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Abstract: Accurate modeling of height–diameter (h–d) relationships is critical for forest
inventory and management, particularly in complex forest ecosystems such as natural
and pure Crimean juniper (Juniperus excelsa Bieb.) stands. This study evaluates both
traditional parametric and modern machine learning (ML) approaches to develop reliable
h–d models based on 2135 sample trees measured in southern Türkiye. The modeling
approaches include fixed-effects (FE), mixed-effects (ME), three quantile regression (QR)
models based on three, five, and nine quantile levels, and non-parametric ML methods:
shallow multilayer perceptron (S_MLP), extreme gradient boost (XGBoost), and random
forest (RF). According to the assessment metrics for the fitting and test datasets, the XGBoost
modeling approach achieved the most accurate performance. For the fitting dataset, it
achieved root mean square error values of 1.11 m and 1.21 m. For the test dataset, the
corresponding error values were 1.16 m and 1.24 m, resulting in the highest accuracy among
all models, closely followed by the RF and S_MLP models. A key practical advantage
of ML approaches is that they do not depend on calibration scenarios, meaning they can
operate without the need for preliminary parameter configuration. In contrast, the ME
model showed the highest accuracy among the parametric methods when calibration was
applied. In this case, when applying ME models, the study recommends calibrating the
model by measuring four randomly selected trees per plot to balance prediction accuracy
and field sampling effort.

Keywords: tree height; mixed-effects; quantile regression; shallow multilayer perceptron;
random forest; extreme gradient boost; calibration

1. Introduction
Juniperus is an economically and ecologically significant species in Türkiye, covering

1.6 million ha with a standing volume of 32.6 million m3 [1]. Juniper species are distributed
commonly in the Taurus Mountains. Six juniper species naturally grow in Türkiye; among
them, Crimean juniper (Juniperus excelsa Bieb.) is the most common and has great economic
potential. The most significant distribution area of the species worldwide is Türkiye.
Therefore, it offers several environmental benefits, including conserving biodiversity, water,
and soil resources. Additionally, it serves as a source of essential oils used in Türkiye’s
medical and cosmetics industries.
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Recently, Türkiye has adopted a novel approach to strengthen the multifunctional
role of forests by developing fundamental management strategies to expand the economic,
ecological, and social benefits from forests [2]. Growth and yield prediction models are an
integral component of this novel approach to create long-term plans for managing forest
ecosystems and enhancing their resilience to climate change.

Height–diameter (h–d) models are a key component of growth and yield prediction in
forestry. Traditionally, h–d models have relied solely on the diameter at breast height, which
was measured 1.3 m above the ground, as the predictor variable for estimating the total
height of all of the trees in an area. These models describe the relationship between total tree
height (h) and diameter at breast height (d, measured at 1.3 m above ground), which impact
forest stands [3], and are widely used in applications such as yield estimation [4,5], stand
structure analysis [6], site index determination and dominant height (H0) estimation [4,7],
and carbon budget modeling [8]. Moreover, h–d models are essential for understanding the
complex dynamics that define and influence forest stands [3]. Despite their importance,
data on the h–d relationship for Crimean juniper is limited, particularly in Türkiye. As
noted by Crecente-Campo et al. [9], measuring h is generally more difficult and costly than
measuring d.

Numerous h–d models have been developed for plantations and pure, even-aged
stands [10,11]. However, a single h–d equation is often inadequate across all stands, as the
h–d relationship varies between stands and even within the same stand over time [4]. The
conventional solution is to fit a local h–d model for each plot, which requires extensive
sampling and increases costs.

To address this, recent studies have explored alternative approaches, such as nonlinear
mixed-effects (ME) and quantile regression (QR) models. ME models have been widely
applied in h–d modeling efforts [3,12–23]. These models include fixed effects, representing
population-level trends, and random effects, which account for within-plot variability.
ME models are particularly effective at capturing spatial and temporal correlations by
specifying covariance structures during parameter estimation [14,20,24]. A key advan-
tage of ME models is their adaptability to local forest conditions. Random effects can
be predicted using tree- or stand-level covariates, combined with a small subsample of
measured heights and diameters [16,18,23,25]. Traditionally, basic or local h–d models
rely solely on diameter at breast height (1.3 m above ground) as a predictor. In contrast,
generalized models include additional stand-level variables such as site index, basal area,
dominant diameter (D0), stand age, and H0 [13,18,26]. Some studies have shown that ME
models can accurately capture h–d variability without incorporating additional stand-level
predictors [13,15,26–30]. Incorporating stand-level random effects in ME models allows
them to reflect variability among stands [31,32]. Moreover, calibrating existing ME models
requires significantly less sampling than building new basic models, while maintaining
comparable accuracy [19,33]. Thus, model calibration offers an efficient and cost-effective
means of achieving reliable h–d predictions [29].

QR, originally developed by Koenker and Bassett [34], offers a novel approach for
applications in forest inventory. This method evaluates the conditional distribution of
dependent variables, examining the influence of estimates across various quantiles. Unlike
mean regression estimators, which only consider the conditional mean or central effects
of the covariates, this approach provides a more comprehensive analysis. QR has been
effectively applied in forestry for tasks such as defining self-thinning boundaries [35,36],
modeling maximum crown width [37], and estimating insect infestation spread rates [38].
It has also been used in stem diameter modeling [39], tree h–d relationships [18,22,28,40–42],
and growth curve development [43]. These studies show that QR equations can model
h–d relationships across various quantiles. Similar to ME models, QR can achieve high
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prediction accuracy when calibrated. By applying dual QR methods with two h–d equations
from different quantiles, it is possible to construct a localized h–d equation that passes
through a specific point [18,41].

For parameter estimation of ME and QR models, calibration alternatives can be tested
by using different sampling patterns and varying sampling sizes within each sample plot.
The advantage of different sampling scenarios in the localization of non-linear ME h–d
models has been empirically explored in previous studies. Some studies [7,9] suggested
that it is better to choose calibration trees among the smallest trees in the sample plots.
In contrast, other studies [18] observed that the prediction performance of ME and QR
improved with increasing sample size, with significant improvements noted in evaluation
statistics for sample sizes of five or less trees.

Modeling the h–d relationship is challenging due to the biological variability of trees
across species and locations. In recent decades, machine learning (ML) methods have
emerged as effective, non-parametric alternatives to traditional regression models [44–49],
and are capable of capturing complex data patterns. Neural networks have been suc-
cessfully applied in various contexts, including Larch plantations using supervised back-
propagation [50] and multilayer networks outperforming nonlinear regression for Pinus
koraiensis in the Mengjiagang Forest Farm [51]. Karatepe et al. [52] found neural networks
superior to fixed- and mixed-effects models for Cedar height estimation, while Ogana and
Ercanli [53] also used artificial neural networks (ANNs) effectively in a tropical Nigerian
forest with 116 species. Other studies confirmed the superiority of ANNs over nonlinear
mixed-effects (NLME) models [54] and explored decision trees, random forests, support
vector machines [55], and deep learning for tree height estimation in urban forests [56].

Given the intense research interest in h–d relationships and the need for accurate, reli-
able h–d models, especially in light of the limited modeling studies on Crimean juniper and
considering that the potential of ML methods in this context remains underexplored, three
ML approaches were selected for investigation and comparison with the fixed-effects (FE),
ME, and QR parametric methods to develop robust h–d models. Namely, the regression-
based non-parametric shallow multilayer perceptron (S_MLP) ANNs, the extreme gradient
boost (XGBoost), and the random forest (RF) ML modeling approaches, were selected, on
one hand, due to their ability to capture nonlinearity among data, and on the other hand
these approaches can effectively handle moderate size datasets, both conditions frequently
faced in forest datasets. Furthermore, the selected algorithms bring distinct advantages
and limitations [57–60] due to their differing algorithmic foundations. These characteristics
allow the selection of the most appropriate model based on the structure and complexity of
the data at hand. In general, the S_MLP approach offers smoothness in the approximation
function, and it can effectively learn nonlinear relationships where complexity is present.
RF and XGBoost techniques are both considered robust in overfitting by incorporating
regularization. However, all approaches, some to a greater extent and some to a lesser
extent, require effort in their hyperparameters tuning.

The objectives of this study were as follows: 1. to investigate cutting-edge ML ap-
proaches, namely S_MLP, RF, and XGBoost, that leverage diverse algorithmic strategies
to develop high-precision h–d models for Juniperus excelsa (Crimean juniper) trees in the
Taurus mountains, 2. to develop models that rely on a minimal number of tree variables
that are easy to measure in the field, thereby enhancing their practical usefulness in forest
management, 3. to conduct a comparative analysis between ML and parametric regression
methodologies, 4. to calibrate ME and QR models using different sampling scenarios, and
5. to evaluate these scenarios in order to gain deeper insights into the effectiveness of each
modeling approach in predicting tree height.
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2. Materials and Methods
2.1. Data

To develop the h–d models, a total of 98 sample plots containing 2135 sample trees were
used. A portion of the sample plots used in this study were adopted from the earlier work
cited in [15], with data collection conducted before 2013. Additionally, in 2023, thirty-five
new sample plots were measured from natural juniper stands in the Isparta and Antalya
Regional Directorates of Forestry (Northwest Mediterranean Region) in order to update
the previously developed h–d models and to enable the results of the study to represent
a wider area. The distribution of sample sites in natural and pure (with more than 90%
juniper trees) even-aged juniper stands is shown in Figure 1.

 

Figure 1. Distribution of the natural juniper stands.

For the variability in the distribution of the species to be reflected, the sample sites
were taken from pure and natural juniper stands with different diameter, height, age, and
stand density. A subjective sampling approach was used for this purpose. There is no
difference in the data collection technique or sampling method applied between the two
data groups that were measured at different times.

The diameter at breast height (d, cm) for each tree was determined by averaging two
perpendicular measurements taken outside the bark at a height of 1.3 m above ground
level, using a digital caliper. Tree height measurements were recorded to the nearest 0.05 m
with a Laser-Tech TruPulse device (Laser Technology Inc., Centennial, CO, USA). H0 and
D0 were estimated as the mean height and mean diameter of the 100 largest diameter
trees per hectare, respectively. The quadratic mean (D g

)
and the basal area (G) per

hectare were derived by aggregating individual tree measurements within each sample

plot. Dg was calculated as Dg =
√

∑n
i=1 d2

i /n, while the G per hectare was calculated as

G =
(

∑n
i=1 πd2

i /4
)
·(10, 000/A), where di is the diameter at breast height, n is the total

number of trees in the plot, and A is the plot area. The above stand variables were estimated
at plot level. Plot size ranged from 165 to 3420 m2.

Data Division

Of the 98 available plots, 49 were randomly selected for model development, while
the remaining 49 were reserved for testing the fitted models. This initial division was
consistently applied across both parametric and ML approaches.
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For the ML models specifically, to ensure robust and accurate performance while
minimizing the risk of underfitting or overfitting, a 10-fold cross-validation procedure was
employed on the development (fitting) dataset. In this process, the fitting dataset was
repeatedly partitioned into training (90%) and validation (10%) subsets across 10 iterations,
as required by the 10-fold cross-validation methodology [61,62].

Based on commonly used h–d regression models in forest modeling research, nine
basic nonlinear h–d equations and five nonlinear generalized h–d models that have been
previously cited in the literature [19,22,23,63–66] were selected for this study. These model
forms (listed in Table 1) were treated as candidate models. Diameter at breast height was
used as dependent variable and the total tree height as the independent variable. The
models (Table 1) were fitted using the nonlinear least squares (NLS) method in statistical
analysis software (SAS 9.4) [67].

Table 1. Base and generalized models tested.

Model Equation No.

Power h = 1.3 + β1dβ2 (1)
Chapman-Richards h = 1.3 + β1(1 − exp(−β2 d))β3 (2)

Weibull h = 1.3 + β1
(
1 − exp

(
−β2 dβ3

))
(3)

Gompertz h = 1.3 + β1(exp(−β2 exp(−β3 d))) (4)
Logistic h = 1.3 + β1/(1 + β2 exp(−β3 d)) (5)

Exponential h = 1.3 + exp(β1 + β2 /(β3 + d)) (6)
Naslund h = 1.3 + (d/(β1 + β2 d))β3 (7)

Korf h = 1.3 + β1
(
exp

(
−β2 dβ3

))
(8)

Ratkowsky h = 1.3 + β1(exp(−β2 /(β3 + d))) (9)
Modified Chapman–Richards h = 1.3 + β1Hβ2

0 exp
(
−β3 Hβ4

0 exp
(
−β4 Dβ5

0 d
))

(10)

Mirkovich h = 1.3 +
(

β1 + β2 H0 − β3 Dg
)
exp(−β4/d) (11)

Sharma and Parton h = 1.3 + β1 H0β2
(

1 − exp
(
−β3(N/G)β4 d

))β5 (12)

Krumland and Wensel h = 1.3 + (H0 − 1.3)
(

exp
(

β1dβ2(H0−1.3)
)

/exp
(

β1Dβ2(H0−1.3)
0

))
(13)

Modified Gompertz h = 1.3 + β1 H0
β2exp

(
−β3 H0

β4exp
(
−β5 (D0)

β6 d
))

(14)

h is the tree height (m), d is the diameter at breast height (cm), Dg is quadratic mean diameter, G is basal area in
hectare, H0 is the dominant height, D0 is the dominant diameter, N is number of trees per hectare, and βi are the
estimated parameters.

Several criteria were used to evaluate the predictive performance of the tested base
models: mean absolute difference (MAD), root mean square error (RMSE), the Akaike
information criterion (AIC), and the fit index (FI), which is comparable to the coefficient
of determination (R2) statistic. These criteria provide a robust framework for model
comparison by considering both the goodness-of-fit and model complexity. This evaluation
ensures that the selected model not only fits the data well but also generalizes effectively
without overfitting.

2.2. Parametric Modeling
2.2.1. Fixed-Effects (FE) Model

In the preliminary analysis, nine basic and five generalized h–d models (Table 1) were
evaluated independently. The modified Gompertz (MG) and modified Chapman–Richards
(MCR) functions demonstrated the best performance among the generalized models. For
the basic models, the Gompertz function best fits the data used in the study. Consequently,
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the Gompertz model was selected for further analysis using QR and ME approaches and
can be expressed as follows:

hij = 1.3 + β1
(
exp

(
−β2 exp

(
−β3 dij

)))
+ εij (15)

where dij and hij are the diameter at 1.3 m above ground (cm) and total tree height (m)
of the jth tree in the ith plot, respectively, βi are the estimated parameters, and εij is the
random error.

2.2.2. Mixed-Effects (ME) Model

A ME modeling approach allows all parameters in Equation (15) to be expressed
either as fixed effects or as a combination of random and fixed effects. In matrix form, the
parameterization of Equation (15) using mixed effects can be represented as follows:

hi = f (b, ui, di) + εi (16)

where hi =
[
hi1, hi2, . . . , hini

]T , di =
[
di1, di2, di3, . . . , dini

]T , εi =
[
εi1, εi2, . . . , εini

]T , ui and
b are column vectors of random- and fixed-effects parameters, respectively, and ni is the
number of observed heights for plot i.

The assumptions made are as follows: εi ∼ N(0, R) and ui ∼ N(0, D), where if the εi

and ui are independent, R and D are diagonal matrices.
Estimating the fixed-effects and random-effects parameters in Equation (16) was

performed using the NLMIXED procedure, which fits nonlinear mixed models in the SAS
Software [67]. When a subsample of trees in plot is observed, the random parameters ui for
that plot can be estimated by utilizing the first-order Taylor series expansion [68]:

ûk+1
i = D̂ZT

i

(
ZiD̂ZT

i + R̂
)−1[

yi − f
(

b̂, ûk
i , di

)
+ Ziûk

i

]
(17)

where ûk
i is the estimation of random parameters for tree i at the kth iteration, D̂ and R̂

are estimated the variance-covariance matrix for ui, Zi =
∂ f (b, ui , di)

∂ui

∣∣∣
b̂,ûi

and the error term,

respectively, yi is the m × 1 vector of measured heights, and m is number of measured tree
heights used in localizing the height growth model.

To estimate ui, an iterative approach was required. Beginning with an initial value of
zero (û0

i = 0), Equation (17) was repeatedly adjusted until the absolute difference between
successive iterations fell below a predetermined tolerance threshold. This iterative process
resulted in the empirical best linear unbiased predictor (EBLUP) for the random effects.

Finally, to develop an ME model that includes random effects for each plot, a modified
form of Equation (15) was used.

2.2.3. Quantile Regression (QR)

The model specified in Equation (15) was employed to estimate the τth height quantile:

ŷτ

(
dij

)
= 1.3 + β1

(
exp

(
−β2 exp

(
−β3 dij

)))
(18)

where ŷτ

(
dij

)
is the estimated value of the τth quantile of tree height at diameter dij and all

other variables are the same as defined previously.
Parameter estimates for QR are obtained by minimizing the following function:

S = ∑
hij≥ŷτ(dij)

τ
[
hij − ŷτ

(
dij

)]
+ ∑

hij<ŷτ(dij)

(1 − τ)
[
ŷτ

(
dij

)
− hij

]
(19)
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The QR models were developed using the nonlinear programming (NLP) procedure
in SAS [65]. If a plot contains only one observed tree height (m = 1), the objective is to
generate two QR curves that closely approximate this observed tree height. If hij is covered
by the kth and (k + 1)th quantile regressions, i.e., ŷk

(
dij

)
≤ hij ≤ ŷk+1

(
dij

)
, a modified h–d

curve which passes along that point is created by interpolation:

ĥij = αŷk
(
dij

)
+ (1 − α)ŷk+1

(
dij

)
(20)

where α =
ŷk+1(dij)− hij

ŷk+1(dij)−ŷk(dij)
is the is the interpolation ratio.

If the observed tree height exceeds the highest (qth) QR curve, Equation (20) remains
applicable by redefining ŷk as ŷq−1 and ŷk+1 as ŷq. Essentially, this approach transitions
into extrapolation. Similarly, if the observed tree height is below the lowest (1st) QR curve,
ŷk and ŷk+1 in Equation (20) are adjusted to ŷ1 and ŷ2, respectively.

When two or more trees are measured in each plot (m ≥ 2), the mean difference
between predicted and measured tree heights was calculated for each QR curve. This mean
difference changed sign between two successive quantile regressions (kth and (k + 1)th). If
most tree height observations were below the lowest (1st) QR curve and the mean difference
was positive for all QR curves, ŷk and ŷk+1 in Equation (20) were defined as ŷ1 and ŷ2,
respectively. Conversely, if the mean difference was negative for all QR curves, ŷk and
ŷk+1 were defined as ŷq and ŷq−1, respectively. In both scenarios, the interpolation ratio

was determined to minimize ∑m
j=1

(
hij − ĥij

)2
, where ĥij is the tree height is estimated from

Equation (20). The calibrated responses were evaluated for different alternatives of height
sampling design and sampling size within each plot for the ME and QR models using
test data.

The QR models evaluated were based on three sets of quantile levels: 3QR (0.1, 0.5, and
0.9), 5QR (0.1, 0.3, 0.5, 0.7, and 0.9), and 9QR (ranging from 0.1 to 0.9 in increments of 0.1).

2.3. Machine Learning (ML) Modeling

Three ML non-parametric modeling approaches were utilized for reliable h–d model
construction: the S_MLP, the RF, and the XGBoost modeling approaches.

Each ML methodology requires the optimal training of the combination of its hy-
perparameters on which successful training relies on, while the loss function used for all
approaches was the estimate on and the prediction mean square errors. The constructed
models’ generalization abilities were determined through the mean error rate on the cross-
validation examples.

For the ML models, effective construction is initially based on the proper selection
of the input variables. In forestry, a priori knowledge of the problem at hand can lead to
the selection of ground-truth measurements, a practice frequently faced in geotechnical
engineering [69].

Two distinct groups of h–d ML models were developed. The first group did not account
for diameter variability between sample plots (S_MLP, RF, and XGBoost), while the second
group incorporated this variability as part of the input data (S_MLP_var, RF_var, and
XGBoost_var). To enable a fair and meaningful comparison with the parametric models, the
first group was designed to be directly comparable to the FE and QR models, which also do
not utilize diameter variability. Therefore, to develop h–d models that require minimal field
effort, the ML models of the first group were built using the diameter at breast height values
measured on trees in all plots as input variables, meaning that the diameter variability
between the k sample plots was not considered. The second group was built using the
diameter at breast height and the diameter variability, represented in the models by the
transformed input variable: (d k,i − sdk

)
/dk, where dk,i is the ith diameter at breast height
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value in the kth plot, sdk is the standard deviation of the diameter values in the kth plot, and
dk is the mean diameter value of trees measured in the kth plot. This additional transformed
variable has been tested and shown its ability to represent the variability of the diameter
between sample plots in past studies, as well [14].

ML regression-based techniques were implemented in Python (version 3.13.2) [70,71]
using the scikit-learn library [71].

2.3.1. Shallow Multilayer Perceptron (S_MLP) Modeling Approach

Building on key developments in neural network modeling [72–76], this study im-
plements a shallow multilayer perceptron (S_MLP) [72–77] with one or two hidden layers
(Figure A1) and nonlinear activation functions. Key hyperparameters included the regu-
larization term α (to control L2 penalty and prevent overfitting) and the learning rate (lr),
which was adaptively tuned based on training performance. Values for both α and lr were
explored in the range [0.0001, 0.01) with a step of 0.001.

Model structure variations included testing one and two hidden layers. For each
configuration, the number of neurons in the first hidden layer (x) ranged from 15 to 65
(step = 1), and the second hidden layer (when present) ranged from 8 to x (step = 5).
Activation functions tested for the hidden layers included the rectified linear unit (ReLU)
and the hyperbolic tangent (tanh) functions [78,79], whereas a linear function was used in
the output layer.

Optimization was carried out using the Adam solver (adam) [80,81]. It was selected
for its robustness across different ML models that use gradient-based optimization, such as
the S_MLP, with minimal hyperparameter tuning. Combining all hyperparameter ranges
and model structures resulted in 69,300 configurations evaluated per k = 10 fold during
model training.

2.3.2. Random Forest (RF) Modeling Approach

The RF algorithm [82–84] combines multiple decision trees by averaging their pre-
dictions, effectively reducing variance and overfitting while maintaining accuracy. In this
study, the bagging technique [85] was utilized. Its ability to create multiple datasets with
replacement (bootstrap samples) from the input data leads to a reduction in the risk of
overfitting and increased robustness (sensitivity to outliers) of the model. This is particu-
larly beneficial in h–d modeling, where the noise in the ground truth data can compromise
the model’s performance. In order for all the available information to be utilized by the
learning of the model, the size of the bootstrapped samples was kept equal to the fitting
dataset size (Figure A2).

To further reduce variance, each tree used a random subset of input features, in our
case, the diameter at breast height (d) or the transformed d, which included the plot variance
at each split, growing to a maximum depth set equal to 12 or until a stopping criterion
was met.

The key hyperparameters tuned include the number of estimators (n_estimators) and
the maximum depth of trees (max_depth). Values were explored in the range of 10–250
(step = 1) for n_estimators and 5–20 (step = 1) for max_depth, resulting in 3840 candidate
models. With 10-fold cross-validation, 38,400 fits were evaluated in total.

2.3.3. Extreme Gradient Boost (XGBoost) Modeling Approach

Like RF, XGBoost [57] is an ensemble method, but uses boosting rather than parallel
tree construction (Figure A2), building trees sequentially to correct previous residuals
(Figure A3).

Training begins with an initial prediction equal to the mean of the target variable. At
each iteration, residuals are computed and used to train the next tree, which attempts to
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minimize the remaining error. The predictions from each new tree are scaled by the learning
rate (lr) and added to the cumulative prediction. This process continues until a predefined
stopping criterion is met (Figure A3), allowing the model to improve its accuracy iteratively.
The objective function of the system has the following form:

k

∑
i=1

MSE(yi, ŷi) +
n

∑
j=1

reg
(

f j
)

(21)

where MSE is the mean square error loss function used and reg
(

f j
)

is the regularization
term of each estimator (decision tree).

Model complexity is controlled through a regularization term (Equation (21)), influ-
enced by several hyperparameters that require optimal tuning, which are the values of
the minimum loss reduction (gamma) required for splitting a node that in turn influence
the value of the parameter complexity (pc), the number of produced leaves (max_leaves),
and the regularization term (reg_lambda), which applied to weights. In addition, hyper-
parameters of the model that have to be tuned, as well as the number of decision trees
(n_estimators), the learning rate (lr), and the number of branches of each decision tree
(estimator) (max_depth). A comprehensive grid search over the defined hyperparameter
ranges resulted in 440,800 model fits per fold in the 10-fold cross-validation process.

2.4. Evaluation Metrics

The prediction performance of the FE, ME, and QR models, which were based on
3 QR, 5QR, and 9QR quantiles were compared using the criteria stated below. For this
purpose, while the parameters of both the ME and QR models were calibrated using
different sampling designs and size numbers of tree heights in each sample plot, the best
generalized h–d models and the basic Gompertz models were directly developed using
ordinary nonlinear least squares (ONLS) without calibration. The evaluation criteria were
used to evaluate the models were as follows:

MD =
∑n

i=1 ∑ni
j=1

(
hij − ĥij

)
∑n

i=1 ni
(22)

MAD =
∑n

i=1 ∑ni
j=1

∣∣∣hij − ĥij

∣∣∣
∑n

i=1 ni
(23)

RMSE =

√√√√∑n
i=1 ∑ni

j=1

(
hij − ĥij

)2

n
(24)

FI = 1 −
∑n

i=1 ∑ni
j=1

(
hij − ĥij

)2

∑n
i=1 ∑ni

j=1

(
hij − hi

)2 (25)

AIC = n ln(RMSE) + 2p (26)

BIC = n ln(RMSE) + pln n (27)

where MD is the mean difference, BIC is the Bayesian information criterion, n is the plots
count, p is number of estimated parameters, ni is the observations counted in ith plot, hi,
ĥij, and hij are the average value of observed heights and predicted and measured values
of tree height, respectively.

The evaluation metrics were used to compare the selected best-fitted models from each
modeling approach. The interest was not just in the models’ ability to accurately estimate
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the total tree height but also in their generalization ability to be assessed. The metrics
reflecting estimation performance were derived from the fitting dataset (49 plots), while
those assessing predictive performance were based on the test dataset (49 plots, different
from those of the fitting data set).

While the predicted tree values (ĥij) have been estimated with Equation (20) for the QR
models, the same values have been estimated by random parameters with Equation (16)
for the ME model.

For the ML models, the evaluation metrics used were those previously mentioned,
excluding AIC and BIC, which are based on likelihood functions and are therefore not ap-
plicable to models not fitted using likelihood-based methods. Instead, model performance
was assessed using cross-validation accuracy to evaluate predictive capability [86].

Finally, the Coverage Probability Accuracy (CPA) was calculated for the models that
demonstrated the best performance and highest generalization ability among all approaches.
CPA is used because it can effectively quantify uncertainty by measuring the accuracy of
the prediction intervals produced by the model [87].

2.5. Calibration Scenarios

At the subject-specific (sample plot) level, the prediction performance of the mixed-
effects model is dependent on the availability and the number of prior observations per plot.
Only population-averaged marginal predictions can be made using the fixed parameters if
no prior observation is available [12].

If a prediction for a new stand is required and prior information (i.e., a small sample of
trees with measured h and d) is available, the h–d curve can be calibrated to obtain a stand-
specific response. In this context, various alternatives have been proposed in the literature
regarding the optimal sample size of trees for such calibration [7,9,10,15,18,27,41,88].

To assess the relationship between the goodness-of-prediction and different sampling
strategies per plot, the test data were used. Considering the results of previous stud-
ies [10,13,15,18,19,21,27,41] on the same topic, eight different sampling strategies were
evaluated, each representing a different number and method of selecting tree height obser-
vations per plot for model calibration. The calibration strategies included: (i–v) measuring
the total heights of 1 to 5 randomly selected trees per plot; (vi) measuring the total heights
of the 5 largest trees in each plot; (vii) measuring the total heights of the 5 smallest trees
in each plot; and (viii) measuring a combination of the 3 largest and 2 smallest trees in
each plot.

3. Results
The relationship between total height and diameter at breast height for both the fitting

and test datasets is illustrated in Figure 2. The two datasets exhibit similar value ranges,
and total height displays a consistent pattern of variance across the d range. Notably, the
highest variance in height is observed among larger trees. Overall, the height–diameter
relationship can be characterized as nonlinear.

The fitting dataset includes measurements from 1060 trees across 49 sampling plots,
while the test dataset comprises 1075 trees from a different set of 49 plots. Descriptive
statistics of the fitting and test datasets are presented in Table 2. These statistics (Table 2)
confirm a similar dispersion of the values of the variables of the two data sets, which was
also observed graphically in Figure 2.
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Figure 2. Plot of tree height (h) against the diameter (d) for fitting and test datasets.

Table 2. Mean (mean), minimum (Min.), maximum (Max.), and standard deviation (S.D.) of the
measured variables for the fitting and test datasets.

Variable

Fitting Data Test Data

Mean Min. Max. S.D. Mean Min. Max. S.D.

Crimean Juniper
(1060 Trees in 49 Plots)

Crimean Juniper
(1075 Trees in 49 Plots)

d (cm) 21.14 4.00 80.00 11.42 21.13 4.00 77.00 11.60
h (m) 7.61 1.90 17.75 2.78 7.62 1.25 19.00 2.89
G (m2 ha−1) 28.26 10.39 53.68 8.63 30.48 6.60 62.90 13.16
N (trees ha−1) 937 303 2905 539.46 886 199 2161 376.59
H0 (m) 9.68 5.73 16.63 2.58 9.54 4.59 16.63 2.60
D0 (cm) 35.90 17.25 59.75 11.11 36.14 15.25 67.75 11.90
Size (m2) 1096.2 165 2200 537.7 968.8 210 3420 749.1
SI (m) 10.26 7.00 16.10 1.84 10.41 7.00 15.20 2.22

d is the diameter at breast height, h is the tree height, G is the basal area per hectare, N is the number of trees per
hectare, H0 is the dominant height, D0 is the dominant diameter, Size is the plot area, and SI is the site index.

3.1. Parametric Model Results

Table 3 presents the fit statistics for various combinations of random-effect parameters
applied to the Gompertz model.

Table 3. Fit statistics for various random parameter combinations for the Gompertz model.

Random Parameters AIC BIC

None 3972 3992
β1 3660 3670
β2 3778 3787
β3 3690 3699

β1 and β2 3599 3613
β1 and β3 3612 3625
β2 and β3 3636 3650

β1, β2 and β3 3579 3598
A bold number represents the combination that leads to the best statistic for Crimean juniper.
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Models showed in Table 3 with random effects associated with β1, β2, and β3 yielded
the smallest values of AIC and BIC amongst different combinations of ME parameters.
Therefore, the final model form for the ME model is as follows:

h = 1.3 + (β1 + u1)
(
exp

(
−(β2 + u2) exp

(
−(β3 + u3) ∗ dij

)))
+ εij (28)

where u1, u2, and u3 are random parameters.
Table 4 presents the estimated fixed parameters and corresponding variance compo-

nents for the two generalized models (MG and MCR), as well as for the FE and ME models,
along with the QR model at the 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9 quartiles, all based
on the basic Gompertz model.

Table 4. Estimated parameters for each parametric modeling method.

Type
Fixed Parameters Variance Components

β1 β2 β3 β4 β5 β6 σ2 σ2
u1

σ2
u2

σ2
u3

σ2
u1u2

σ2
u1u3

σ2
u2u3

FE 12.458 2.195 0.059 2.464
ME 11.006 1.895 0.063 1.368 9.889 0.396 0.001 −0.160 −0.071 0.012
MCR 1.902 0.772 0.269 −0.489 1.065
MG 1.176 0.933 0.634 0.520 0.394 −0.445
QR (τ)

0.1 8.177 2.822 0.080
0.2 11.209 2.441 0.057
0.3 11.058 2.376 0.062
0.4 11.936 2.412 0.062
0.5 12.430 2.307 0.061
0.6 13.012 2.242 0.061
0.7 13.688 2.149 0.058
0.8 15.304 1.990 0.050
0.9 16.911 1.914 0.049

σ2 denotes the residual variance; σ2
u1

, σ2
u2

, and σ2
u3

represent the variances of the random effects u1, u2, and
u3, respectively; and σ2

u1u2
, σ2

u1u3
, and σ2

u2u3
indicate the covariances between the corresponding pairs of

random effects.

The set of five QR curves, with τ varying between 0.1 and 0.9, is presented in Figure 3
with observed h–d measurements for the test data. Generally, the QR approach based on
various quantiles (3, 5, and 9) produced similar evaluation statistics for the fitting dataset.

Figure 3. Graphs of observed tree heights (gray dots) and curves generated by the QR based on five
quantiles (black lines) for the test data.
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3.2. Performance of ML Models

According to the S_MLP approach, the most accurate model to the ground truth
data was the model with the optimal combination of its hyperparameter values presented
in Table 5. Among the ReLU and tanh activation functions tested, the latter produced
the most reliable results in terms of the model’s generalization ability. Therefore, the
information from the input to the hidden layers of the models of Table 5 was transferred
by the hyperbolic tangent activation function, with the linear transfer function to be used
between the second hidden layer and the output layer (Figure A1).

Table 5. Optimal hyperparameters combination of the S_MPL modeling approach.

Best Combination
Range Step S_MLP:1-64-55-1 S_MLP_var:2-60-40-1

Hyperparameter (a) [0.0001–0.01) 0.001 0.0021 0.0081

Hyperparameter (lr) [0.0001–0.01) 0.001 0.0091 0.0031

Hidden layer 1 (x) [15–65) 1 64 60

Hidden layer 2 (y) [8–x) 5 55 40

The optimal configurations of the most accurate model included 13 and 11 estimators
(Figure A2) and a maximum depth (Figure A2) of five for both the RF and RF_var models,
respectively.

For the XGBoost approach, a grid search was also conducted using the range of values
listed in Table 6. The optimal combination of hyperparameters is also presented in Table 6.

Table 6. Optimal hyperparameters combination of the XGBoost modeling approach.

Best Combination
Range Step XGBoost XGBoost_var

gamma [0.01–0.03) 0.01 0.01 0.02

max_leaves [0–5) 1 0 0

reg_lambda [0.01–0.30) 0.01 0.26 0.26

n_estimators [10–200) 1 199 172

lr [0.01–0.03) 0.01 0.02 0.02

max_depth [1–5) 1 3 3

The ML models that best fit the fitting data were also used to predict total tree height
in the test dataset. Their estimations (for the fitting dataset) and predictions (for the test
dataset), along with comparisons to the observed tree heights and the corresponding
residuals, are presented in Figure 4. As seen in all cases (Figure 4), the 1:1 line (diagonal)
indicates adequate agreement between estimated or predicted and observed values in both
the fitting and the test datasets, in the sense of clustering of data points around the 1:1 line,
reflecting a generally good fit. However, a slight dispersion of points around the 1:1 line is
observed, which is typical when working with ground truth data, particularly at higher
value ranges. Despite this, the overall alignment with the line suggests that the models are
generally well-fitted across all cases.
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Figure 4. 45-degree line and residual plots for the fitting dataset (a,b,e,f,i,j,m,n,q,r,u,v) and for the
test dataset (c,d,g,h,k,l,o,p,s,t,w,x) for all ML constructed models.
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Moreover, the linear regression dashed line closely follows the 1:1 line, confirming
a strong correlation between the observed and estimated/predicted height values. The
graphical representation showing this strong correlation (Figure 4) was further confirmed
by the values of the correlation coefficient calculated between the observed and the estima-
tion/prediction heights. For the ML models that did not account for between-plot variance,
the correlation coefficients ranged from 0.897 to 0.902 for the fitting dataset and from 0.895
to 0.904 for the test dataset. In contrast, the ML models that incorporated between-plot
variance showed improved correlations, with coefficients ranging from 0.910 to 0.920 for
the fitting dataset and from 0.911 to 0.920 for the test dataset.

All residuals are fairly symmetrically distributed around zero, indicating no strong
systematic bias in estimations/predictions. Finally, the spread increases slightly on the test
data (Figure 4c,d,g,h,k,l,o,p,s,t,w,x), which is considered common and acceptable.

3.3. Models Evaluation

Table 7 presents the evaluation statistics for all modeling approaches explored and
evaluated without using calibration scenarios, based on the fitting dataset. The first part of
Table 7 refers to these constructed models that have not considered the diameter variability
among plots. The second part of the same table (Table 7) refers to those constructed models
that took into account the diameter variability between sample plots.

Table 7. Evaluation metrics for the FE, ME, and the three QR approaches built on 3QR, 5QR, and
9QR, accessed without calibration scenarios, for the fitting dataset.

Models MD MAD RMSE FI

Models that have not taken into account the variance between sample plots

FE 0.0008 1.1739 1.5699 0.6806
3QR 0.0850 0.9699 1.2978 0.7817
5QR 0.0671 0.9653 1.2899 0.7844
9QR 0.0438 0.9683 1.3031 0.7799

S_MLP −0.0364 0.9918 1.2317 0.8034
RF −0.0477 0.9747 1.2246 0.8056

XGBoost −0.0406 0.9595 1.2045 0.8119

Models that have taken into account the variance between sample plots

ME 0.0477 0.8513 1.1714 0.8232
MCR 0.0085 0.9770 1.3147 0.7770
MG −0.0030 0.9651 1.2991 0.7825

S_MLP_var −0.0446 0.9264 1.1546 0.8272
RF_var −0.0274 0.9031 1.1413 0.8312

XGBoost_var −0.0270 0.8933 1.1113 0.8399

According to the evaluation metric results (Table 7), the XGBoost modeling approach
achieved the best overall performance, producing the highest results for both cases, closely
followed by the RF and S_MLP approaches in terms of RMSE and FI. The poorest results are
obtained using the FE model for the case in which the variance between sample plots was
not taken into account. In contrast, for the second case, where the variance between sample
plots was considered, the ME modeling approach produced the next best fit. MCR and
MG produced the poorest predictive performance, respectively. Generally, a QR approach
based on various quantiles (3, 5, and 9) produced similar evaluation statistics for the fitting
dataset. Results exhibited that the 5QR was consistently better than the 3QR and 9QR
models for the fitting dataset. Although it provided decent MAD, RMSE, and FI values, it
also produced slightly higher MD values than the 9QR models.
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The constructed models are considered the best by all modeling approaches based on
the evaluation metrics used for deriving predictions on the test dataset, which introduces
new data to the models. Table 8 presents the evaluation statistics for the test dataset.

Table 8. Evaluation metrics for the modeling approaches (FE, S_MLP, RF, and XGBoost) predictions
to the test dataset, accessed without using calibration scenarios.

Models
Number of Sampled Trees = 0

MD MAD RMSE FI

FE 0.0253 1.2908 1.6888 0.6571
MCR 0.1514 0.9550 1.3052 0.7962
MG 0.1248 0.9595 1.3010 0.7977

S_MLP −0.1036 1.0405 1.2542 0.8109
RF −0.0977 1.0457 1.2894 0.8001

XGBoost −0.0595 1.0138 1.2408 0.8149
S_MLP_var −0.0777 0.9415 1.1851 0.8312

RF_var −0.0903 0.9608 1.1875 0.8305
XGBoost_var −0.0452 0.9483 1.1585 0.8387

Similar results’ trends were derived from predictions by the different modeling ap-
proaches (Table 8). The XGBoost modeling approach achieved the best prediction per-
formance, producing the most reliable and accurate results for both the XGBoost models,
whether with variance consideration or not. The RF and S_MLP approaches closely follow
it in terms of RMSE and FI. Compared to basic Gompertz model, generalized models im-
proved tree height prediction accuracy by reducing MD, MAD, and RMSE. This observed
improvement is caused by the inclusion of stand-specific variables for each plot.

The uncertainty associated with the models developed using the XGBoost modeling
approach (Table 6), which exhibited the best performance and highest generalization ability
among all approaches (Tables 7 and 8), was assessed using the CPA metric. This evaluation
was conducted for both the XGBoost and XGBoost_var models (Figure 5).

Figure 5. 95% prediction intervals plot for the (a) XGBoost and (b) XGBoost_var constructed models,
for the fitting dataset.

The CPA calculated values were found to be equal to 0.9500 and 0.9519 for the XGBoost
and XGBoost_var models, respectively. The CPA obtained values indicate that 95.1% and
95.2% of the observed values fall within the prediction intervals that both the XGBoost and
XGBoost_var models claim should capture 95% of future values, which reflects the accuracy
of the models’ uncertainty estimates.

3.4. Comparative Effectiveness of Calibration Schemes

According to the case of the different calibration alternatives explored, the results
obtained are given in Table 9. Considering the results of Table 9, the ME model performed



Forests 2025, 16, 972 17 of 27

better, consistently yielding to the best MAD, RMSE, and FI values. In parallel with the
increase in the number of trees used for localization, the prediction performance of both
methods also increased. The ME model produced better results than the QR approach based
on different quantile sets. Among the sampling design (largest, smallest, and mixture),
the best results were obtained from the mixture which includes the three largest and two
smallest trees in each plot.

Table 9. Evaluation metrics for the two modeling approaches (ME and QR based on 3QR, 5QR, and
9QR) for Crimean juniper using different calibration scenarios.

Number of
Trees for

Calibration

Modeling Approaches

ME
Quantile Regression

3QR 5QR 9QR

mean difference (MD)

1 −0.0565 −0.2337 −0.1936 −0.1978

2 −0.0279 −0.0298 −0.0210 −0.0283

3 −0.0530 −0.0115 −0.0272 −0.0209

4 −0.0670 −0.0022 −0.0407 −0.0396

5 0.0050 0.0914 0.0594 0.0506

Largest * 0.2913 0.6901 0.6747 0.6838

Smallest ** 0.0337 −0.4206 −0.3125 −0.3166

Mixture ** 0.1745 0.4801 0.4578 0.5344

mean absolute difference (MAD)

1 1.1248 1.2279 1.1800 1.1922

2 1.0114 1.1497 1.1297 1.1329

3 0.9644 1.1001 1.0840 1.0997

4 0.9128 1.0435 1.0273 1.0303

5 0.8915 1.0422 1.0267 1.0278

Largest * 0.9490 1.2295 1.1299 1.1379

Smallest ** 1.1114 1.2534 1.1844 1.1800

Mixture ** 0.9248 1.0918 1.0908 1.1113

fit index (FI)

1 0.7228 0.6352 0.6703 0.6630

2 0.7792 0.7087 0.7213 0.7190

3 0.7927 0.7273 0.7359 0.7283

4 0.8123 0.7551 0.7620 0.7519

5 0.8149 0.7606 0.7674 0.7648

Largest * 0.7925 0.7462 0.7461 0.7405

Smallest ** 0.7011 0.6167 0.6636 0.6685

Mixture ** 0.8086 0.7526 0.7508 0.7416
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Table 9. Cont.

Number of
Trees for

Calibration

Modeling Approaches

ME
Quantile Regression

3QR 5QR 9QR

root mean square error (RMSE)

1 1.5185 1.7421 1.6562 1.6743

2 1.3552 1.5568 1.5226 1.5289

3 1.3132 1.5063 1.4824 1.5043

4 1.2496 1.4275 1.4071 1.4133

5 1.2411 1.4113 1.3910 1.3989

Largest * 1.3139 1.4531 1.4532 1.4692

Smallest ** 1.5768 1.7557 1.6729 1.6605

Mixture *** 1.2618 1.4346 1.4399 1.4662
Bold numbers represent the best method for sampling efforts, and underlined numbers represent the best for the
evaluation criteria for Crimean juniper. * five largest trees in each plot; ** five smallest trees in each plot, and *** a
mixture of the three largest and two smallest trees in each plot.

4. Discussion
Accurate h–d models are vital in forestry, as total tree height is essential for estimating

many forest attributes, such as volume, biomass, site index, productivity, carbon storage,
and windthrow risk. Their practical value is high, mainly when based on easily obtained
stem measurements.

4.1. Parametric Modeling

According to the parametric modeling approaches utilized, the results obtained were
consistent with past studies. Many authors have reported that calibrating the ME model
significantly enhances the accuracy of tree height predictions [13,17,22,23,27,89]. Consistent
with the other studies [13,15,28], the mixed effects basic model produced better fit statistics
than the generalized h–d models. As indicated by Huang et al. [13], including plot-specific
random parameters in the basic models helps explain the effects of many known and
unknown factors related to plot-level variation to be accounted for without requiring that
they be identified or measured. This study showed that the ME basic model is sufficient to
explain stand-level variations for natural Crimean juniper in Türkiye.

According to the QR approach utilized, compared to the FE model, all three QR models
produced better MD and MAD values when for all calibration sizes (1 < m < 5). The results
exhibited that the 3QR was consistently worse than the 5QR and 9QR models. The five-QR
approach predicted tree height slightly better overall. As discussed by Bohora and Cao [90],
this could be the case of over-fitting in which the extra curves based on 0.3 and 0.7 quantiles
were ineffective and might cause a minor loss in terms of performance compared to the
simpler QR system.

Zang et al. [28] applied a generalized h–d model at the fifty percent quantile without
performing any calibration. In contrast, other studies have calibrated QR models using
a single observation, such as a measured diameter at a specific age [90] or a measured
stem diameter at a particular tree height [38]. As indicated by Xie et al. [41], determining
the appropriate number of the pre-measured subsample trees also appears to be essential,
directly affecting time and cost of the forest inventory. This study’s results showed that the
base equation’s prediction ability was improved by using a subset of tree height values for
each plot to calibrate the model. Earlier studies showed that an increase in sampling effort
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improves the ability of the models in terms of prediction [13,23,89]. The current research
showed that as the number of trees used for calibration of different modeling approaches
increased, the fit index values of the models used increased, while MAD and RMSE values
decreased. Considering the results obtained, it was concluded that four randomly selected
sample trees from each sample area would be sufficient for calibration, considering the
balance between increased prediction accuracy and sampling cost. Teshome et al. [23] used
3 trees, Calama and Montero [7] used 4 trees for calibration, Temesgen et al. [89] suggested
using between 1–15 trees for calibration, while Huang et al. [13] suggested using 6 or more
trees for calibration. Ciceu et al. [19] and Xie et al. [41] stated that selecting six trees from
each sample area would be sufficient to calibrate different modeling approaches. On the
other hand, Temesgen et al. [26] stated that three trees from each sample area would be
sufficient for calibration and that using more sample trees would not significantly affect
prediction performance. Finally, Sharma and Parton [91] stated that for model calibration in
general, considering the balance between the model’s estimation performance and the cost
of data collection, the use of trees ranging from four to nine trees would be appropriate.

To inform future height–diameter (h–d) modeling studies across different tree species,
a comparison of this study’s findings with previous research [9,12–19,26–29,53] shows
that accurate and reliable tree height predictions can be achieved using ME models, even
without incorporating additional stand-level variables such as H0, D0, number of trees (N),
and G. This holds true across diverse climatic conditions and forest structures. As a result,
the ME modeling technique has gained prominence in h–d modeling due to its ability to
effectively capture variation in tree height–diameter relationships across different forest
types, species compositions, and climate zones.

Because measuring tree height is often challenging and time-consuming, particularly
in tropical forests and areas with dense broad-leaved canopies where treetops are obscured,
h–d models serve as a practical alternative for estimating tree heights. According to this
study, the ME model outperformed the QR model in prediction accuracy. Furthermore, the
predictive performance of h–d models can be significantly enhanced by calibrating them
with prior information. However, when considering sampling costs such as labor and time,
measuring the heights of four or five trees per sample plot is sufficient to calibrate the
model effectively for both the ME and QR techniques.

4.2. ML Modeling

Since ML offers key advantages over traditional modeling, as it avoids assump-
tions, eliminates the need for statistical testing, and does not require calibration strate-
gies, we explored different ML approaches that are appropriate for the data’s size and
biological variability.

To ensure a fair and meaningful comparison between the ML models and the para-
metric models, two types of ML models were developed. The first type did not account
for diameter variability and was designed to be directly comparable to the FE and QR
models. The second type incorporated diameter variability among the k sample plots as
input information, making it comparable to the ME, MCR, and MG models, which also
utilize this variability. Following this approach, the results (Table 7) demonstrate that the
ML models outperformed under both conditions. Specifically, ML models showed superior
adaptability to the data regardless of whether or not diameter variability was included.
Notably, even the ML models that excluded diameter variability outperformed the MCR
and MG models that did include this information (Table 7). Furthermore, to ensure a
fair comparison across all modeling approaches, predictive performance was assessed
only under the condition that none of the models were calibrated (Table 8). It was further
observed that the ML constructed models, even when using only diameter at breast height
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as input, outperformed the ME models, which incorporated additional information across
all calibration scenarios (Tables 7 and 9).

Our results were in line with most of the current research outcomes. Zhang et al. [92]
highlighted the XGBoost algorithm’s superiority as compared to other ML algorithms along
with its effectiveness in large-scale forest height estimation, while Fisher et al. [93], dealing
with map timber harvest types and ages, suggested the use of XGBoost algorithm, which can
effectively work with light detection and ranging (LiDAR) metrics and forest harvest data
as model predictors. On the other hand, Fareed and Numata [94] evaluated different ML
approaches and concluded that the RF algorithm produced the most accurate above ground
biomass estimates for dense tropical canopy conditions, when tree height error correction
is applied. Furthermore, recent studies have shown that finding accurate and reliable
h–d relationships is challenging, requiring new and robust methodologies to be applied
for this task [49–55]. On the other hand, parametric, semi-parametric, and ML models
were tested [95] for h–d model construction and it was found that the semi-parametric
generalized additive model can provide the most accurate results. For this reason, further
research is required across a broader range of tree species and forest attributes for the
general performance and behavior of different machine learning algorithms to be explored.

4.3. Comparative Effectiveness of Modeling Approaches Used

Based on the results obtained, the XGBoost modeling approach, without applying
any calibration strategy, demonstrated the highest accuracy (Tables 7 and 9) and reliability
(Table 8) among the evaluated models. Specifically, the estimation RMSE values (Table 7)
produced by the XGBoost model were reduced by 23.3%, 8.4%, and 7.28% compared
to the FE, MCR, and MG models, respectively, and by 2.2% and 1.6% compared to the
S_MLP and RF models, respectively. Similarly, the XGBoost_var model, which accounts for
plot variability, achieved estimation RMSE reductions of 5.1%, 14.4%, 13.9%, and 14.7%
compared to the ME, 3QR, 5QR, and 9QR models, respectively, and reductions of 3.8% and
2.6% compared to the S_MLP_var and RF_var models.

A consistent trend was observed in the prediction RMSE values (Table 8), where the
XGBoost model again outperformed others, with reductions ranging from 26.5% to 1.1%
relative to the FE, MCR, MG, S_MLP, and RF models.

Taking into account the results derived by the ML approaches, whether they take into
account the variability among plots or not, they can work very well with moderate-sized
datasets, as the available dataset showed their flexibility along with their ability to handle
the inherent nonlinearities of the total tree height by producing adequate h–d models.
However, drawbacks are hidden behind each ML modeling technique, which has to be
taken into account in order to select the most appropriate for each different task. Although
it is not required for ensemble methodologies, feature scaling is used in all approaches
to apply a proper methodological approach to the problem. Furthermore, shallow MPL
is not as robust to overfit as the two ensemble methodologies are, while the ensemble
methodologies are of higher accuracy. Still, at the same time, they require more effort and
computational time for their numerous hyperparameter tunings.

Taking into account the complexity of each modeling system investigated, the re-
quirements that must be met either in terms of field or office work, and finally taking into
account the accuracy and reliability of the estimates and predictions it produced, as well
as the practical application of each modeling strategy, it seems that the XGBoost can be
considered as a valuable alternative to parametric modeling and a reliable technique as
compared to the rest of the ML modeling techniques explored for h–d model development.
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5. Conclusions
Reliable h–d model construction is fundamental in forest management practice, since

it can significantly help in forest productivity assessments, carbon accounting and sus-
tainable harvest planning and can effectively support forest growth and yield modeling.
Furthermore, the combination of accurate h–d models with Unmanned Aerial Vehicles and
LiDAR can enable forest monitoring and mapping, reducing field inventory efforts.

Parametric and non-parametric h–d models were developed for Juniperus excelsa
(Crimean juniper) using various advanced modeling techniques, including FE, ME, QR,
S_MLP, RF, and XGBoost.

Multiple calibration strategies were applied to parametric models, with the ME ap-
proach consistently outperforming others across all calibration sample sizes. Notably,
ME models achieved high predictive accuracy without requiring additional stand-level
covariates. The fifth quantile (5QR) model yielded the most precise predictions among
the QR approaches. Among the QR models tested, the 5QR model produced the highest
accuracy. Finally, expanding sample size localization from four to five trees had only a
negligible impact on the accuracy of estimations for Crimean juniper, supporting that
beyond a certain threshold, adding more sample trees does not significantly enhance the
predictive capability of the models.

Non-parametric ML models operate independently of calibration and distributional
assumptions and demonstrate strong potential in modeling the complex, nonlinear rela-
tionship between tree height and breast height diameter. Among these, XGBoost exhibited
superior predictive accuracy and reliability, outperforming S_MLP, RF, and all parametric
alternatives. Specifically, it reduced RMSE values by 23.3%, 8.4%, and 7.28% compared to
the FE, MCR, and MG models, respectively, and by 2.2% and 1.6% compared to the S_MLP
and RF models.

Given the comparative advantages in handling moderate-sized, nonlinear datasets,
which is a common scenario in forest modeling, XGBoost emerges as a robust and effective
tool for h–d model development, which is fundamental in forest management practice. That
is, the XGBoost approach can offer a reliable alternative to traditional parametric methods.
This approach is thought to be able to significantly help in forest productivity assessments,
carbon accounting, sustainable harvest planning, and effectively support forest growth
and yield modeling. Furthermore, combining accurate h–d models with Unmanned Aerial
Vehicles and LiDAR can significantly boost forest monitoring and mapping, reducing field
inventory efforts.
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Abbreviations
The following abbreviations are used in this manuscript:

3QR three QR (0.1, 0.5, and 0.9)
5QR five QR (0.1, 0.3, 0.5, 0.7, and 0.9)
9QR nine QR (0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9)
AIC Akaike information criterion
ANNs artificial neural networks
BIC Bayesian information criterion
CPA coverage probability accuracy
Dg quadratic mean
D0 dominant diameter
FE fixed-effects
FI fit index
G basal area per hectare
H0 dominant height
h–d height–diameter
L2 ridge regression
LiDAR light detection and ranging
MAD mean absolute difference
MCR modified Chapman–Richards
MD mean difference
ME mixed-effects
MG modified Gompertz
ML machine learning
NLME nonlinear mixed-effects
NLMIXED nonlinear mixed procedure in SAS
NLP nonlinear programming procedure in SAS
NLS nonlinear least squares
ONLS ordinary nonlinear least squares
QR quantile regression
ReLU rectified linear unit
RF random forest
RF_var RF model that has taken into account the variance between sample plots
RMSE root mean square error
S_MLP shallow multilayer perceptron
S_MLP_var S_MLP model that has taken into account the variance between sample plots
SAS statistical analysis software
tanh hyperbolic tangent function
XGBoost extreme gradient boost
XGBoost_var XGBoost model that has taken into account the variance between sample plots
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Appendix A

Figure A1. S_MLP architecture and learning procedure in each epoch.

Figure A2. RF architecture and learning procedure.

Figure A3. XGBoost sequential architecture and learning procedure.
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