the mixed-effects
modelling framework are challenging to calibrate due to the frequent
lack of direct DBH increment in new plots. While DBH increment data is
available in permanent plots - such as those used in monitoring networks
and national forest inventories - it is often missing in standard forest
management scenarios, where growth models project stand develop-
ment. Additionally, obtaining DBH increment measurements through
increment cores is impractical for large-scale applications.

To overcome this limitation, a promising approach is to jointly model
DBH increment, H, and CL. This multivariate approach enhances model



A. Ciceu et al. Forest Ecosystems 13 (2025) 100322
coherence and realism, leading to more accurate DBH increment esti-
mates. Moreover, it enables the cross-calibration of the DBH increment
model in new stands using easily measurable variables like H and CL,
making the model more flexible.

Adopting this approach makes it possible to develop a fully calibrated
individual-tree growth model, resulting in stand-specific predictions and
improved decision-making in forest management.
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