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Abstract

Knowledge of the reduction in tree stem diameter with increasing height is considered
significant for reliable tree taper prediction. Tree taper modeling offers a comprehensive
framework that connects tree form to growth processes, enabling precise estimates of
volume and biomass. In this context, machine learning modeling approaches offer strong
potential for predicting difficult-to-measure field biometric variables, such as tree stem
diameters. Two promising machine learning approaches, temporal convolutional networks
(TCNs) and extreme gradient boosting (XGBoost), were evaluated for their ability to accu-
rately predict trees’ stem profiles, suggesting a powerful and safe strategy for predicting
tree stem sectional volume with minimal ground-truth measurements. The comparative
analysis of TCN- and XGBoost-constructed models showed their strong ability to capture
the taper trend of the trees. XGBoost proved particularly well adapted to the stem profile
of black pine (Pinus nigra) trees in the Karya forest of Mount Olympus, Greece, by summa-
rizing its spatial structure, substantially improving the accuracy of total stem volume up to
RMSE% equal to 3.71% and 7.94% of all ranges of the observed stem volume for the fitting
and test data sets. The same trend was followed for the 1 m sectional mean stem-volume
predictions. The tested machine learning methodologies provide a stable basis for robust
tree stem volume predictions, utilizing easily obtained field measurements.

Keywords: tree stem volume; autocorrelation; temporal convolutional networks; extreme
gradient boosting; black pine trees

1. Introduction
Considering the need for sustainable forest management, total tree stem volume can

serve as the quantitative basis for determining the timber that can be safely harvested from
the forest, as it provides the required accurate information for stand-level growing stock
estimation and prediction. Reliable total stem volume estimation and prediction are not
only crucial criteria for harvesting. Through this information, the growth and yield of forest
stands can be accurately predicted, enabling the assessment of carbon stocks and informed
long-term forest management planning [1].

Knowledge of tree stem sectional volume is fundamental in forestry, as it supports for-
est stand management strategies along with informed decision-making for wood utilization
in the forest-based industry. Accurate estimation and prediction of sectional stem volumes
require detailed information on the stem profile. Standard sectional volume equations
widely used in forestry, such as Huber’s and Smalian’s formulas [2,3], which are based on
multiple diameter measurements taken at closely spaced heights along the stem, require
time and resources. Consequently, a more efficient and commonly adopted approach for
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describing diameter variation with height—namely, modeling the stem profile—is the use
of taper functions, which are widely accepted in forestry research and practice [4,5].

Standard regression analysis is the most frequently used method for developing taper
functions. Since Demaerschalk introduced polynomial taper equations in 1972 [6], and
Max and Burkhart proposed segmented polynomial taper equations in 1976 [7], extensive
research has been conducted in this field. For instance, flexible and widely adopted global
variable-exponent taper equations were developed [8,9], and mixed-effects approaches were
applied to account for tree- and stand-level variability during model development [10–12].
Although these approaches have been widely used, regression model development faces
several challenges beyond the need to predefine a functional form. In particular, key statis-
tical assumptions—such as independence, homoscedasticity, and normality of residuals—
must be satisfied [13], which is often difficult with ground-truth forestry data. Violations
of these assumptions can result in unstable models with reduced accuracy. While mixed-
effects models are designed to address data correlation and heteroscedasticity [14], they
still require the modeler to specify an appropriate functional form, and their generalization
ability depends on the availability of calibration data [14,15].

Recently, substantial attention has been given to machine learning modeling ap-
proaches and algorithms. Owing to their nonparametric nature, these methods can address
limitations associated with traditional regression analysis and have therefore been widely
applied to modeling forest attributes at both stand and tree levels [16–19]. In taper mod-
eling, Nunes et al. [20] recommended artificial neural networks for predicting taper and
volume in complex tropical forest vegetation mosaics, outperforming six taper models from
the literature. Similarly, Özçelik et al. [21] compared fixed-effects, mixed-effects, three- and
five-quantile regression, and Levenberg–Marquardt artificial neural network approaches
for estimating diameters along the boles of Scots pine (Pinus sylvestris) trees, finding that
neural networks produced the most reliable results. Consistent with these findings, San-
doval and Acuña [22] reported that artificial neural networks outperformed conventional
taper functions in a study on Nothofagus trees. Subsequently, Ko et al. [23] compared
Kozak’s variable-exponent taper equation with several machine learning approaches for
estimating stem profiles of Mongolian Oak (Quercus mongolica) trees and concluded that
neural networks performed best. During the same period, Sağlam [24] compared seg-
mented and variable-exponent taper models with random forest and XGBoost approaches
and found that XGBoost effectively estimated stem profiles of Turkish pine (Pinus brutia)
trees. Additionally, Diamantopoulou et al. [25] evaluated random forest as an alternative
to ecoregional regression-based taper modeling and concluded that it produced highly
reliable models with robust prediction intervals, as confirmed by uncertainty assessments.
However, they also provided an extensive discussion of the algorithm’s limitations, which
should be carefully considered during the modeling process [25].

Diameter measurements collected along a tree stem form the basis for characterizing
stem profiles. Accurate estimation of these diameters enables calculation of sectional stem
volume using standard, well-established forestry formulas such as Smalian’s formula [2,26].
However, because diameters are measured sequentially at increasing heights, the resulting
data exhibit structural autocorrelation along the stem, which can complicate regression-
based analyses [27].

To address this limitation, machine learning approaches that do not rely on distribu-
tional assumptions or predefined functional forms have been developed. These include
sequential modeling algorithms such as recurrent neural networks (RNNs), temporal
convolutional networks (TCNs), and related architectures. Several forestry studies have
explored these methods. For example, Cywicka et al. [28] applied RNNs to model bark
thickness profiles along stems and showed their superiority over traditional taper-curve
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methods, while Luković et al. [29] successfully used recurrent networks to fill gaps in
high-frequency stem radius time series. More recently, Amir and Butt [30] applied four
advanced RNN models to predict plant sap flow from stem diameter data, demonstrating
improved predictive efficiency.

Although recurrent neural networks have received considerable attention, TCNs are
relatively new yet powerful tools for sequential data modeling and remain underutilized
in forestry research. For example, Pelletier et al. [31] applied TCNs to satellite image
time-series classification and found that they outperformed random forests and RNNs com-
monly used in forest and land-cover mapping. Similarly, Kantavichai and Turnblom [32]
demonstrated that TCN-based analysis of resistograph profiles can identify non-thrive trees
for wood density prediction, and Duan et al. [33] confirmed the utility of TCNs for fine-scale
forest classification. However, to date, no studies have investigated the application of TCNs
to stem taper modeling. In parallel, the XGBoost modeling approach has recently been
adopted in forest modeling because of its ability to capture nonlinear relationships and
feature interactions [23,34,35]. Although XGBoost is not explicitly designed for sequential
data, unlike TCNs, it is a robust gradient-boosted tree ensemble method that can reveal
temporal patterns and growth rates, offer interpretability, and provide valuable insights for
forestry management and ecological research [23,36,37].

This study had four main objectives: (a) to explore the nature of the primary stem
diameters data of black pine (Pinus nigra) trees in the Karya forest; (b) to evaluate the
capacity of two distinct machine learning modeling techniques, the TCN and the tree-based
ensemble methodology XGBoost, to accurately represent the stem profile of Pinus nigra trees
in the Karya forest of Mount Olympus, Greece; (c) to conduct a comparison between the two
approaches, taking into account the accuracy of the trees’ stem sectional volume predictions
that can be derived from the two machine learning modeling techniques; and finally (d) to
suggest a powerful yet safe strategy for accurately predicting tree stem sectional volume,
utilizing minimal ground-truth measurements.

2. Materials and Methods
2.1. Study Area and Ground-Truth Data

As the mythological home of the Greek gods, Mount Olympus, with a peak at 2917.73
m, is the highest mountain in Greece [38]. The region has a Mediterranean climate, charac-
terized by dry summers and wet winters. The Olympus National Park is one of the most
floristically rich areas of Greece, hosting approximately 1700 species and subspecies, about
25% of the country’s flora, within the evergreen broadleaf forest zone. Black pine (Pinus
nigra) trees are included in the evergreen broadleaf zone of the Mount.

The Karya Forest on Mount Olympus is situated at an elevation of approximately
1400 m and covers an area of 103.64 hectares [39]. This forest (Figure 1) represents the
region’s vegetation. It is worth noticing that hybrid fir (Abies borisii-regis) often forms
mixed stands with Pinus nigra trees in this area. In recent decades, under the management
practices applied by the Forest Service [39], which manages this area, hybrid fir has been
favored. This has resulted in the remaining Pinus nigra trees being older and more sparsely
distributed in the upper canopy [40]. In this direction, adaptive random sampling [41],
as the best alternative option to conventional designs when the sampled characteristics
are rare and spatially clustered [42], was used. Aiming to reduce over-representation and
correlation, the representative coverage of both individual trees and clusters of Pinus nigra
trees was assessed by measuring clusters at a reasonable distance from each other, relative
to the height of the dominant tree, with spacing between clusters at least 1.5 times the
dominant height of the cluster [40].
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Figure 1. Study area located in Karya Forest on Mount Olympus.

The measurements taken from the sample of standing tree stems included the stump
(d0.3) and breast height diameters (d1.3), measured at 0.3 and 1.3 m above ground, respec-
tively. Additionally, diameters at one-meter intervals from breast height to the top of
each tree were measured using the Spiegel Relaskope (Spiegel Relaskop®). The total stem
height (tht) was measured with a Forestry Pro laser hypsometer (Nikon Forestry Pro II,
Nikon Vision Co., Ltd., Tokyo, Japan), while the geographic position of each sampled
tree was determined using a GPS device (Garmin eTrex 32xTopo Active Europe, Garmin
International/Garmin Corporation, Kansas, MO, USA). To avoid errors caused by anoma-
lies often found in the lower part of the tree stem, two perpendicular over-bark diameter
measurements were taken at 0.3 and 1.3 m from the ground on the stem. The final values
of d0.3 and d1.3 diameters were the average of two perpendicular measurements at each
height. The final sample size used in the analysis included 4601 diameter measurements on
two hundred twenty-one trees, with several subsequent diameter measurements on each
tree, depending on each tree’s height.

2.2. Data Exploration

Initially, exploratory data analysis (EDA) [43] was used to understand the primary data
configuration by identifying possible patterns, relationships, missing data, and extreme
values. A very small percentage of missing values was detected, mainly due to poor
visibility of the stem beneath the crown. The process of filling these gaps was achieved
using the cascade correlation artificial neural network (CCANN) retrieval methodology
described by [44]. Extreme values were not detected in the sample, and only a small
percentage of values identified as outliers were retained to ensure that the population’s
maximum variability was represented.

Diameter measurements taken at different heights on the same tree stem (e.g., diameter
at height 0.3 m, 1.3 m, 2.3 m, etc.) are likely autocorrelated because of their spatial order. To
identify potential spatial autocorrelation, the autocorrelation function (ACF) [45], based on
the Wold representation theorem [46], was selected as a possible option. Since stationarity
is a key assumption in ACF analysis, the second-order (weak) stationarity of tree stem diam-
eter values was explored, as the tapering of the stem makes strict stationarity unreasonable.
For this reason, and to create a complete picture of possible stationarity, diagnostics such
as mean and variance profile plots, along with the augmented Dickey–Fuller (ADF) [47]
and the Kwiatkowski–Phillips–Schmidt–Shin (KPSS) [48] statistical tests, were performed,
respectively. The mean (Figure 2a) profile plot was produced by averaging the diameter at
each height across all trees, while the variance (Figure 2b) profile plot showed the diameter
variance at each height. Both figures (Figure 2) clearly showed a significant change in the
mean and variance across heights, indicating non-stationarity.
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Figure 2. (a) Mean and (b) variance diameter plots.

In the same direction, for both the ADF and KPSS tests applied to each tree separately,
the null hypothesis of stationarity was rejected in 86% of the trees, while in the remaining
14% the tests showed borderline or a trend of stationarity (significance level α = 0.05).

Given the non-stationary nature of diameters along the stem, as indicated by the
diagnostics above, the detrended diameter profiles were fit with splines (Figure 3) for each
tree to obtain stationary residuals, thereby isolating and removing local fluctuations from
the overall tapering pattern.

    

Figure 3. Indicative splines fit related to four (a–d) different tree diameter profiles.

The smoothing splines minimized the objective function:

∑
[
(di)− ∑

(
cj·Bj(hi)

)]2
+ s·

∫
[ f ′′ (h)]2dh, (1)

where di is the observed diameter at height hi, Bj(hi) is the B-spline basis function, cj are
the spline coefficients, s is the smoothing factor used, and f ′′(h) is the second derivative of
the spline function [∑

(
cj·Bj(hi)

)
], which penalizes curvature.

Indicatively, the fit of different smoothing splines related to four different tree diameter
profiles is shown in Figure 3. The cubic smoothing splines of Figure 3 represented the main
taper trend of the trees. In contrast, the derived residuals represented deviations from the
general trend due to the biological nature of tree growth.

ACF was applied to the detrended residuals for analyzing the diameter structure along
the stem. This approach was considered essential for understanding trends in diameter
growth, thereby improving the interpretability of the modeling approach to be used for
reliable diameter prediction along the stem.

Finally, the total tree stem volume was calculated using the widely recognized
Smalian’s segmented formula [2,3,26], applied to each 1 m stem segment. This formula uses
the cross-sectional areas at the two ends of a segment, without requiring a midpoint area
specification, along with the segment length, enabling minor errors per section, log scaling
practices, and sectional volume tables, which can be very useful in forestry operations.
However, Smalian’s formula tends to overestimate the volume of a neiloid log [49]. Consid-
ering its accepted accuracy by the forest community with the lowest formula complexity

https://doi.org/10.3390/f17010054

https://doi.org/10.3390/f17010054


Forests 2026, 17, 54 6 of 23

and the fact that Pinus nigra trees do not show a strong concave taper near the base as
buttressed trees and those with root flare [50], Smalian’s formula was selected for the
segmented stem volumes calculation.

2.3. Data Handling

To proceed with model construction, the available dataset was randomly divided into
a fitting set (approximately 90% of the total, comprising 4141 diameter measurements) and
a test set (the remaining 10%, consisting of 460 diameter measurements). Random numbers
were used for this purpose, and the split was applied to the trees rather than to their stem
diameters. In addition, the k-fold cross-validation methodology was applied to the fitting
data set with k = 10. In this way, the data was split into three distinct data sets: the training
data, used for model training; the validation data, used for model tuning and selection;
and the test data set, used for final model evaluation [51]. The division of the fitting data
set was performed using k = 10 cross-validation. The data usage flowchart for model fitting
and evaluation is shown in Figure 4.

Figure 4. Data division flowchart.

Following the above-described division of the available data set, the descriptive
statistics of the fitting and the test data sets are given in Table 1. Table 1 includes the
arithmetical mean, the standard error of the mean and the standard deviation of the
observed d0.3, and d1.3, both in cm, the total tree height (tht) in m, the total stem volume
(vtot) calculated as the summation of the segmented stem volumes by one-meter intervals
from stump to tip plus the volume of the top section with length < 1 m of the tree which
considered as a cone section and the segmented stem volumes by one-meter intervals from
stump to tip, all calculated by the Smalian’s formula in cubic meters.

The tree identification number, the height at location i on the standing tree stem
(hi), and the diameter measurement at height i (dhi) served as input variables for model
development. Total tree height field-measured data were utilized to verify the actual
number of diameter measurements collected for each stem, but were not included as a
separate input variable in the models’ construction. Instead, this information was indirectly
incorporated through the count of measured diameters per stem.
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Table 1. Descriptive statistics of tree attributes for the training and test datasets, including: stump
diameter (d0.3, cm), diameter at breast height (d1.3, cm), total tree height (tht, m), total stem volume
(vtot, m3), and segmented stem volumes by one-meter intervals from stump to tip.

Variable Mean Std. Error
of the Mean

Std.
Deviation Variable Mean Std. Error

of the Mean
Std.

Deviation

Fitting data set

d0.3 50.8080 1.3307 18.8186 v12.3–13.3 0.0513 0.0032 0.0439

d1.3 45.0015 1.2401 17.5370 v13.3–14.3 0.0457 0.0029 0.0392

tht 20.5825 0.3599 5.0893 v14.3–15.3 0.0392 0.0026 0.0346

vtot 1.5769 0.0905 1.2794 v15.3–16.3 0.0338 0.0023 0.0302

v0.3–1.3 0.2068 0.0102 0.1445 v16.3–17.3 0.0286 0.0021 0.0265

v1.3–2.3 0.1707 0.0088 0.1241 v17.3–18.3 0.0237 0.0018 0.0232

v2.3–3.3 0.1495 0.0078 0.1102 v18.3–19.3 0.0199 0.0017 0.0202

v3.3–4.3 0.1333 0.0070 0.0993 v19.3–20.3 0.0166 0.0015 0.0173

v4.3–5.3 0.1194 0.0065 0.0914 v20.3–21.3 0.0125 0.0014 0.0146

v5.3–6.3 0.1095 0.0061 0.0847 v21.3–22.3 0.0092 0.0012 0.0122

v6.3–7.3 0.0992 0.0057 0.0790 v22.3–23.3 0.0062 0.0010 0.0096

v7.3–8.3 0.0912 0.0053 0.0736 v23.3–24.3 0.0040 0.0009 0.0075

v8.3–9.3 0.0826 0.0049 0.0681 v24.3–25.3 0.0028 0.0008 0.0056

v9.3–10.3 0.0740 0.0046 0.0631 v25.3–26.3 0.0016 0.0006 0.0034

v10.3–11.3 0.0662 0.0042 0.0579 v26.3–27.3 0.0013 0.0006 0.0021

v11.3–12.3 0.0587 0.0037 0.0501 v27.3–28.3 0.0003 0.0002 0.0005

Test data set

d0.3 47.1636 4.0679 19.0802 v10.3–11.3 0.0596 0.0116 0.0518

d1.3 41.4364 3.8596 18.1029 v11.3–12.3 0.0525 0.0103 0.0463

tht 19.8955 1.1662 5.4698 v12.3–13.3 0.0457 0.0093 0.0417

vtot 1.3725 0.2565 1.2033 v13.3–14.3 0.0400 0.0085 0.0379

v0.3–1.3 0.1807 0.0287 0.1348 v14.3–15.3 0.0343 0.0077 0.0344

v1.3–2.3 0.1505 0.0251 0.1177 v15.3–16.3 0.0286 0.0069 0.0307

v2.3–3.3 0.1327 0.0226 0.1060 v16.3–17.3 0.0233 0.0059 0.0265

v3.3–4.3 0.1162 0.0203 0.0950 v17.3–18.3 0.0193 0.0052 0.0226

v4.3–5.3 0.1029 0.0183 0.0861 v18.3–19.3 0.0167 0.0048 0.0191

v5.3–6.3 0.1017 0.0175 0.0782 v19.3–20.3 0.0121 0.0039 0.0150

v6.3–7.3 0.0920 0.0166 0.0741 v20.3–21.3 0.0094 0.0035 0.0120

v7.3–8.3 0.0842 0.0158 0.0707 v21.3–22.3 0.0091 0.0032 0.0090

v8.3–9.3 0.0759 0.0147 0.0657 v22.3–23.3 0.0059 0.0022 0.0058

v9.3–10.3 0.0670 0.0130 0.0583 v23.3–24.3 0.0030 0.0012 0.0033

2.4. Temporal Convolutional Network (TCN) Modeling

TCN is designed to handle sequential data. It is built using multiple layers (convolu-
tional layers, where a kernel filter is applied) [52]. Lower layers can capture local patterns,
while higher layers can capture global temporal dependencies.
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Gradient descent with backpropagation is used during training to determine the
optimal values of the weights. The main characteristic of the system is its causality, meaning
that the model cannot see future values when predicting the current step, preventing data
leakage, unlike Convolutional Neural Networks (CNNs). At the same time, it can use
dilated convolutions, meaning it can use back-step data from far away from the current
step if desired. 1D causal convolution, with kernel = l, at step s is

d̂(s) = ∑l−1
i=1

[
wi·d(s−d f i)

]
, (2)

where d̂(s) denotes the predicted value at time step s, wi are the kernel weights, which are
optimized during training via gradient descent using backpropagation, d(s−d f i)

represent
the corresponding input values over the preceding time step s, and df (equals to one for a
1D convolution) is the dilation factor, which represents the spacing between kernels.

The error between prediction and observed diameter values is computed using the
partial derivatives of the mean square error (MSE) (loss function):

∂

(
1
n ·∑

n
i=1

(
di − d̂i

)2
)

∂wj
, (3)

where di is the observed value at step s, d̂i is the prediction at step s, wj are the kernel
weights which are learned during training using the gradient descent algorithm with
backpropagation, and n is the sample size. The weights were updated continuously over
many passes over the data set (epochs) using the learning rate (l) hyperparameter of
training until the model minimizes the loss function.

The most significant hyperparameters that affect the training of the TCN model are:
(a) the number of filters per layer (num_filters) which controls the dimensionality and
the capacity of the model to learn complex patters, (b) the kernel size (kernel) which
defines the width of the convolutional filter, (c) the learning rate (l) which controls the
optimal convergence of the training, (d) the batch_size (batch_size) which affects the
training stability and speed, and (e) the number of full pass through the entire training
dataset (epochs).

The activation function used in the intermediate stages was selected among the ex-
ploration of five options (ReLU, SELU, Tanh, Sigmoid and ELU), which are recognized
as effective in machine learning model building [53]. The training of the TCN model was
applied using Scikit-learn and Keras libraries, along with the Optuna optimization frame-
work, including a type of hyperparameters grid-search strategy in the Python language
(v3.13.11) [54,55].

2.5. Extreme Gradient Boosting (XGBoost) Modeling

The XGBoost scalable framework [56] sequentially trains multiple weak learners
(decision trees) and optimizes the prediction function by minimizing a regularized loss
function via a second-order Taylor approximation. Each decision tree predicts the residuals
derived from the previous learners, and the final prediction is derived by the summation of
all learners:

d̂i = lr· f1(di) + lr· f2(di) + . . . + lr· fT(di) (4)

where d̂i is the final diameter prediction, f1(di) is the residual derived by the initial predic-
tion from the learner (1), lr is the learning rate used, which controls each tree’s contribution
to the final diameter prediction, and T is the total number of sequential trees used.
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To prevent overfitting and complexity, the L2 regularization term on the weights,
which penalizes the squared coefficients, has been used.

Finally, the critical hyperparameters that required for the successful training of the
XGBoost model construction, include the number of boosting rounds (decision trees, ndt),
the learning rate (lr) which controls each tree’s contribution to the final prediction, the
number of branches which determine the depth of each tree (dmax), a parameter regulating
the splitting to child node (mcw) acting as an additional regularization parameter by
preventing too specific leaves, the reg_lambda regularization term, which adds an L2
penalty on the leaf weights of the decision trees, and the gamma (γ), which controls the
decision tree complexity along with its depth.

The tuning of the significant hyperparameters for XGBoost model training was imple-
mented using Optuna [55], along with early stopping to achieve the best possible training
efficiency. Under Optuna’s search strategy, Bayesian optimization (Tree-structured Parzen
Estimator) [57,58] was used, which can be thought of as an efficient search that learns from
past trials to select the following best parameter combinations.

2.6. Evaluation Metrics

The implementation of the evaluation metrics took place in two stages. First, both
constructed models (TCN and XGBoost) were evaluated for their global accuracy and
reliability in predicting diameters along the tree stem, so that their diameter predictions
could be safely used for further segmented tree stem volume predictions using Smalian’s
formula. Second, the global accuracy and reliability in predicting total stem volume were
assessed, along with the same metrics per volume segment, to examine how estimation
and prediction errors are distributed relative to the segmented stem volumes.

The evaluation metrics used were:

(a) The root mean square error (RMSE):

RMSE =

√
∑i=n

i=1 (yi − ŷi)
2

n
(5)

(b) The percentage root mean square error (RMSE%), expressed as the percentage error
of the observed values average:

RMSE% =

√
∑i=n

i=1 (yi−ŷi)
2

n
y

·100 (6)

(c) The correlation coefficient:

R =
∑i=n

i=1
[
(yi − ŷi)·

(
yi − ŷ

)]√
∑i=n

i=1

[
(yi − y)2

]
·
√

∑i=n
i=1

[(
yi − ŷ

)] (7)

(d) The average absolute error (AAE):

AAE =
∑i=n

i=1 |yi − ŷi|
n

(8)

(e) Relative (i) estimation/prediction and (ii) residuals plots

where yi is the observed (i) value of the output variable, ŷi is the i estima-
tion/prediction value of the output variable, ŷ is the average value of the estimated/predicted
values, y is the average value of the observed values and n is the related sample size.
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3. Results
3.1. Stem Diameter Modeling
3.1.1. Autocorrelation

Following the results of the diameters’ spatial autocorrelation analysis of Section 2.2,
which clearly showed the non-stationary nature of diameters along the tree stem, the
ACF was applied to the detrended residuals for analyzing the diameter structure along
the stem. Figure 5 shows the ACF plot for the overall pattern of fitting trees’ detrended
residuals per height lag. Although the degree of autocorrelation waviness differed among
individual trees, possibly reflecting differences in growth, branching, and biomechanical
stress responses, Figure 5 clearly reflects the overall mean trend of all trees.

Figure 5. Autocorrelation mean trend of fitting trees’ detrended residuals per height lag.

The most significant trend-related correlation was observed at lag 1, while the au-
tocorrelation at the following lags was generally small within the 95% confidence band
(Figure 5). For higher lags (above lag 17), the autocorrelation values were around zero
(Figure 5). The overall values configuration reflected the way trees respond to mechanical
stress and remain structurally stable. After removing the main taper trend (Figure 3), the
autocorrelation configuration of the stem diameter residuals within each height interval
showed that the stem diameter irregularities exhibited weak linear autocorrelation across
height intervals, indicating short-range structured variation. However, autocorrelation
functions, such as ACF, are limited to measuring linear, second-order relationships and
do not capture nonlinear, higher-order, or context-dependent spatial patterns. Further-
more, individual trees exhibited distinct patterns of residuals, likely reflecting variations
in growth history and branching. Therefore, the stem should be considered a spatially
ordered biological structure in which local deviations are hierarchically integrated along
the stem.

3.1.2. Machine Learning Modeling

The optimal hyperparameters tuning for both machine learning approaches was
assessed using Optuna’s Bayesian optimization framework. The optimal combinations of
all hyperparameters for the TCN and XGBoost models are shown in Table 2.
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Table 2. Optimal hyperparameter values combination for both the machine learning models.

Hyperparameters for the TCN Model

num_filters kernel dilation_rate learning_rate batch_size epochs

range [64–128] [1–5] 1 [0.001–0.1] [16–64] [30–100]

step 8 1 1 0.0001 8 5

optimal
value 128 2 1 0.0036 16 80

Hyperparameters for the XGBoost Model

ndt lr dmax mcw reg_lambda γ

range [100–200] [0.10–0.30] [1–6] [0–2] [0–5] [0–5]

step 5 0.01 1 1 0.01 0.01

optimal
value 185 0.28 5 1 1.44 0.11

Each hyperparameter for both modeling approaches was evaluated across predefined
value ranges with specified steps. Furthermore, for the TCN model, ReLU was selected as
the activation function based on its superior performance.

The evaluation metrics for the machine learning models in Table 2, both on the fitting
and test data sets, are presented in Table 3. The mean errors ranged from 1.265 to 1.0371
for the fitting data set, corresponding to 5.09% to 4.18% of the mean stem diameter values
for both the TCN and XGBoost models, which are quite small and acceptable for both
modeling approaches (Table 3).

Table 3. Evaluation metrics for the machine learning modeling approaches, for the fitting and the test
data sets.

Fitting Data Set

models RMSE, cm RMSE% R AAE, cm

TCN 1.2650 5.0930 0.9968 0.8819

XGBoost 1.0371 4.1757 0.9978 0.7526

Test Data Set

TCN 1.8672 7.9404 0.9936 1.2681

XGBoost 1.4836 6.3091 0.9952 1.0204

In the same direction, the mean errors derived from both the constructed models
ranged from 1.87 to 1.48 for the test data set unseen by the models, indicating higher errors
of 2.01% and 2.13% of the mean stem diameter values for the TCN and XGBoost models,
respectively (Table 3). These results indicate that both models demonstrate acceptable
generalization performance.

The performance scatter plots of both modeling approaches (estimations to a known
data set (fitting) and predictions to a different data set (test)) versus the observed diameter
values at different stem heights, along with the corresponding residuals, are shown in
Figure 6.
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Figure 6. Scatter plots of estimations (a,e) and predictions (c,g) versus the observed diameter values,
and the corresponding residuals (b,d,f,h) for the TCN (a–d) and the XGBoost (e–h) models.

As can be seen (Figure 6), both TCN and XGBoost models’ estimations (Figure 6a,e)
and predictions (Figure 6c,g) align closely to the 45-degree line, indicating a strong adap-
tation to the fitting data and strong generalization ability according to the test data set.
However, deviations are observed without any visible trend or significant heteroscedastic-
ity, indicating very good model performance, with higher performance for the XGBoost
model. According to the residual plots of the TCN (Figure 6b,d) and XGBoost (Figure 6f,h)
models, both show random scatter around zero with no obvious structures or outliers.

XGBoost constructed model appears to outperform in estimating and predicting
diameters along the tree stem, achieving the highest performance with consistent results
across both small and large diameters. Indicatively, the performance of the XGBoost model
in accurately predicting stem diameters at different growth stages for four trees in the test
dataset is shown in Figure 7. The XGBoost model’s predicted diameters performed better
near the ground, while small errors were observed in predicting middle and upper-stem
diameters (Figure 7). Since the largest diameters and, consequently, the most significant
proportion of merchantable wood are located near the ground rather than in the upper
stem, the discrepancies observed in middle and upper-stem diameter predictions are not
considered significant.

    

Figure 7. Predicted stem diameters from the XGBoost model for four test-set trees (a–d) differing in
total height.
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Overall, the stem diameter estimation and prediction errors (Table 3) obtained from
the XGBoost model (Table 2) indicate that the model performs adequately, supporting its
suitability as an accurate and reliable tool for predicting stem diameters in standing trees.

3.2. Total and Segmented Stem Volume Prediction

The machine learning models presented in Table 2 were applied to generate stem
diameter estimates and predictions, which were then used to compute total and segmented
stem volumes. Observed stem volumes were calculated using Smalian’s formula based
on measured stem diameters. Subsequently, the same formula was applied to predict total
and 1 m segment volumes using the models’ estimated and predicted stem diameters.

Figure 8 presents the predicted total stem volume versus the observed total stem
volume across different observed total tree stem volume ranges for the fitting and test
data sets. According to the first range defined by observed total stem volume < 1.0 m3

(Figure 8a), the RMSE% was 4.10% and 3.71% of the mean observed stem volume for the
volume predictions based on the TCN and XGBoost models, respectively. For the second
class, corresponding to observed volumes in the range [1.0, 2.0) m3 (Figure 8b), the RMSE%
was 2.64% and 2.01% of the mean observed stem volume for the volume predictions based
on the TCN and the XGBoost models, respectively. A similar pattern has been observed for
the fourth class, corresponding to observed volumes in the range [3.0, 6.0) m3 (Figure 8d),
where the XGBoost model’s use, produced results that also clearly outperformed, producing
a RMSE% value of 1.81%. However, for the third class ([2.0, 3.0) m3; Figure 8c), the XGBoost-
based diameter predictions did not yield the highest accuracy. Within this volume range of
the fitting data set, the RMSE% was 1.47% with TCN-estimated diameters, compared to
1.74% with XGBoost-estimated diameters, which is a slightly higher value.

  

  
Figure 8. Cont.

https://doi.org/10.3390/f17010054

https://doi.org/10.3390/f17010054


Forests 2026, 17, 54 14 of 23

Figure 8. Plots of estimated (a–d) and predicted (e,f) total stem volumes versus the observed total
stem volumes for different volume ranges.

Using the XGBoost-generated diameters also resulted in better agreement with the
test data set (Figure 8e,f) for both evaluated volume classes (<1.0 m3 and [1.0–4.3) m3). The
RMSE% values obtained with the TCN model were 9.53% and 6.94% for these respective
classes (Figure 8e,f), whereas the corresponding values for the XGBoost model were 7.94%
and 3.73%.

The evaluation metrics for total stem volume predictions using both machine learning-
constructed models (Table 2) across different total stem volume ranges are presented in
Table 4.

Table 4. Evaluation metrics for the total stem volume predictions using both machine learning
constructed models, in different ranges, for the fitting and the test data sets.

Models

TCN XGBoost

RMSE, m3 R AAE, m3 RMSE, m3 R AAE, m3

range, m3 Fitting data set

<1.0 0.0179 0.9984 0.0130 0.0162 0.9993 0.0087

[1.0–2.0) 0.0402 0.9917 0.0284 0.0306 0.9930 0.0192

[2.0–3.0) 0.0356 0.9942 0.0262 0.0422 0.9883 0.0252

[3.0–6.0) 0.6573 0.9958 0.0840 0.0496 0.9997 0.0332

Test data set

<1.0 0.0389 0.9968 0.0314 0.0324 0.9939 0.0255

[1.0–4.3) 0.1697 0.9835 0.1267 0.0910 0.9952 0.0820

As can be observed (Table 4), for all ranges, the absolute average error of the predicted
total stem volume was lower for the case of the stem diameters based on the XGBoost
model, for both the fitting and the test data sets. At the same time, the RMSE values were
lower for the XGBoost model, except for the volume range of 2.0 to 3.0 m3, for the fitting
data set. For this range, the RMSE value was slightly higher by 0.0066 m3. Generally, both
approaches yielded adequate and reliable results, which were highly correlated with the
calculated volume based on the observed stem diameters.

Subsequently, to assess the predictive accuracy of the segmented stem volumes, the
estimated 1 m segment mean volumes were compared with the corresponding observed
segment mean volumes. These comparisons were based on stem diameters estimated and
predicted by the TCN and XGBoost models. Figure 9a,b show the mean predicted and
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mean observed 1 m segment volumes for both the fitting and test data sets, respectively,
beginning at 1.3 m above ground level.

  

  

Figure 9. Comparison of mean predicted and mean observed 1 m stem-segment volumes for the
(a) fitting and (b) test data sets. Predictions are based on stem diameters (a) estimated and
(b) predicted by the TCN and XGBoost models. Volumes are shown for segments beginning at
1.3 m above ground level. Volume residuals derived from (c) estimated and (d) predicted by the TCN
and XGBoost models stem diameters.

The volume of the first segment (between d0.3 and d1.3) was computed using the ob-
served diameters at these heights, as these measurements were required as input variables
for both the TCN and XGBoost models. As a result, diameters measured close to the ground
are necessary for the operational use of the volume-prediction system.

Figure 9c,d show differences in mean segmental volume predictions and observed
values. In both figures, the residuals associated with the XGBoost-based diameter esti-
mates were, in most cases, smaller than those produced by the TCN model. Moreover,
the XGBoost model exhibited notably higher accuracy in the lower sections of the tree
stem, where diameters are largest, and the highest-quality, most commercially valuable
wood is typically found. Finally, the XGBoost model demonstrated better generalization
performance (Figure 9b,d).

To present the specific volume predictions adapted to each segment of the sample trees,
45-degree line plots were produced for the fitting and test data sets. Representative plots
for the observed volume segments v1.3–2.3, v10.3–11.3, and v20.3–21.3 are shown in Figure 10.
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Figure 10. 45-degree line plots for the fitting (a,b,e,f,i,j) and the test data sets (c,d,g,h,k,l) for
the observed volume segments of v1.3–2.3 (a–d), v10.3–11.3 (e–h) and v20.3–21.3 (i–l) based on TCN
(a,c,e,g,i,k) and XGBoost (b,d,f,h,j,l) modeling approaches.

The regression lines for both the fitting and test data sets (Figure 10), based on both
modeling approaches, lie very close to the red dashed 1:1 line, indicating that the esti-
mates and predictions from both models’ diameters are highly consistent with the actual
measurements. Slight deviations are visible, but they are minor compared to the overall
trend. As observed, the stem diameters derived by the XGBoost model performed better,
with a clearly higher degree of adaptation at low and medium stem heights (Figure 10a–h).
According to the higher stem segment volume between 20.3 m and 21.3 m, and for the
fitting data set, the segmented volume based on the TCN model’s diameters seemed to
achieve higher, though close, precision than that based on the XGBoost model’s diameters.
(Figure 10i,j). At the same time, both approaches demonstrated strong generalization on
the new test dataset (Figure 10k,l).

4. Discussion
Due to its importance, tree taper prediction has been faced through many modeling

procedures, from simple continuous functions for the total stem [59], to segmented polyno-
mial functions [7], to models with the use of exponent on the diameter–height relationship
which allowed the model change along the stem [8], and to compatible taper-volume
systems [60]. Lately, mixed-effects models have been used to handle potential correlation
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and heteroscedasticity in the data [14]. Although these modeling methodologies have
been found adequate for tree taper estimation, all have two basic disadvantages that make
proper model construction time-consuming and difficult. The first is that all require a
predetermined model form, which is challenging to select, and the second is that many
statistical assumptions must be carefully checked to construct a reliable model.

Because machine learning methods are non-parametric and can learn effectively from
ground-truth data, they offer strong potential for predicting difficult-to-measure field bio-
metric variables, such as tree stem diameters. This potential has motivated investigations
into these methods and algorithms to evaluate their effectiveness in practical forestry
applications. Specifically, taper modeling has progressed to the exploration and use of
promising new machine learning approaches to overcome challenges and improve accu-
racy beyond the capabilities of standard regression procedures. A recent review of taper
modeling methodologies [5], including machine learning approaches, concluded that, to
date, developing taper functions remains challenging and warrants further exploration.
According to Crimean pine trees (Pinus nigra J.F. Arnold subsp. pallasiana [Lamb.] Holm-
boe), an artificial neural network approach was found to be successful for taper modeling
and superior to Max-Burkhart’s equation [61]. The applicability of XGBoost and random
forest machine learning approaches was tested in taper modeling and compared with
standard regression procedures by Sağlam [24], who concluded that the XGBoost model
outperformed for Turkish pine (Pinus brutia) stands. In the same direction, a comparative
analysis was applied using a random sample of black pine (Pinus nigra) stands [40] to
evaluate standard non-linear regression and machine learning approaches. The XGBoost
method demonstrated superior performance in estimating and predicting total tree stem
volumes. To establish a baseline related to accuracy, the best-fitting standard non-linear
regression model for the same area achieved a root mean square error percentage (RMSE%)
of 9.35% for total tree stem volume [40]. In contrast, the XGBoost model in the current
study achieved an RMSE% of 2.99% for the same metric and for the total tree stem volume.
The combined findings from the current and previous studies in this forest area underscore
the significant improvements provided by the XGBoost machine learning approach for
estimating stem volume in Pinus nigra trees and stands.

Lately, a few attempts have been made to model tree taper as a sequence of diam-
eters along the stem [28,61]. In these attempts, deep learning for sequential data was
borrowed from time-series and effectively used, including recurrent neural networks to
successfully model double bark thickness along the stem for Scots pine (Pinus sylvestris)
and common oak (Quercus robur L.) trees [28], and a long short-term memory approach for
successfully learning the tree taper, optimizing in this way the forest management deci-
sions [62]. In this regard, a deep learning architecture based on Temporal Convolutional
Networks (TCNs), specifically designed to model sequential data, was applied to predict
taper in Pinus nigra trees. In parallel, the XGBoost algorithm, recently shown to be highly
effective for taper modeling, was employed as a robust gradient-boosted tree ensemble
method that approached the taper estimation problem from a fundamentally different
analytical perspective.

According to this study’s results, tree stem diameters were found to be non-stationary,
with a systematic taper trend (Figure 5). The ACF applied to the detrended residuals
showed that the most significant trend-related correlation occurred at lag 1, with stem
height 1.3 m from the ground (Figure 5). At the same time, the autocorrelation was non-
significant for the remaining diameters measured at 1 m above breast height. Considering
that the stem is a spatially ordered biological structure in which local deviations are
hierarchically integrated along the bole, this supports the use of both the selected TCN
and XGBoost models, in the sense that weak linear autocorrelation does not imply the
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absence of meaningful structural dependence exploitable by sequence models, such as
TCN. On the one hand, TCN considers ordering and adjacency, even when correlation
is weak, and shows the ability to model how small-scale deviations combine into larger-
scale form. It does not require stationarity, can effectively handle both short- and long-
range dependencies, and is well suited to the nonlinear nature of tree taper. On the
other hand, XGBoost treats taper modeling as a non-sequential, nonlinear estimation
and prediction problem. The ground-truth data showed a deterministic taper trend with
minimal autocorrelation, making tree-based regression highly suitable.

According to the TCN model, both causality and a dilation rate of 1 were used during
training. These settings were selected for the model’s training to consider only current
and previous stem diameters, and to set the spacing between kernel elements to 1. These
arrangements reinforce the practical importance of the final constructed model. The optimal
value of the kernel (Table 2) showed that the two previous steps in diameters were the
best choice, meaning that the configuration of value of the diameter at any 1 m height
from 1.3 m, initially based on the d0.3 and d1.3, meaning that these observed diameters
are required for the prediction chain of the remaining diameters along the stem. This
finding may be valuable for future work, even with alternative modeling approaches, as it
highlights the importance of diameter measurements taken at closely spaced heights to the
ground. If further validated, this result could reduce the number of field measurements
required in similar modeling applications.

While TCNs model spatial dependencies, XGBoost can serve as a strong alternative for
summarizing spatial patterns, such as stem diameter growth rates. This fact allows XGBoost
to approximate spatial dynamics without deep learning. Both modeling approaches used
the same input information, so the practical importance of the final constructed model is
the same for both alternatives. Consequently, the d0.3, the d1.3, and the predetermined stem
diameter height to be predicted were the input variables of the XGBoost model’s input layer.
The best-fitted XGBoost model (Table 2) was finally a model with a substantial individual
impact of each decision tree (lr = 0.28), enough complexity to capture nonlinear patterns
avoiding overfitting (ndt = 185, dmax = 5, γ = 0.11, and early stopping), and capacity to
capture fine-grained patterns (mcw = 1).

Considering the evaluation metrics (Table 3) of the best-fitting constructed models in
Table 2, both approaches demonstrated high and close adaptability to the fitting data set
and, at the same time, acceptable generalization performance, with the XGBoost model
consistently outperforming in tree stem diameter estimation and prediction. A reason
for the observed outperformance of the XGBoost-developed model might be the weak
linear dependence of the detrended residuals across height intervals (Figure 5), a condition
that could favor XGBoost over TCN. The XGBoost model generalized better for diameters
near the ground than for higher ones (Figure 7). This could happen because the observed
diameters of stems within the crown are often difficult to measure accurately on standing
trees, making it challenging to train the model to these specific diameters.

Accurate prediction of tree taper from stem diameter configuration could be beneficial
for predicting total and segmented stem volume. Considering the findings on the use of
the derived stem diameters by the two modeling approaches in stem volume prediction,
this benefit can be ascertained.

The total stem volume prediction across different stem volume ranges (Figure 8,
Table 4) yielded RMSE (RMSE%) values lower than 0.6573 (4.10%) and 0.1697 (9.53%) of the
observed stem volume for the fitting and test data sets, respectively. Specifically, the use of
the XGBoost model reduces the total volume prediction error, producing RMSE (RMSE%)
values lower than 0.0496 (3.71%) and 0.0910 (7.94%) of all ranges of the observed stem
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volume for the fitting and test data sets, which is a significant improvement in accuracy for
both data sets.

Based on the segmented stem volumes (Figures 9 and 10), the 1 m volumes derived
from the XGBoost-predicted diameters were the most accurate and consistent across the
majority of segments. For the fitting dataset, the highest height-related accuracy occurred
below 11.3 m, corresponding to the lower stem section that contributes most of the high-
value sawn timber (Figure 9a,c). A similar pattern was observed in the test dataset, confirm-
ing both the suitability and the strong generalization performance of the XGBoost model
across nearly all 1 m segments.

Furthermore, the RMSE patterns between observed and predicted values were closely
aligned for both the fitting and test datasets (Figure 11a,b). The deviations from the general
RMSE trend are shown in Figure 11. These deviations may reflect biological variation in the
stem across different heights. Generally, the RMSE values for each 1 m segment showed
the XGBoost model’s strong ability to capture the general pattern of stem growth.

  

Figure 11. Root mean square error values between predicted and observed 1 m stem-segment
volumes for the (a) fitting and (b) test data sets, based on both modeling approaches.

While both modeling approaches have significant advantages, such as their non-
parametric nature and strong ability to learn from ground-truth data, they also have
weaknesses that should be considered before use. TCNs are designed for sequential
data; when applied outside this context, their performance degrades and they require
more computational resources and time, typically longer than for XGBoost. However,
hyperparameter optimization for both approaches requires effort through trials and cross-
validation procedures. In addition, while XGBoost requires manually specified features,
TCN offers the significant advantage of selecting the optimal sequence depth, with practical
value. Both models demonstrated their ability to accurately predict stem diameters along
the stem, resulting in highly accurate stem volume prediction. The decision on which
methodology to use should be based on the problem’s nature and structure.

Overall, the results confirm the suitability of both methods, with XGBoost achieving
superior performance. Future research has to investigate further these modeling approaches
across additional species and forest areas, to strengthen the research base supporting
informed methodological recommendations.

5. Conclusions
Modeling tree taper presents a significant challenge in forestry. This study analyzes the

stem-diameter patterns of black pine (Pinus nigra) in the Karya forest on Mount Olympus.
Two machine learning methods, the Temporal Convolutional Network (TCN) and Extreme
Gradient Boosting (XGBoost), were evaluated for their effectiveness in modeling stem
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profiles. The objective was to identify a reliable and efficient approach for predicting stem
sectional volume using minimal field measurements.

The results indicated that the diameters of Pinus nigra trees were primarily influenced
by a systematic taper trend, with trend-related correlation observed only at lag 1. This
weak linear autocorrelation across height intervals suggests the presence of short-range
structured variation.

The comparative analysis of TCN- and XGBoost-constructed models showed their
strong ability to capture the taper trend of the trees, estimating and predicting the diameters
along the tree stem with high accuracy.

XGBoost demonstrated strong suitability for the available dataset by effectively sum-
marizing its spatial structure. This approach substantially improved the accuracy of sec-
tional stem-volume predictions based on stump and breast-height diameter measurements,
yielding significant practical outcomes.
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Abbreviations
The following abbreviations are used in this manuscript:

AAE Average absolute error
ACF Autocorrelation function
ADF Augmented Dickey–Fuller
batch_size batch_size
CCANN Cascade correlation artificial neural network
CNNs Convolutional neural networks
d0.3 Stump diameter
d1.3 Breast height diameter
dmax depth of each tree
EDA Exploratory data analysis
ELU Exponential linear unit
epochs the number of full pass
kernel kernel size
KPSS Kwiatkowski–Phillips–Schmidt–Shin
l learning rate in TCN
lr learning rate in XGBoost
mcw parameter regulating the splitting to child node
MSE Mean square error
ndt decision trees
num_filters Number of filters per layer
reg_lambda regularization term
ReLU Rectified linear unit
RMSE Root mean square error
RMSE% Percentage root mean square error
RNNs Recurrent neural networks
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SELU Scaled exponential linear unit
Sigmoid Sigmoid function
Tanh Hyperbolic tangent function
TCN Temporal convolutional network
TCNs Temporal convolutional networks
tht Total tree height
vi–j Segmented stem volume from i to j meters stem height above ground
vtot Total stem volume
XGBoost Extreme gradient boosting
γ Gamma hyperparameter
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