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Abstract: Forest attributes, such as standing stock, diameter at breast height (DBH), tree
height, and basal area, are critical for effective forest management; yet, traditional es-
timation methods remain labor-intensive and often lack the spatial detail required for
contemporary decision-making. This study addresses these challenges by integrating
machine learning algorithms with high-resolution remotely sensed data and rigorously
collected ground truth measurements to produce accurate, national-scale maps of forest
attributes in Romania. To ensure the reliability of the model predictions, extensive field
campaigns were conducted across representative Romanian forests. During these cam-
paigns, detailed measurements were recorded for every tree within selected plots. For
each tree, DBH was measured directly, and tree heights were obtained either by direct
measurement—using hypsometers or clinometers—or, when direct measurements were not
feasible, by applying well-established DBH—height allometric relationships that have been
calibrated for the local forest types. This comprehensive approach to ground data collection,
supplemented by an independent dataset from Brasov County collected using the same
protocols, allowed for robust training and validation of the machine learning models. This
study evaluates the performance of three machine learning algorithms—Random Forest
(RF), Classification and Regression Trees (CART), and the Gradient Boosting Tree Algo-
rithm (GBTA)—in predicting the forest attributes from Sentinel-2 satellite imagery. While
Random Forest consistently delivered high R? values and low root mean square errors
(RMSE) across all attributes, GBTA showed particular strength in predicting standing stock,
and CART excelled in basal area estimation but was less reliable for other attributes. A
sensitivity analysis across multiple spatial resolutions revealed that the performance of all
algorithms varied significantly with changes in resolution, emphasizing the importance
of selecting an appropriate scale for accurate forest mapping. By focusing on both the
methodological advancements in machine learning applications and the rigorous, detailed
empirical forest data collection, this study provides a clear solution to the problem of
obtaining reliable, spatially detailed forest attribute maps.

Keywords: forest attributes; spatial resolution; machine learning; remotely sensed data;
prediction; performance; decision

1. Introduction

Romania’s forests are among the most diverse in Europe, hosting a range of ecosys-
tems that significantly contribute to carbon sequestration, biodiversity conservation, and
sustainable resource management [1]. The National Forest Inventory (NFI) plays a vital
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role in monitoring forest dynamics, shaping policies, and supporting research on forest at-
tributes [2,3]. Advanced methodologies can be developed through NFI data for large-scale
forest assessment and management, ensuring informed decision-making and sustainable
forestry practices [4]. Romania, after 50 years of forest management planning at a na-
tional level, still lacks a unified database to characterize all the forests, with more than
700,000 hectares of forests without a proper inventory [5-7].

In order to sustainably use this resource, effective forest management requires precise
and up-to-date information on key attributes [8-10]. Critical parameters, such as standing
stock (Vol), basal area (BA), and aboveground biomass (AGB), provide valuable insights
into forest structure and productivity [10-12]. Standing stock estimates are essential for
sustainable timber harvesting, while BA helps assess stand density and forest health [10].
Additionally, AGB, which can be measured from allometric equations based on diameter
at breast height (DBH) and tree height (H) [13], plays a crucial role in evaluating carbon
storage potential, influencing decarbonization policies, and supporting climate change
mitigation efforts [14]. By integrating NFI data with these key parameters, forest managers
can develop more efficient strategies to ensure the long-term health and sustainability of
Romania’s forests [4,6].

To effectively utilize forest attributes in decision-making, comprehensive and detailed
maps of Romania’s forest characteristics are essential [4,15,16]. These maps not only capture
spatial variability but also highlight high-conservation-value regions and improve resource
allocation [17]. National-scale forest mapping allows policymakers and researchers to
monitor environmental changes, assess deforestation risks, and develop data-driven con-
servation strategies [18]. Achieving accurate and up-to-date mapping requires integrating
remote sensing, machine learning (ML), and field-based observations [19]. However, Roma-
nia’s diverse forest landscapes necessitate careful calibration of remote sensing data with
regional measurements [17,20]. Variability in data collection methods, sensor limitations,
and environmental factors introduce uncertainties, making robust validation frameworks
crucial for ensuring the reliability of these forest assessments [20].

Given these challenges, ML models provide a powerful solution for extracting mean-
ingful patterns from complex forest datasets, improving the accuracy and scalability of
forest attribute estimation. Selecting the right model is important as different models offer
unique advantages and limitations depending on forest structure complexity, data avail-
ability, and computational resources. ANN has shown high accuracy in complex, nonlinear
forest attribute prediction tasks but requires large datasets and extensive computational
resources [21]. Studies demonstrated that ANN outperforms traditional regression models
for AGB estimation but suffers from overfitting when data quality is inconsistent [22]. SVM
is effective in handling high-dimensional data and has been successfully used for DBH and
BA prediction [23]. However, SVM’s performance is highly sensitive to kernel selection
and parameter tuning, making it less adaptable to varying forest conditions. KNN, while
easy to implement and interpret, has limitations in handling large datasets and tends to be
affected by noisy inputs, as observed in forest volume prediction L.

Among non-parametric algorithms, RE, GBTA (Gradient Boosting Tree Algorithm),
and CART (Classification and Regression Trees) have demonstrated their effectiveness in ac-
curately estimating various forest characteristics such as the aboveground biomass [24-26],
forest canopy height [23], and standing stock [27,28]. The RF algorithm minimizes predic-
tion variance in supervised ML by combining multiple decision trees through a process
called bagging [29]. Initially, each tree is trained on random subsets of data; during
validation, the algorithm averages the predictions to come to a balanced prediction out-
come [29,30]. Its effectiveness lies in handling intricate decision boundaries for both
categorical and continuous variables, managing noisy and high-dimensional datasets, and
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minimizing overfitting [31]. This algorithm incorporates randomization techniques to
reduce tree correlation, which enhances the model’s accuracy. It excels in handling large
datasets with numerous variables and complex interactions between them [32].

The CART algorithm is a versatile binary recursive partitioning method for classifi-
cation and regression tasks [33]. It constructs a tree structure by iteratively dividing data
into increasingly homogeneous subsets based on selected features and threshold values;
the process continues until stopping conditions, such as reaching maximum depth or a
minimum number of samples per leaf node, are met [34]. The resulting tree structure can be
pruned to prevent overfitting, which improves the generalization capabilities [35]. CART
accommodates both categorical and continuous variables, handles multi-class tasks, and
provides interpretable decision trees for insights into feature—target connections [36].

The GBTA is a powerful ML algorithm that enhances prediction accuracy by building
an ensemble of decision trees based on the boosting concept [37]. As the abovementioned
methods show, it corrects errors from previous models by iteratively fitting decision trees to
residuals and preventing overfitting through regularization [34]. Popular implementations
like XGBoost, LightGBM, and GBM extend GBTA's capabilities using different optimization
techniques [38]. While GBTA offers high accuracy and adaptability, achieving optimal
performance requires meticulous hyperparameter tuning [35].

While some studies [25,39-42] have focused on specific forest attributes or localized
areas, a significant gap remains in national-scale forest mapping. ML models perform best
in well-defined domains, but localized data can introduce uncertainties in species diversity,
topography, and density, limiting generalizability [43]. Moreover, hyperparameter tuning
that works well for a limited domain may not hold under broader conditions [44]. Testing
ML algorithms at national scales, such as in Romania’s diverse ecosystems, provides
valuable insights into their adaptability [25,45]. Additionally, model complexity influences
predictive capabilities—complex models may capture intricate patterns yet risk overfitting,
while simpler models generalize better but might miss fine-scale variations [39,46]. Finally,
spatial resolution plays a crucial role, as coarser resolutions may lose detail [47], whereas
finer resolutions increase computational demands [45].

Additionally, the choice of spatial resolution affects the performance of ML algorithms
at larger scales [48]. Coarser spatial resolutions may lead to loss of detail and less variability
in the data, potentially affecting the accuracy of predictions [47]; conversely, finer spatial
resolutions can provide more detailed information but may also increase computational
complexity and resource requirements [45].

Some studies [49,50] advanced our understanding of mapping forest attributes at a
larger scale, such as the national level, but there remains a critical oversight regarding the
process of testing on unseen data, which can be provided by independent datasets. This
process is essential for assessing the generalizability and robustness of the models [51].

The aim of this study is to model and map key forest characteristics in Romania by
integrating ML algorithms with remotely sensed data. By leveraging advanced ML tech-
niques alongside Sentinel-2 satellite imagery, this research seeks to generate comprehensive
and detailed maps of forest attributes such as standing stock Vol, BA, DBH, and H at the
national level. Given the diversity of Romania’s forests, the findings are intended to be
representative of temperate forests globally, offering insights that can inform sustainable
forest management and policy-making on a broader scale.

To achieve this aim, this study compares the performance of three ML algorithms (RE,
GBTA, and CART) in predicting key forest attributes using Sentinel-2 data. This compar-
ison is designed to highlight the strengths and limitations of each algorithm, ultimately
guiding the selection of the most appropriate model for accurate forest attribute estimation.
Additionally, this research investigates the influence of model complexity on predictive
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accuracy, exploring whether increased complexity in the models leads to better perfor-
mance or if simpler models can deliver comparable results. This aspect of this study will
clarify when added complexity is justified in the context of forest mapping. Furthermore,
this study assesses the effects of spatial resolution on model performance to identify the
optimal resolution needed to capture fine-scale forest attributes accurately. This evaluation
aims to provide practical insights into the spatial data requirements necessary for effective,
large-scale forest assessments.

2. Materials and Methods
2.1. Study Area and Field Data

Romanian forests exhibit a high degree of variability, encompassing a wide range of
forest types, management practices, and ecological features, which makes them representa-
tive of broader European forest conditions. The overall climate of Romania is temperate
(Figure 1), and the mean elevation is 330 m, but it varies widely from 0 to 2544 m a.s.l. [52].
About 18% of the study area holds a rugged terrain (>15° slope), while the rest is relatively
flat (<5°, 52%) or rolling (5-15°, 30%) [53].

@ o
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Figure 1. Study area’s geographic location: (A) Romanian forests at continental scale; (B) Plots
locations as red dots used at national scale; (C) Individual tree measurements used for independent
validation in Lempes test area.

Romanian forests encompass a variety of ecosystems, including mixed broadleaved
forests, coniferous stands, and temperate woodlands, each defined by unique structural
and compositional traits [54]. The country’s topography ranges from lowland plains to
mountainous regions, creating diverse microclimates and soil conditions that support
species such as beech (Fagus sylvatica), oak (Quercus spp.), and spruce (Picea abies) [55].
Forest management practices range from conservation-focused approaches in protected
areas to production forestry, employing sustainable techniques like selective logging and
continuous cover forestry to balance biodiversity and ecosystem health [56,57].

These diverse forest conditions make Romania an ideal case study for temperate
forest ecosystems, with insights applicable across Europe. At the national level, this study
relied on ground-based measurements collected from 1325 circular plots (300-500 m? each)
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distributed across 10 representative forest types (Figure Al in the Appendix A), sampled
from June to September 2022 (Figure 1B). Data included diameter at breast height, tree
height, species, and position, gathered via traditional inventory methods and mobile
LiDAR [58] (Table A1 in Appendix A). Metrics like BA measured in m?/ha, forest stand
stock volume measured in m3/ha, average (DBH) measured in cm, and dominant tree
height measured in m, were calculated using national equations [59] and extrapolated per
hectare based on the type of the plot. The national dataset exhibited significant variability,
with BA ranging from 0.01 to 95.19 m?/ha (mean: 30.55 m?/ha), DBH averaging 32.19 cm,
and Vol at 389.64 m3/ha, reflecting the structural heterogeneity of Romania’s forests. For
model training at the national level, 70% of the data was used, leaving 30% for validation
to ensure robust evaluations [60].

An independent testing dataset was collected in the Dealul Cetatii Lempes area, a
temperate forest characterized by diverse habitats and climatic conditions, with a maximum
elevation of 704 m. Far from being representative of the national level, this dataset provided
a full tree spatial inventory on an area large enough to assess algorithmic predictions
(Figure 1C). This dataset consists of individual tree measurements of all the trees on an
area of 168 hectares (Table A2 in Appendix A). Forest attribute maps were generated at
10 m, 50 m, and 100 m resolutions by aggregation and extrapolation using QGIS (v3.34.1),
enabling detailed analysis of spatial patterns and algorithm performance. The choice of
these resolutions was guided by their practical relevance in forestry applications. These
resolutions align with the remote sensing literature, where similar scales have been used
for biomass estimation and forest structure assessments [61,62].

2.2. Remotely Sensed Data and Feature Extraction

The Google Earth Engine (GEE) platform was used to process Sentinel-2 satellite
images via JavaScript [63]. This cloud-based solution efficiently handles large datasets,
making it ideal for analyzing extensive forest areas. The study area included all relevant
clusters used for training and the test area, ensuring that models were trained using
representative remote sensing data.

Sentinel-2 Level-1C products with a 10 m spatial resolution were used, offering high-
detail images across multiple spectral bands. Specifically, Bands 2 (Blue), 3 (Green), 4 (Red),
8 (NIR), 11, and 12 (SWIR) were deemed suitable for assessing forest attributes like biomass
and canopy cover [64]. The images were acquired from 1 June 2022 to 30 September 2022,
precisely matching the field data collection period. This alignment ensures temporal consis-
tency between remote sensing data and ground measurements, minimizing discrepancies
due to seasonal variations and enhancing the predictive accuracy of the models.

Essential variables included spectral indices such as NDVI, SAVI, and EVI, as well as
slope from SRTM data [65]. These indices were chosen for their effectiveness in quantifying
vegetation health and biomass [66,67], and more information about the formula and reason
for choosing are detailed in Table A3 in the Appendix A. Cloud masking was performed
using the built-in Sentinel-2 cloud probability layer in GEE. This approach effectively
removes high-confidence clouds and cloud shadows while preserving vegetation-related
spectral information. While alternative methods, such as S2Cloudless, offer advanced
cloud detection, they were not applied due to computational constraints and the need
for consistency in large-scale processing. Manual inspection confirmed minimal cloud
contamination in the selected Sentinel-2 images, ensuring the reliability of the dataset for
ML analysis [68].

All spectral bands required for the indices are merged into a single image and repro-
jected to the specified coordinate system, and water bodies are masked out to improve
accuracy. Next, a feature collection is created, which is essential for both training and
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validation. In this context, quantitative attributes refer to measurable data extracted from
ground-based surveys (e.g., DBH, H) and remotely sensed attributes (e.g., NDVI, slope,
aspect). These attributes serve as inputs for ML, where models learn to extract more abstract
features that capture complex patterns not directly observable.

The training—validation dataset combines both ground-based measurements and
remote sensing-derived attributes. ML models use this data to learn patterns, validate their
predictions, and refine their accuracy. Once validated, these models can reliably estimate
forest attributes for new data, supporting robust forest analysis.

2.3. Optimizing and Training ML Models for Forest Attribute Mapping in GEE

This study was conducted using GEE, where the entire ML workflow was imple-
mented in JavaScript within the GEE Code Editor. After preparing the dataset by integrat-
ing and preprocessing the data, we applied ML algorithms—CART, RF, and GBTA—to
model forest attributes. The models were trained and validated within GEE, utilizing the
respective built-in classifier functions: RF with ee.Classifier.smileRandomForest(), GBTA
with ee.Classifier.smileGradientTreeBoost(), and CART with ee.Classifier.smileCart().

To optimize these models, we followed a two-step tuning approach: initially, we fixed
the number of trees at 100 to maintain a balance between computational efficiency and
model stability. This helped isolate the effects of other hyperparameters without interfer-
ence from tree count variations, ensuring a systematic tuning process. Since GEE does not
support automated hyperparameter tuning, we performed a manual grid search, selecting
hyperparameter ranges based on established guidelines from the GEE API documentation
and previous research findings. Once optimal hyperparameters were selected, we varied
the number of trees from 100 to 2500 for RF and from 100 to 3500 for GBTA, based on
empirical studies [69,70] suggesting that these ranges provide an optimal trade-off between
model complexity and computational efficiency, reapplying the tuning process at each step
to ensure consistency. The number of trees serves as a key indicator of model complexity,
influencing the trade-off between bias and variance [69]. Increasing the number of trees
enhances the model’s ability to capture patterns in the data, thereby reducing variance and
improving predictive performance [69]. However, excessive tree count increases computa-
tional cost and may lead to diminishing returns in model performance. By systematically
adjusting the number of trees, we aimed to find an optimal balance between performance
and computational efficiency [49]. Hyperparameters in Google Earth Engine were manually
tuned due to the platform’s lack of automated options. For GBTA, we tested learning rates
(0.01, 0.05, 0.1, 0.2), max depths (3, 5, 7), and min split losses (0, 0.01, 0.1); for RF, we varied
variables per split (auto, sqrt, log2) and min leaf populations (1, 5, 10, 20); for CART, we
optimized max depths (5, 10, 15) and min samples split (2, 5, 10). A grid search combined
with cross-validation ensured robust model evaluation, balancing computational efficiency
and performance [71]. Although methods like Bayesian optimization could improve tuning
efficiency, they were not feasible within GEE’s API constraints [72].

2.4. Performance Assessment

After model development, we evaluated performance on the validation dataset us-
ing R?, RMSE, rRMSE, and MAE. R? indicates goodness-of-fit; RMSE emphasizes larger
errors; rRMSE normalizes errors relative to observed values, and MAE provides an outlier-
resistant measure. Together, these metrics offer a robust and nuanced assessment of model
accuracy. To statistically assess significant differences in performance metrics across various
algorithms and complexity levels, we employed non-parametric testing methods using the
Scheirer-Ray—Hare rank-based test, an extension of the Kruskal-Wallis H test [73]. Given
that goodness-of-fit estimators such as R?> and RMSE are derived values rather than directly
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observed measurements, this approach ensures a more robust statistical validation [74]. We
analyzed factors such as algorithm type and model complexity, measured by the number
of trees in RF and GBT models, which ranged from 100 to 2500 for RF and 100 to 3500
for GBTA.

Models with the highest R? and lowest RMSE, rRMSE, and MAE were considered to
have the best performance. This multi-metric approach ensures that models not only fit the
data well but also make precise predictions with minimal errors. The Scheirer-Ray—-Hare
rank-based test results further supported the selection of models with optimal complexity,
particularly identifying the number of trees that yielded the most accurate predictions for
RF and GBT models.

All analyses were conducted using R version 4.3.2. This evaluation process, combining
multiple error metrics and statistical testing, provided a robust framework for selecting the
most accurate and reliable models for predicting forest attributes in the study area.

n R 2
R2 —1— ;:1 (yl gl)z (1)
im1(vi —¥;)
Y (vi — 9i)
RMSE = ’:1# (2)
TRMSE = “MSE 3 00% (3)
Y
1w R
MAE = EZ:’:OWi - ]/i‘ 4)

2.5. Forest Attribute Mapping and Analysis

The trained ML models were applied to the satellite imagery of the study area to
predict forest attributes at a larger scale. This process involved feeding the satellite imagery
into the models and obtaining the predicted values for each pixel containing the selected
features. For each attribute, maps were developed at the resolutions (10, 50 and 100 m).

To understand how different algorithms predict forest attributes across different
resolutions, a detailed analysis was carried out. These maps were compared with the
independent dataset that was already prepared for the accuracy assessment (Figure 2). The
independent dataset stored as individual tree measurement was assigned geographically
on the pixel with the specific resolution of the map (10, 50, or 100 m) and extrapolated
as stand characteristics at hectare. Then, RZ, RMSE, MAE, and rRMSE were calculated
to quantify the agreement between the predicted values and the validation data for each
pixel size. This analysis will determine the optimal resolution that enables the capture of
fine-scale forest attributes with the highest level of accuracy.
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Figure 2. Workflow diagram for data used in research.

2.6. Evaluation of Model-Predicted Volume Accuracy Against NFI Data

To evaluate the accuracy of model-predicted volume estimates, remote sensing-derived
raster datasets were processed and compared against NFI data. The NFI data are system-
atically structured to provide comprehensive forest resource assessments. It consists of a
network of systematically distributed sample plots where tree attributes such as DBH, tree
height, species, and volume are recorded. It operates on a 5-year cycle with two phases:
aerial photo-interpretation using high-resolution orthophotos and field measurements
within permanent sample plots [7]. The plots are typically categorized based on predefined
DBH classes (<100 mm, 100-199 mm, 200-299 mm, 300-399 mm, 400-499 mm, >500 mm),
allowing for standardized volume estimation across different forest structures.

The DBH raster was classified into the same predefined DBH classes used in NFI to
ensure comparability. The mean volume per hectare () was derived for each DBH class by
averaging the total volume within that class, weighted by the number of sample points or
pixels within the study area. The computation followed the formula:

i1 Vi

V- mi= Y
n

where

eV is the mean volume per hectare for a given DBH class;
eV represents the volume in each sample unit (pixel or plot);
e 1 is the total number of sample units in the class.

3. Results
3.1. Forest Characteristics Modeling Results at the National Level

The evaluation of multiple ML algorithms for predicting forest stand attributes, sum-
marized in Table 1, highlights significant differences in their performance. Comprehensive
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wall-to-wall maps were generated for models with the highest prediction accuracy
(Figure 3).

GBTA showed strong predictive capabilities, with R? values increasing from 0.66
(100 trees) to 0.92 (2500 trees) for stand average Vol estimation, indicating as significant
improved performance with increased model complexity a result further validated by the
Scheirer-Ray—Hare rank-based test (see Table A4). Similar trends were observed for other
attributes (Figure 4). GBTA predicted higher volumes in regions similar to RF but with
notable differences, particularly in the central and northeastern areas (Figure 3).

RE on the other hand, performed well, explaining over 80% of the variance in the
target variables. This regression line performed well despite being slightly less steep than
GBTA with 2500 trees, as shown in Figure 5. Consequently, the R? value was 94.09%, and
the RMSE was approximately 3.56 m? /ha. In Figure 3, the model predicts higher forest Vol,
BA, DBH, and H predominantly in the central and northwestern regions of Romania, with
lower values generally toward the borders.

In BA estimations, CART outperformed all other predictors with its high R? value of
94.09% and low RMSE of 3.56. Nevertheless, its accuracy did not extend uniformly across
all forest attributes, as it failed to consistently outperform RF and GBTA (see Figure 6).
Thus, while it excelled in explaining the variance in BA predictions, its performance exhib-
ited variability across different scenarios. Visually, CART presents a more homogeneous
distribution with fewer areas of high BA concentration compared to other models.

Table 1. Performance of ML algorithms in the validation datasets attributes and scenarios.

Attribute Model NO of Trees RMSE MAE rRMSE (%) R?
100 107.461 —2.420 0.284 0.810
RF 1000 107.727 —1217 0.285 0.810
vl 3500 107.643 ~1.013 0.285 0.810
(m3/ha) 100 178.085 17.077 0.471 0.660
GBTA 1000 89.769 2.105 0.237 0.860
2500 64.507 1.499 0.171 0.930
CART 1000 132.663 0.000 0.351 0.630
100 6.617 ~0.020 0.223 0.830
RF 1000 6.594 —0.047 0.222 0.830
A 3500 6.585 —0.046 0.222 0.830
(m2/ha) 100 11.520 1.039 0.388 0.710
GBTA 1000 5.286 ~0.177 0.178 0.889
2500 3.809 ~0.113 0.128 0.940
CART 1000 3.564 0.000 0.120 0.941
100 6.402 ~0.005 0.205 0.816
RF 1000 6.311 ~0.029 0.202 0.826
3500 6.294 —0.034 0.201 0.827
DBH (em) 100 10.768 0.923 0.345 0.708
GBTA 1000 5.154 —0.061 0.165 0.874
2500 3.616 3.616 —0.044 0.936
CART 1000 7.904 0.000 0.253 0.653
100 3.207 —0.022 0.135 0.839
RF 1000 3.198 ~0.009 0.134 0.845
3500 3192 ~0.014 0.134 0.845
H (m) 100 2,589 —0.290 0.109 0.750
GBTA 1000 2.589 ~0.290 0.109 0.891
2500 1.868 —0.199 0.078 0.941
CART 1000 4234 0.000 0.178 0.665
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Figure 3. Forest characteristics modeling results at national level.
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3.2. Model Performance Assessment with Independent Validation Data in the Test Area

The assessment of prediction accuracy and reliability through comparison with inde-
pendent ground truth data in the Lempes test area indicates that RF and GBTA algorithms
with a maximum number of suggested trees demonstrated high performance in predicting
various forest attributes during the evaluation with initial validation data. The CART algo-
rithm exhibited reliable outcomes, specifically in predicting BA. Based on these findings,
these three models were selected for further analysis. This selection process was crucial to
ensure the robustness and generalizability of the chosen models.

3.2.1. Visual Assessment of the Models in Mapping Forest Characteristics

The detailed maps presented in Figures 7-10 illustrate the predictive modeling of forest
attributes across the entire test area. These intricate cartographic representations provide a
granular perspective on model predictions at a spatial resolution of 10 m. The three models
show varying degrees of accuracy in their estimations compared to observed data.

GBTA consistently provides predictions that closely align with the actual data, partic-
ularly excelling in capturing the upper range of values such as taller tree heights, larger
DBH, higher volumes, and BA. RF generally achieves accuracy comparable to GBTA but
tends to produce more moderate predictions. It often smooths out extremes and may
slightly underpredict in areas with exceptionally large trees. CART, on the other hand,
tends to underpredict, especially in regions with higher observed values, showing a more
conservative approach, particularly in predicting larger trees in terms of H, DBH, and Vol.
Overall, GBTA is the most accurate visually for environments with high variability; RF
offers reliable but more moderate predictions, and CART is best suited for scenarios where
lower, conservative estimates are preferable.
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Figure 7. Forest Characteristic Mapping for the BA using (a) RF, (b) GBTA, (c) CART, (d) Field

measurements.

550602E

551692E

470650N

469430N

550602E

5506026

551692E

551692E

470650N

469430N

550602E

551692E

470650N

469430N

470650N

469430N

A

550602E

551692E

470650N

Legend|

Vol (m3/ha)
Bl <=38
I 38- 191

Bl 191-
I 266 -
I 298 -
-347
I 347 -
- 404
[ 404 -
I 444
[ 488-

I 323
I 373

266
298
323

373
444

488
539

=] > 528

469430N

470650N

469430N

550602E

550602E

551692E

551692E

+

470650N

0

250 500m

4694300

470650N

469430N

550602E

551692E

Figure 8. Forest Characteristic Mapping for the Vol using (a) RE, (b) GBTA, (¢) CART, (d) Field

measurements.



Remote Sens. 2025, 17,715

14 of 26

550602 551692E

470650N

469430N

550602E 551692E

470650N
470650N

469430N

469430N

Legend|
H (m)

550602€ 551692E

550602E 551692E B 19-23

470650N

469430N

<=1
B 0-19

470650N

469430N

2324
[ 24- 25
[125-25
o 25-26
B %627
2728
%

470650N

470650N

0 250 500m
—

469430N
469430N

550602E 551692E

5506026 551692E
550602E 551692E

470650N

469430N

550602E 551692E

Figure 9. Forest Characteristic Mapping for the H using (a) RFE, (b) GBTA, (c¢) CART, (d) Field
measurements.

550602E 551692E

470650N

469430N

550602E 551692E

470650N
470650N

469430N
o
=
8
469430N

550602E 5516926 B 26-28
550602E 551692E -3

- +

470650N

469430N

470650N

469430N

550602E 551692E
550602 551692E

470650N
(]|
88
g &
470650N

0 250 500m
—_—

469430N
469430N

470650N

469430N

550602E 551692E

Figure 10.

Forest Characteristic Mapping for the

(d) Field measurements.

550602E 551692E

DBH using (a) RF, (b) GBTA, (c¢) CART,

3.2.2. Evaluation of Predictive Accuracy in Forest Attribute Estimation Across
Different Resolutions

The accuracy of these algorithms in predicting the independent dataset when varying

the pixel size from low to high is presented in Table 2. This comprehensive assessment
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allowed for an optimal determination of the balance between detail and precision for
optimal prediction.

Table 2. Performance of forest attributes estimation models with independent datasets at
different resolutions.

Attribute  Algorithm Resolution R? RMSE rRMSE (%) MAE
10 0.285 9.200 0.288 7.921
RF 50 0.297 6.935 0.212 6.241
100 0.578 5.248 0.162 4.483
DBH 10 0.278 9.218 0.293 7.885
(cm) GBTA 50 0.312 6.037 0.186 7.377
100 0.596 4.219 0.138 4.326
10 0.244 9.179 0.306 7.754
CART 50 0.220 8.974 0.310 4.752
100 0.577 4.982 0.155 3.498
10 0.207 6.062 0.245 5.254
RF 50 0.419 3.359 0.135 2910
100 0.504 4.300 0.173 3.865
10 0.201 6.091 0.242 5.418
H GBTA 50 0.466 3.299 0.131 3.028
100 0.555 4.155 0.165 4.103
10 0.176 6.270 0.260 5.192
CART 50 0.349 3.484 0.135 2.837
100 0.417 4.507 0.175 3.723
10 0.234 120.943 0.297 102.554
RF 50 0.215 59.666 0.149 49.566
100 0.286 66.809 0.1278 56.783
10 0.222 134.598 0.344 100.610
Vol GBTA 50 0.367 87.015 0.229 39.646
100 0.388 64.431 0.1531 44.834
10 0.217 120.067 0.294 109.795
CART 50 0.061 50.781 0.148 65.647
100 0.360 59.374 0.1405 53.118
10 0.286 6.592 0.217 5.433
RF 50 0.343 6.203 0.202 5.424
100 0.194 7.897 0.260 7.046
10 0.281 9.285 0.323 5.723
BA GBTA 50 0.358 6.626 0.227 6.600
100 0.153 8.171 0.283 8.587
10 0.351 6.993 0.228 7.484
CART 50 0.256 7.392 0.238 5.614
100 0.102 9.451 0.309 7.430

At the 10 m resolution, the accuracy of the models is generally low. This finer resolution
tends to introduce more variability and noise into the data, which the models struggle
to handle effectively. Consequently, the coefficient of determination values are lower,
suggesting that the models account for less variance in the data. Furthermore, the error
metrics are higher, indicating reduced predictive performance.

Figures 11-14 show the scatterplots for the model’s performance within the test area.
When examining DBH and H, both RF and GBTA algorithms demonstrate significant
improvement in R? at 100 m (about 55% of the dataset was accurately predicted) with the
lowest RMSE and rRMSE values, suggesting that higher pixel sizes lead to better predictive
accuracy for these attributes. The CART algorithm follows a similar trend, with the best
performance observed at 100 m for both DBH and Height at 41.7%. This proves that for
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predicting DBH and Height, higher resolutions (100 m) generally provide more accurate
and precise results across all three algorithms, particularly for RF and GBTA.

For Vol, the RF and CART algorithms show slight improvements in R? at 100 m, but
this comes with significantly higher RMSE and rRMSE. In contrast, the GBTA algorithm
demonstrates superior performance, with notable improvements in accuracy and decreas-
ing errors at both 50 m and 100 m resolutions. For BA, the optimal accuracy and precision
were at 50 m resolution for RF and GBTA algorithms, with a significant improvement in
error metrics. The CART algorithm performs best at 10 m but shows a decline in accuracy
at higher resolutions. This indicates that the models struggle particularly with predicting
Vol and BA effectively, even when considering larger resolutions.
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Figure 11. Scatterplots for the model’s performance with the test area for BA prediction under
different resolutions.
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Figure 12. Scatterplots for the model’s performance with the test area for H prediction under
different resolutions.
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Figure 13. Scatterplots for the model’s performance with the test area for DBH prediction under
different resolutions.
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Figure 14. Scatterplots for the model’s performance with the test area for Vol prediction under
different resolutions.

3.2.3. Results of Evaluation of Model-Predicted Volume Accuracy Against NFI Data

The comparison of model-predicted volume against NFI data (Figure 15) highlights
GBTA as the most accurate model (R? = 0.915), effectively capturing volume variations
due to its iterative error correction. RF also performed well (R? = 0.842) but showed slight
underestimation at higher values, likely due to its averaging nature. In contrast, CART
had the lowest accuracy (R? = 0.656), struggling with continuous variability due to its
hierarchical partitioning.
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Figure 15. Comparison between NFI volume measurements at national and regional levels against
predicted models, using (a) RE, (b) GBTA, (c) CART.

These results validate that the independent field data used in modeling was enough to
produce a model comparable with the structured sampling approach of NFI. Moreover, the
evaluation emphasizes GBTA's suitability for complex forest volume predictions, while RF
remains a reliable alternative. The findings underscore the importance of selecting models
based on attribute complexity to enhance large-scale forest inventory accuracy.

4. Discussion

Romania’s forests, recognized for their exceptional diversity and critical contribu-
tions to carbon sequestration, biodiversity conservation, and sustainable resource man-
agement [1,64], face challenges to be monitored efficiently at a national scale. Traditional
ground-based inventories, although highly accurate, are resource-intensive and insuffi-
cient for large-scale, frequent assessments [7,65]. Against this backdrop, our study aimed
to model and map key forest attributes, including Vol, BA, DBH, and H, by integrating
Sentinel-2 remote sensing data with advanced ML techniques. This approach was de-
signed not only to overcome the limitations of conventional methods but also to generate
comprehensive, high-resolution maps that support sustainable forest management and
policy-making [4,17].

Our research focused on comparing the performance of three prominent ML algo-
rithms, RE, GBTA, and CART, in predicting forest attributes across Romania’s diverse
temperate ecosystems. Each algorithm has unique strengths and limitations. GBTA, for in-
stance, consistently delivered high accuracy, especially for complex and variable attributes
like standing volume and DBH. When optimized to a complexity level of 2500 trees, GBTA
achieved an R? of 0.93 for volume estimation, outperforming the other models in both
accuracy and error metrics [38,75]. This superior performance can be attributed to GBTA's
iterative boosting mechanism, which refines predictions by focusing on previously mispre-
dicted samples and thereby effectively capturing nonlinear relationships inherent in forest
structure data [76].

RF also demonstrated robust predictive capabilities, explaining over 80% of the vari-
ance for most forest attributes. The ensemble approach of RF, which combines the pre-
dictions of multiple decision trees through bagging [34], provides stability and resilience
against overfitting. However, our results indicated that RF tended to underpredict extreme
values, a tendency that has been noted in previous studies [31,32]. This limitation is likely
due to RF’s inherent smoothing effect, which, while beneficial in reducing variance, may ob-
scure important variations in areas with highly heterogeneous forest conditions. In contrast,
CART, known for its simplicity and interpretability, excelled in predicting BA by achieving
the lowest RMSE values among the models. Nonetheless, CART’s performance was less
robust for attributes like DBH and H, where its tendency to partition data into discrete
categories led to conservative and sometimes biased estimates [33,35]. This behavior aligns
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with earlier observations that CART models often require post-processing adjustments to
capture the continuous nature of complex environmental variables accurately [77,78]. In
this regard, the limitations of CART suggest that its inherent structure may not be well-
suited for capturing continuous variations in all forest attributes; alternative improvement
strategies or model adjustments might be needed to improve its performance for variables
such as DBH and H [79].

A critical objective of our study was to evaluate the influence of model complexity
on predictive performance. Our findings clearly indicate that increasing the number
of trees in GBTA markedly improves its accuracy. The boosting mechanism inherent
to GBTA allows the model to iteratively correct its errors, thus progressively reducing
prediction discrepancies [75]. Conversely, our experiments with RF revealed that beyond
a certain threshold, adding more trees did not significantly enhance performance. This
observation is consistent with previous research, which suggests that while RF is robust
against overfitting, its performance tends to plateau once an optimal number of trees is
reached [34,80]. Although our evaluation of complexity was primarily based on the number
of trees, it is important to note that other factors—such as maximum tree depth, the number
of features considered per split, and overall computational cost—also contribute to model
complexity. Future studies may benefit from incorporating these additional indicators to
provide a more nuanced understanding of the trade-offs between model complexity and
predictive performance. The manual grid search for hyperparameter tuning, although
time-consuming due to GEE limitations [71,72], proved effective in optimizing our models,
ensuring a robust balance between computational efficiency and predictive accuracy.

Spatial resolution emerged as another significant factor influencing model perfor-
mance. Our sensitivity analysis on a unique, fully inventoried forest of 168 hectares in the
Lempes area revealed that finer resolutions (e.g., 10 m) introduce greater variability and
noise, which can overwhelm ML models and reduce their predictive accuracy for attributes
such as DBH and H [81,82]. In contrast, coarser resolutions (e.g., 100 m) tend to average out
noise and capture broader trends, leading to improved R? values and lower error metrics
for these attributes. However, this benefit comes with the trade-off of losing fine-scale
detail, which may be critical for certain management applications. Notably, for attributes
like standing volume and basal area, our models appeared less sensitive to changes in
spatial resolution, likely because these metrics depend more on aggregated forest structure
rather than fine-scale variability [83].

Another challenge faced during this study was the inherent variability in training
data and topographic complexity across Romania’s diverse forest ecosystems. The het-
erogeneity in species composition, management practices, and terrain creates complex
patterns that can be difficult for ML models to generalize. Our extensive field campaigns,
which collected detailed measurements from over 1300 circular plots, helped mitigate
these issues by providing a representative sample of Romania’s forests [57,58]. Despite
these efforts, variations in local conditions still introduced some degree of uncertainty in
model predictions. For example, while RF models showed relatively stable performance
in predicting H, their error metrics increased in areas with steep slopes or mixed species
stands, a phenomenon also observed in studies [23,84]. Moreover, uncertainties arising
from sensor errors, environmental heterogeneity, and inherent limitations in remote sensing
data interpretation further contribute to the overall prediction uncertainty [85]. These
aspects should be taken into account when generalizing the model outcomes to areas with
conditions that may fall outside the training distribution.

The broader applicability of our findings extends well beyond Romania. Many tem-
perate forest ecosystems around the world share similar challenges in terms of monitoring
and management. The methodologies developed in this study, particularly the integration
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of Sentinel-2 data with advanced ML algorithms, offer a scalable framework that can be
adapted to other regions facing similar environmental and logistical constraints [86,87].
The ability to generate accurate, large-scale maps of forest attributes is invaluable for sup-
porting decision-making processes related to timber harvesting, carbon accounting, and
biodiversity conservation. Moreover, the cost-effectiveness and efficiency of our approach
reduce reliance on resource-intensive ground surveys, thereby facilitating more frequent
and comprehensive forest monitoring [18,19].

In conclusion, this study underscores the transformative potential of integrating ML
with remote sensing for national-scale forest mapping. By leveraging Sentinel-2 imagery
and rigorous ground measurements, we developed a robust framework capable of accu-
rately predicting critical forest attributes such as standing volume, basal area, DBH, and tree
height. Among the ML algorithms tested, GBTA and RF emerged as particularly effective,
with GBTA demonstrating superior performance for complex attributes when tuned to
higher model complexity. CART, while offering excellent interpretability and high perfor-
mance for basal area, was less effective for capturing continuous variations in DBH and H.
Future work should further address the uncertainties and limitations highlighted here by
exploring alternative algorithms (e.g., deep learning or ensemble techniques like XGBoost,
incorporating additional complexity metrics, and investigating model-specific adjustments
to improve performance, particularly for CART in predicting continuous variables.

5. Conclusions

Our findings have significant implications for forest management and policy. The
scalable and cost-effective nature of the proposed approach not only enhances the accuracy
of forest inventories but also supports more informed decision-making for sustainable
resource management. As Romania and other temperate forest regions continue to grapple
with the challenges of forest degradation and climate change, the adoption of advanced
ML and remote sensing methodologies will be critical in ensuring the long-term health and
productivity of these vital ecosystems.

Future work should focus on integrating additional remote sensing data sources, such
as LiDAR or hyperspectral imagery, and exploring automated hyperparameter optimization
techniques to further refine model performance. Such advancements will likely lead to
even more precise and comprehensive forest attribute maps, reinforcing the role of modern
technologies in sustainable forest management globally.

Ultimately, this study represents a significant step forward in harnessing the power
of ML and remote sensing for forest monitoring. It provides a robust framework that not
only addresses the current gaps in national forest inventories but also offers a pathway for
applying similar methodologies to other regions, thereby contributing to global efforts in
forest conservation and sustainable resource management.
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Appendix A
Table Al. Descriptive statistics of the national scale dataset used for machine learning.
Stastic BA (m?/ha) DBH (cm) H (m) Vol (m3/ha)
Mean 30.554 32.195 24.564 389.643
Standard Error 0.388 0.347 0.171 5.921
Median 28.296 30.100 25.100 359.864
Mode 26.800 28.000 20.000 375.900
Standard 13.929 12.446 6.118 212.330
Deviation
Range 95.180 79.738 38.500 1554.389
Minimum 0.010 1.000 1.500 0.013
Maximum 95.190 80.738 40.000 1554.402
1st quartile 22.100 25.360 21.440 253.381
3rd quartile 36.413 37.590 28.260 480.499
CV % 45.589 38.659 24.908 54.494

Table A2. Descriptive statistics of the independent dataset used to validate the national product in
the test area.

Statistic BA (m2/ha) DBH (cm) H (m) Vol (m3/ha)
Mean 43.892 27.903 19.650 343.095
Standard Error 0.287 0.149 0.113 2.743
Median 41.188 27.513 19.197 315.663
Mode 43.800 31.300 22.700 269.850
Standard Deviation 16.791 8.727 6.589 160.335
Range 162.425 58.426 35.733 1723.700
Minimum 0.400 9.514 3.100 1.175
Maximum 162.825 67.940 38.833 1724.875
1st quartile 33.300 21914 14.800 244.844
3rd quartile 51.180 32.762 24.150 404.219
CV % 38.256 31.277 33.532 46.732

Table A3. Vegetation indices, band used, formula, and description.

Index Bands Used Formula Description, Applications, and Rationale
I\]g;gjel;zczd NIR (BS) Measures vegetation health by comparing NIR reflectance (healthy
X NDVI = (NIR—Red) vegetation) with Red reflectance (chlorophyll absorption). Chosen for its
Vegetation Index Red (B4) (NIR+Red) g phy P
8 (NDVT) widespread use in assessing vegetation cover and health.

Shadow Index (SI) (];3 lue (?]323)) SI = (1 — Blue) x Custom index to detect shadowed areas in forests using visible bands.
adow Index I;EZH(B 1) (1 — Green) x (1 — Red) Selected to differentiate shadows from water and dark surfaces.
Soil-Adjusted NIR (BS) Minimizes soil brightness influence, improving vegetation detection in

Vegetation Index Red (B4) SAVI = % x (1+1L) areas with sparse cover. Useful for agricultural fields and degraded
(SAVI) € ¢ lands.

Vegg’i;}tli&l;;?g dex 113{1:5 ((]];Z)) EVI — (NIR—Red)x2.5 Enhances sensitivity to dense vegetation, reducing soil and atmospheric
(EVI) NIR (BS) ~ (NIR+6Red—7.5Blue+1) effects. Effective in monitoring forest canopy health.

SWIRI (B11)

Differentiates bare soil from vegetation, useful in detecting exposed soils

: _ (SWIR1-SWIR2—NIR)
Bare Soil Index (BI) SVI\\/IIIIIQQZ(](S]Z?) BI = (SWIRT+SWIR2+NIR) +25 and erosion-prone areas. Selected for monitoring land degradation.
Di fflj ;;Tzlllrffrire d IR (B8) DIf — UR-NIR) Assesses water content in vegetation. Chosen for its ability to monitor
NIR (B8) N ~ (IR+NIR) drought stress and moisture levels in forests.

Index (NDII)
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Table A4. Scheirer—-Ray-Hare Test Results: Effect of Algorithm and Model Complexity on Perfor-
mance Metrics.

RMSE MAE rRMSE R?
Factor
DF H p-Value DF H p-Value DF H p-Value DF H p-Value
Algorithm 2 0.434 0.815 2 4.718 0.095 2 1.301 0.522 2 3.785 0.153
NO of trees 3 1.830 0.610 3 1.453 0.691 3 7.492 0.063 3 10.792 0.015
: 0

Interaction (N"of ¢y 357 71 6 3117 0379 6 4533 0217 6 11502 0014
trees * Algorithm)
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Figure A1. Distribution of plot clusters containing the number of plots used for training.
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