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ABSTRACT

Economically and environmentally sustainable utilization of forest resources requires 
monitoring, but extensive field surveys require, and the deployment of high-quality 
LiDAR sensors is not always economically viable. However, optical imagery collected 
either by satellite or an unmanned aircraft system (UAS) is available even in remote 
areas. We predicted stand volume (V), dominant height (hdom), number of trees (N), 
basal area (BA) and quadratic mean diameter (dq), using images collected by Landsat 8 
OLI (L8), Sentinel-1, Sentinel-2 (S2) and a UAS in natural pure Scots pine stands located 
in Northern Türkiye, which as a mountainous forested region presents a challenging 
test case. The stand metrics were modeled using multiple linear regression and artificial 
neural networks (ANNs) trained using Bayesian learning methods. Highest performance 
was found using L8 data for V (R2 = 0.84, logRMSE = 0.34) and S2 data for N (R2 = 0.70, 
logRMSE = 0.34), BA (R2 = 0.78, logRMSE = 0.31), hdom (R

2 = 0.82, logRMSE = 0.19) and dq 
(R2 = 0.83, logRMSE = 0.07). The optimal orientation and window size varied depending 
on the stand characteristic. The ANN performed well for V (R2 = 0.83, logRMSE = 0.38), N 
(R2 = 0.81, RMSE = 0.34), BA (R2 = 0.84, logRMSE = 0.27), hdom (R

2 = 0.71, logRMSE = 0.25) 
and dq (R2 = 0.89, logRMSE = 0.19). Stand metrics can be predicted in topographically 
challenging areas to a high accuracy using openly available satellite data.
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Introduction

Forests are functionally and structurally diverse terrestrial ecosystems, playing a significant role in human 
life (Chen et al., 2021). Besides providing wood-based products, forests also have ecological, environmental 
and socio-cultural roles in society (Gebreslasie et al., 2010). Monitoring stand metrics is crucial for the 
sustainable management of forests (Zahriban Heasari et al., 2019; Bulut et al., 2023a). Stand metrics have 
traditionally been derived from ground measurements, but conducting these measurements is particularly 
challenging in mountainous and dense forests, like those in Türkiye, due to the labor-intensive nature of 
such undertakings (Mohammadi et al., 2011).

Remote sensing (RS) data provide a cost-effective alternative to field data, enabling repeated observa
tions and stand-level predictions (Lu, 2006). Optical images with high temporal and spatial resolution are 
particularly valuable for dynamic forest monitoring due to their availability, coverage, resolution and 
manageable computational demands (Aksoy, 2024a; Günlü et al., 2021). RS data, especially from satellites 
with broad spectral ranges, are widely used to predict stand metrics over large areas (Tuominen & 
Haakana, 2005). Advances in satellite imagery with enhanced spectral, spatial and radiometric properties 
enable more accurate estimation of stand metrics while reducing the need for extensive ground measure
ments and lowering costs (Delegido et al., 2011; Dube & Mutanga, 2015). The use of Unmanned Aircraft 
Systems (UASs) has also recently become popular in forestry applications (Kalbi, 2011; Kameyama & 
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Sugiura, 2020; Krause et al., 2019). The ability to optimize flight and imaging parameters such as camera 
angle, flight altitude, acquisition time, spatial resolution and image overlap grants UASs a level of flexibility 
and precision that surpasses satellite-based data sources. Their very high spatial resolution (2.5–3.5 cm), 
capability for repeated data acquisition and customizable flight plans tailored to site-specific conditions 
provide substantial advantages for the accurate estimation of forest stand parameters (White et al., 2016). 
In recent years, in the monitoring of natural resources, the joint or comparative analysis of multi-source 
datasets with different spatial, spectral and temporal characteristics has become increasingly important, 
rather than approaches relying on a single remote sensing platform. Optical satellite remote sensing is 
widely used in environmental monitoring studies due to its capacity for wide-area and long-term 
observation (Kutser et al., 2009; Qiu et al., 2025; Shi et al., 2019). However, factors such as cloud cover, 
precipitation, imaging time and relatively coarse spatial resolution can prevent satellite data from 
adequately representing the high heterogeneity at the local scale or meeting urgent monitoring require
ments with sufficient detail (Qiu et al., 2025). Due to these limitations, the joint analysis of satellite, UAS 
and ground based observations as complementary data sources with distinct spatial and temporal 
advantages is becoming increasingly important for monitoring environmental variability in a more 
detailed and comprehensive manner (Kwon et al., 2020; Qiu et al., 2025).

The Landsat program has been a widely used source of freely available satellite images since 1972 (Phiri & 
Morgenroth, 2017). More recently, the Sentinel-2 satellite series (EU Copernicus program) has offered 
improved data for forest monitoring, featuring four additional spectral bands sensitive to chlorophyll changes, 
higher accuracy and better cost efficiency compared to Landsat (David et al., 2022). Sentinel-2 also has a higher 
spatial resolution, enabling more detailed vegetation information (Jiang et al., 2022). Besides optical sensors, 
active satellite technologies like LiDAR and Synthetic Aperture Radar (SAR) are also employed for estimating 
stand metrics (Keleş et al., 2021; Sinha et al., 2015). Models based solely on short-wavelength SAR images 
generally perform worse than those using P, L bands alongside passive satellite data (Güverçin & Günlü, 2023).

Forest stand characteristics have been predicted in the literature using Multiple Linear Regression (MLR), as 
well as machine-learning approaches such as k Nearest Neighbor (kNN), Support Vector Machine (SVM), 
Random Forest (RF) (Aksoy, 2024b), Bayesian Additive Regression Trees (BART), Classification and 
Regression Tree (CART) and Artificial Neural Network (ANN) techniques (Ozkan & Demirel, 2018; Wu 
et al., 2016; Turgut and Günlü, 2022; Bulut, 2023b). However, assumptions of linearity and distribution are 
known to affect the performance of parametric models (Were et al., 2015; Zhao et al., 2019). While these 
problems can be tackled by transforming variables or using generalized additive models, it may be laborious to 
find the optimal model. On the other hand, machine-learning methods often do not need to make any 
assumptions at all (Andersen, 2009; Thanh Noi & Kappas, 2017) and have thus been commonly employed 
during the past decade (Ahmadi et al., 2020; Keleş et al., 2021; Zhao et al., 2019).

ANN and MLR are commonly used to estimate forest stand metrics from remote sensing data because they 
effectively capture relationships between spectral, textural and structural variables and stand variables. MLR is 
often favored for its statistical transparency and ease of interpretation (Hudak et al., 2002; Mutlu et al., 2008). 
Conversely, ANNs have shown superior performance in modeling complex and nonlinear interactions, offering 
greater flexibility in handling high-dimensional and multicollinear datasets (Ozkan et al., 2012; Zhang et al., 
2019). ANNs are especially useful when data variability arises from factors like forest type, topography, or 
sensor differences. Moreover, comparative studies show that both ANN and MLR often achieve competitive or 
better prediction accuracy than other machine-learning methods like RF, particularly when training the data 
are limited (Fassnacht et al., 2016; Latifi et al., 2015). The widespread use of both ANN and MLR reflects a 
balance between model performance, interpretability and practicality. Although ANNs are capable of modelling 
complex and non-linear relationships between remote-sensing predictors and forest stand parameters, they 
may be prone to overfitting, particularly when the number of predictors is high relative to the number of 
training samples. Therefore, appropriate training and regularization strategies, such as Bayesian regularization 
and early stopping procedures, are commonly used to improve model generalization and reduce overfitting risk 
(Bolat, 2021; Okut, 2016; Skudnik & Jevšenak, 2022).

Machine learning methods have proven effective for predicting stand metrics in temperate forests 
(Ahmed et al., 2015; Sakıcı and Günlü, 2018; Ahmadi et al., 2020; Bulut et al., 2024; Günlü et al., 2021). 
Despite many studies predicting stand metrics, comprehensive comparisons between satellite and UAS 
optical imagery are rare in the literature, and completely lacking for natural Scots pine forests. The 
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mountainous terrain of Northern Türkiye and the complexity of natural stands, provide a truly challenging 
environment requiring significant robustness from the models. In this work, we compare the predictive 
performance of datasets derived from satellite imagery (L8, S1 and S2) and cost effective RGB sensor based 
UAS imagery in natural pure Scots pine forests located in mountainous regions. Our study differentiates 
itself by processing and comparing UAS and satellite imagery through methodologically consistent 
workflows, where feature extraction and modeling follow the same steps for both UAS and satellite 
data. A distinctive aspect of this study is the systematic optimization of ANN hyperparameters (learning 
rate and momentum). This study provides a detailed evaluation of how MLR and ANN perform across 
different RS data sources, while also identifying the most influential variables for predicting key stand 
characteristics, thereby offering practical insights for forest managers, planners and researchers seeking 
efficient and scalable inventory solutions.

Material and methods

Study area

This study was carried out in the Sinop Regional Directorate of Forestry (RDF) located in the northern 
part of Türkiye between the longitudes of 34° 10′ 26″ and 35° 30′ 06″ E and the latitudes of 42° 05′ 30″ and 
41° 20′ 30″ N in Pure Scots pine (Pinus sylvestris L.) stands (Figure 1). The study area receives the highest 
rainfall in October and the lowest in May, with an average annual precipitation of 685.7 mm. The annual 
average temperature is 14 °C (GDF, 2022).

Data

Ground measurements of volume (V), basal area (BA), quadratic mean diameter (dq), dominant height 
(hdom) and stem density (N) were collected from 184 sample plots covering various development stages, 

Figure 1. Map of the study area. (a) An example image of the sample plot where ground measurements were conducted; 
(b, d) example digital UAS orthomosaic images of the study area; (c) UAS used in the study.
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canopy closures and site qualities. RSdata included S1, S2, L8 satellite images and UAS images. The S1 
dual-polarized VV/VH image from October 17, 2021, was obtained from ESA's Copernicus Access Hub. S2 
images dated October 15, 2021, with 13 spectral bands at resolutions of 10 m, 20 m and 60 m and L8 
images from September 26, 2021, with 11 spectral bands at resolutions of 15 m, 30 m and 100 m, were 
acquired from the USGS Earth Explorer. UAS images were captured between August and October 2021 
using a DJI Inspire-2 drone equipped with a Zenmuse X-5S sensor. Because the UAS lacked Real-Time 
Kinematic (RTK) capability, centimeter-precision Ground Control Points (GCPs) were established with 
GNSS receivers to improve positional and altitude accuracy (Figure 2).

Ground measurements

Traditional forest inventory measurements were conducted on 184 circular plots. Sample plot sizes were 
chosen depending on forest canopy closure: 400 m2 for fully covered stands (71%–100%), 600 m2 for 
medium closure stands (41%–70%) and 800 m2 for scattered stands (11%–40%). The diameter at breast 
height (DBH) of all trees with DBH ≥ 8 cm was recorded. In young stands, trees with a DBH of less than 
8 cm were also included. Additionally, the number of trees was determined in each sample plot, and the 
heights of a sufficient number of dominant and co-dominant trees were measured to determine the 
dominant height of the stand according to the 100-tree method per hectare, and the stand metrics were 
calculated based on these (Table 1). The single-entry Scots pine volume equation (see Equation (1)) 
developed for the Western Black Sea Region (R2 = 0.993), was used (Yavuz et al., 2010) for volume 
estimation:

V d
d

ln( ) = 8.209 + 2.324 3.664 , (1) 

where V is the volume, d is the DBH (diameter at 1.3 m) and ln is the natural logarithm.

Satellite and UAS data

RS data from S1, S2, L8 and UAS images were utilized. S1 images were preprocessed using SNAP software, 
calculating backscatter (dB) and band reflectance for VV and VH polarizations. The preprocessing in 
SNAP via ‘Graph Builder’ included eight steps: reading the image, applying orbit files, thermal noise 
removal, calibration, speckle filtering, terrain correction, conversion from dB to linear scale and saving the 
image. The preprocessed S1 raster layers were then imported into ArcGIS 10.7 and spatially overlaid with 
the circular sample plot polygons. The plot polygons were used as zonal units to extract plot level VV and 

Figure 2. Technical specifications of the DJI Inspire 2 UAS platform and DJI Zenmuse X5S optical sensor used for UAV 
image acquisition.
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VH values from the S1 raster layers using ArcGIS's ‘zonal statistics’ tool. Thus, dB and digital band values 
for VV and VH polarizations were calculated for each plot (Aksoy, 2022).

S2 and L8 images were preprocessed in QGIS 3.8.1 using the Semi-Automatic Classification Plugin 
(SCP) only for radiometric preprocessing and the derivation of band reflectance values. No thematic or 
land cover classification was performed in this step. The resulting reflectance raster layers were imported 
into ArcGIS 10.7 and spatially overlaid with the circular sample plot polygons based on canopy closure. 
Plot level reflectance values were extracted from each raster layer using ArcGIS's ‘zonal statistics’ tool, and 
VIs were computed from these values (Supplementary material, Table S1). Additionally, texture datasets 
were generated in ENVI 5.2 using S2 and L8 images, including eight texture features—mean (M), 
correlation (COR), variance (VAR), homogeneity (HOM), dissimilarity (DIS), contrast (CONT), second 
moment (SM) and entropy (ENT)—calculated for four orientations (0°, 45°, 90°, 135°) and seven window 
sizes (3 × 3 to 15 × 15). In total, 3808 texture datasets were produced using 17 bands, 8 features, 7 window 
sizes and 4 orientations. Each pixel is analyzed with its surrounding neighborhood based on the window 
size, representing spatial resolution. Small windows capture leaf details, while larger ones detect tree group 
boundaries more accurately. Image orientation reflects the angle of structural features in satellite data 
(Haralick et al., 1973). The inclusion of texture metrics in the modeling process of this study aimed to 
accurately represent the structural characteristics and spatial heterogeneity of forest cover. This is because 
GLCM (Gray-Level Co-occurrence Matrix)-based metrics such as contrast, homogeneity, entropy and 
variance capture the reflectance properties of surface elements, including tree crowns, shadows, gaps and 
understory vegetation, within a spatial context, thereby complementing the limited discriminative power 
of spectral data (Haralick et al., 1973). Smaller window sizes (3 × 3–5 × 5) capture the local variability of 
individual trees or small clusters, whereas larger windows (11 × 11–15 × 15) represent the overall stand- 
level structure and heterogeneity (Pu & Landry, 2012). By utilizing varying window sizes, the spatial 
structure at both individual tree and stand scales can be modeled separately.

UAS images were acquired using a DJI Inspire 2 UAS platform equipped with a DJI Zenmuse X5S 
optical camera. The Zenmuse X5S camera includes a 4/3″ CMOS sensor with a resolution of 20.8 MP and a 
pixel size of 3.4 μm. A 15 mm focal length lens was used during image acquisition. The technical 
specifications of the UAS platform and optical sensor are presented in Figure 2. Ground control points 
were established beforehand, and flight plans were prepared based on the UAS's battery limits. Takeoff 
points and altitude data were extracted for each plan, and the minimum altitude was determined. A 
uniform flight altitude of 120 m was set for all plots. Side and front overlap ratios were set at 70% and 80%, 
respectively, and the camera angle was fixed at 90° (Nadir). Flights were conducted between 11am and 
3pm under minimal cloud cover to ensure optimal lighting and image quality. Orthomosaics, digital 
terrain models (DTM), digital surface models (DSM) and reflectance images were produced. All images 
contained three bands (red, green, blue) and an additional grayscale (panchromatic) band (Equation (2)), 
generated to support vegetation index calculations (Aksoy & Günlü, 2025).

Grey scale = 0.2126 × Red + 0.7152 × Green + 0.0722 × Blue. (2) 
UAS image processing was carried out in three stages using Pix4D software (Figure 3). First, images 

were aligned and calibrated with camera parameters and ground control points for precise geographic 
positioning. Next, point clouds and solid models were generated, classified and used to create a digital 
terrain model (DTM) and 3D textured models. Finally, a DSM filter was applied to produce DSM, 

Table 1. Formulae for the calculation of stand metrics.
Stand parameter Formula Variables

dg [cm] d d=g n i
n

i
1

=1
2 dg = quadratic mean diameter 

d1,…,dn = measured tree diameter 
n = no. of measured trees

hdom [m] h h=
n i

n
idom

1
=1

hdom = dominant height 
h1…hn = measured tree heights (100 tallest per hectare)

N [trees/ha] nN = ×
SPS

10000 N = no. of stand trees (ha) 
SPS = sample plot size (m2)

BA [m2/ha] gBA = ×10000
SPS

BA = stand basal area (ha) 
g = basal area of the sample plot

V [m3/ha] vV = × i
n

i
10000

SPS =1
V = stand volume (ha) 

vi = volume of tree i
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orthomosaic and DTM raster images, which were combined into reflectance images for the study area. An 
example is shown in Figure 4.

Sixteen UAS flights were conducted to cover the plots. Fifteen vegetation indices were calculated from 
UAS data, adding to those from satellite images, resulting in 39 vegetation indices for modeling (Table S1). 
The dataset was created by converting S2, L8 and UAS image bands into vector layers in ArcGIS, 
overlaying them with plot polygons. For the modelling analyses, the remote sensing derived variables 
obtained from UAS, S1, S2 and L8 data were organized into 31 input datasets according to sensor type, 
data type, vegetation indices, reflectance values, backscattering values and GLCM-based texture configu
rations. These datasets were generated to evaluate the predictive contribution of different remote sensing 
data groups rather than individual variables. The descriptions of the remote-sensing-derived datasets used 
as input datasets in the modelling process are presented in Table S1a.

Models

The modeling workflow is shown in Figure 5. In this study, the modeling process was structured in two 
stages. In the first stage, 31 different remote sensing datasets were modeled separately using the MLR 
technique for the parameters V, BA, N, hdom and dq. These datasets consist of UAS based digital number 
values, UAS and satellite-based vegetation indices, reflectance values, S1 backscatter values and GLCM- 
based texture datasets derived from different window sizes and orientations. Tables S2–S4 (in the 
Supplementary material) represent the different input datasets, with each row corresponding to a separate 
modeling scenario. All candidate variables within each dataset were included in the stepwise MLR 
algorithm, and only those found to be statistically significant were retained in the final model (Table S5).

In the second stage, the dataset yielding the best results in the MLR analysis was identified for each 
stand parameter, and the significant variables selected from this dataset (Table S5) were used as input 
variables in the ANN modeling. Thus, the ANN models were developed not using the entire high- 

Figure 3. The general UAS image processing methodology.
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dimensional dataset, but rather using groups of variables that had been filtered by MLR and proven to be 
statistically significant. The dataset was randomly divided into two subsets: 80% (150 plots) for model 
development and 20% (34 plots) for testing. After estimating forest cover using MLR and ANN, the 
Bland–Altman method was used to assess whether there were any significant differences between the two 
modeling techniques. The UAS models DN and VIs were modelled without transforming the response 
variable, and the satellite models and UAS RV with log-transformed response variables.

Multiple linear regression analysis
A stepwise MLR algorithm was utilized to predict stand metrics with the level of statistical significance set 
at p = 0.05. IBM SPSS 21 software was used. MLR analyses were performed separately for each stand 
parameter using 31 different remote sensing derived input datasets. Each input dataset represents a specific 
combination of sensor, feature group, texture orientation, or window size. Depending on the input dataset, 
the candidate predictor variables in the MLR analyses included DN values, RV values, VIs, S1 back
scattering values and GLCM-based texture metrics derived from UAS, S1, S2 and L8 data. VIs were 
included in the UAS VIs, S2 VIs and L8 VIs datasets, whereas the remaining datasets consisted of sensor- 
specific spectral, backscattering, or texture-derived variables. The 31 remote-sensing-derived input datasets 
are described in Table S1a. All candidate variables in the relevant dataset were included in the stepwise 
MLR process, and variables found to be significant at the p ≤ 0.05 level were retained in the final model. In 
the stepwise MLR procedure, the contribution of each candidate variable was evaluated after accounting 
for the predictors already included in the model. Therefore, variables that did not provide additional 
independent explanatory information, including variables carrying redundant or highly overlapping 
information with the retained predictors, were excluded from the final model. In this way, the stepwise 
selection process was used to obtain a parsimonious predictor set and to reduce collinearity-related 
redundancy within each dataset-specific MLR model. This approach was used to compare the predictive 

Figure 4. Image series created with UAS imagery (Example parcel, Sakız Planning Unit).
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performance of different remote-sensing-derived datasets and to reduce predictor redundancy, 
collinearity-related effects and overfitting risk arising from the large number of spectral, index based 
and texture derived variables. Using the performance metric values presented in Tables S2–S4, the 
performance metrics of the MLR models created for each parameter using the relevant dataset were 
evaluated. The response variable Mi (dq, hdom, N, BA, or V) for the plot i is given by the equation

M X= + + ,i j
n

j j i i0 =1 , (3) 

where X1,i, X2,i, …, Xn,i denote the features for the plot I, which have been obtained from L8, S2, S1 and 
UAS images, β0, β1, β2……βn are the regression coefficients, and ε i is a normally distributed error term.

Artificial neural networks
ANN models were implemented in MATLAB using a feed-forward neural network architecture (Bolat, 
2021). The input variables used in the ANN models were determined through an MLR-based pre-selection 
process. In the first stage, 31 different remote-sensing-derived input datasets were tested separately using 
MLR for each stand parameter, and the best-performing dataset was identified. Subsequently, the 
statistically significant variables retained in the best performing MLR model were selected and used as 
input variables in the ANN model for the corresponding stand parameter (Table S5). Thus, ANN 
modelling was performed using MLR selected predictors with statistically supported explanatory power 
rather than the entire high dimensional RS dataset. This two stage modelling strategy was applied to 
reduce the influence of unnecessary or weak explanatory variables, control model complexity and reduce 
overfitting risk under limited sample size conditions. For each stand parameter, the ANN input layer 

Figure 5. Flowchart of the methodology utilized in this study.
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consisted of the significant predictors selected from the corresponding best performing MLR model. 
Therefore, the number of input neurons varied according to the parameter-specific variable set presented 
in Table S5. The network architecture consisted of one hidden layer with two neurons and one output 
neuron representing the target stand parameters. A hyperbolic tangent sigmoid transfer function was used 
as the activation function in the hidden layer, while the output layer was used to produce continuous 
standard parameter estimates. Before training, input and output variables were normalized to the range of 
−1 to +1 using the mapminmax function to improve numerical stability and model generalization (Foresee 
& Hagan, 1997). Bayesian regularization backpropagation was used as the training algorithm. In this 
procedure, the objective function considers both prediction error and the magnitude of network weights, 
thereby penalizing overly complex weight structures and improving the generalization ability of the 
network. Therefore, Bayesian regularization was used as the main regularization mechanism to reduce 
overfitting risk, particularly because the number of observations was limited relative to the number of 
remote-sensing-derived predictors (Foresee & Hagan, 1997).

To evaluate the effect of training parameters on ANN performance, 17 different ANN configurations 
were tested for each stand parameter. In the remaining eight configurations, the learning rate was varied 
from 0.2 to 0.9 while the momentum coefficient was fixed at 0.1. In the remaining eight configurations, the 
learning rate was varied while the momentum coefficient was fixed at 0.1. Learning rate and momentum 
parameters were evaluated because they may influence convergence behavior, training stability and 
prediction error in ANN modelling (Lawrence et al., 1997). Each ANN configuration was trained and 
evaluated separately, and the configuration providing the best predictive performance was selected as the 
final ANN model for the corresponding stand parameter. Repeated training runs were also performed to 
reduce the influence of random initialization of network weights and biases.

Model performance criteria
The predictive model performance was evaluated based on the coefficient of determination (R2

adj, 
Equation (4)), root mean squared error (RMSE, Equation (5)), mean absolute error (MAE, Equation 
(6)), bias (Equation (7)), as well as the Bayesian information criterion (BIC) and Akaike's information 
criterion (AIC). The relevant formulae are:

R
n y y
n p y y

= 1
( 1) ( ˆ )
( ) ( )

,i
n

i i

i
n

i i
adj
2 =1

2

=1
2 (4) 

n
y yRMSE = 1 ( ˆ ) ; log RMSE = log (RMSE),i

n
i i=1

2 (5) 

n
y yMAE = 1 | ˆ |,i

n
i i=1 (6) 

y y
n

Bias =
( ˆ )

.i
n

i i=1 (7) 

High model performance is indicated by large R2 values and small RMSE, MAE, Bias, BIC and AIC 
values. The Relative Ranking Method by Poudel and Cao (2013) was used to select the best model by 
considering all criteria (Ri), given by Equation (8):

R S S
S S

= 1 + (m 1)( ) .i
i min

max min
(8) 

This method ranks closeness and distance values for each criterion, sums the Ri scores and identifies the 
model with the lowest total Ri as the best performer (Ercanlı et al., 2018).

Results

The mean values for dq, hdom, N, BA and V were 24.13 cm, 16.89 m, 884 stems ha−1, 28.15 m2 ha−1 and 
259 m3 ha−1 (Table 2). The volume range was 21–865 m3 ha−1 and dominant height range 4.52–34.90 m.
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Multiple linear regression analysis

The MLR result tables are given in Supplementary material (Tables S2–S4) and Figures 6 and 7. Reflectance 
data from S2 resulted in best the best performance for V (logRMSE = 0.65), while UAS performance was low 
(RMSE = 190 m3 ha−1), though the numbers are not directly comparable. For vegetation indices, L8 performed 
best (logRMSE = 0.61), and UAS again relatively poor (RMSE = 179.07 m3 ha−1). Texture-based models per
formed best with S2 and a 11 × 11 window size (logRMSE = 0.41) and the worst for 3 × 3 window with L8 
(logRMSE = 0.54). The best orientation for texture features was 135° in L8 (logRMSE = 0.34), and the worst was 
190° in L8 (logRMSE = 0.56). UAS digital band values and S1 backscatter and digital number data did not 
result in reasonable models.

For BA, the best performance for reflectance was with L8 (logRMSE = 0.49), while UAS performance was 
poor (RMSE = 15.98 m2 ha−1). The best performance for vegetation indices was with S2 (logRMSE = 0.52) and 
again poor for UAS (RMSE = 14.87 m2 ha−1). For models based on texture features obtained from L8 and S2, 
the best performance was found for the 9 × 9 window size and S2 (RMSE = 0.31 m2 ha−1) and the worst with 
5 × 5 window size and S2 (logRMSE = 0.35). The best orientation for texture features was found 0° (S2; 

Table 2. Descriptive statistics values for stand metrics.
Metrics Min. Max. Mean SD

dq (cm) 5.62 55.98 24.13 13.18
hdom (m) 4.52 34.90 16.89 7.80
N (number ha−1) 100 2800 884 689
BA (m2 ha−1) 4.20 79.41 28.15 19.40
V (m3 ha−1) 21 865 259 225

Figure 6. Variation in RMSE and total relative rank numbers of models derived from remote sensing data for MLR 
method (This graph for V, for the others see Supplementary material).
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Figure 7. Observation, prediction and error distribution plot for multiple linear regression (for model and test) for the 
log-transformed metrics V, BA, N, hdom and dq.
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logRMSE = 0.30) and the worst was 45° (S2; logRMSE = 0.36). UAS digital band values could not predict BA. 
The performance of models using backscattering and digital number data of the S1 active satellite image 
was poor.

For N (Table S3), L8 performed best (R2 = 0.62; logRMSE = 0.48) and UAS worst 
(logRMSE = 0.74). Vegetation indices worked best with S2 (logRMSE = 0.49) and poorly with UAS 
(RMSE = 639.80 number ha−1). 15 × 15 window of S2 was optimal for texture-based models 
(logRMSE = 0.34) and 7 × 7 window of L8 was the worst (logRMSE = 0.36). For texture orientation, 
the best was 135° (S2; logRMSE = 0.41) and the worst was 90° (S2; logRMSE = 0.39). UAS digital 
bands or S1 backscatter/digital band data could not predict N.

For hdom, reflectance performance was best with S2 (logRMSE = 0.25), and worst with L8 (logRMSE = 0.84). 
Vegetation indices performed best with S2 (logRMSE = 0.25) and badly with UAS (RMSE = 5.69 m). Among 
texture-based models, the 5 × 5 window of S2 had best performance (logRMSE = 0.19), and 3 × 3 window of S2 
had the lowest (logRMSE = 0.22). For texture orientation, 90° of S2 performed best (logRMSE = 0.24), while 
135° of L8 had the worst, though just measured on RMSE seems to perform well (logRMSE = 0.20). Models 
based on UAS digital band and reflectance data and S1 backscattering and digital bands performed poorly.

Finally, for dq, the best reflectance performance was found with L8 (logRMSE = 0.30), and the worst 
with S2 (logRMSE = 0.31). Vegetation indices performed best with L8 (logRMSE = 0.30). Among texture- 
based models, the 5 × 5 window of S2 was best (logRMSE = 0.21), while the 7 × 7 window of S2 was worst 
(logRMSE = 0.07). For texture orientation, 0° of S2 was best (logRMSE = 0.26) and 135° of L8 the worst 
(logRMSE = 0.23). UAS reflectance models and models utilizing S1 backscattering and digital band data 
performed poorly.

Artificial neural networks

Prediction of the stand metrics with ANNs was carried out using the RS data which performed best in the 
MLR modelling (Supplementary material Table S5). A total of 17 models were developed for each stand 
metric by applying different learning rates and momenta in the models (Figure 8, Tables S6–S8). For V, the 
highest R2 and the lowest total relative rank were recorded in model V2 (Model R2 = 0.83; logRMSE = 0.38, 
Test R2 = 0.77; logRMSE = 0.47) (Table S6). Overall, although the R2of models V4, V6 and V7 were higher 
and their total relative ranks were lower compared to model V2, they were not selected as suitable models 
for V due to overfitting problem (Figures 9 and 10). As for BA, the highest R2 and the lowest total relative 
rank were obtained in model BA14 (Model R2 = 0.84; logRMSE = 0.27, Test R2 = 0.77; logRMSE = 0.33). 
Although models BA5 and BA13 had the same R2 as model BA14, they were not selected as suitable 
models for BA due again to overfitting problems (Figures 9 and 10). For N, the highest R2 and the lowest 
total relative rank were obtained in model N13 (Model R2 = 0.80; logRMSE = 0.34, Test R2 = 0.70; 
logRMSE = 0.37) (Figures 9 and 10). When examining the model results for hdom, the highest R2 and 
the lowest total relative rank were obtained in model hdom5 (Model R2 = 0.70; logRMSE = 0.23, Test 
R2 = 0.70; logRMSE = 0.25) (Figures 9 and 10). Finally, as for dq, the highest R2 and the lowest total 
relative rank were obtained in model dq10 (Model R2 = 0.90; logRMSE = 0.19, Test R2 = 0.80; 
logRMSE = 0.26). Overall, although the R2-values of models dq2, dq3, dq4 and dq7 were the same as 
model dq10 and their total relative ranks were lower, they were not selected as suitable models for dq due 
again to overfitting problems (Figures 9 and 10).

ANN results are given as Tables in the Supplementary material (Tables S6–S8). For volume, the model V2 
performed best (Model R2 = 0.83; logRMSE = 0.38, Test R2 = 0.77; logRMSE = 0.47). Although the R2of models 
V4, V6 and V7 were higher and their total relative ranks were lower, they were discarded due to overfitting. For 
BA, BA14 was preferred (Model R2 = 0.84; logRMSE = 0.27, Test R2 = 0.77; logRMSE = 0.33). BA5 and BA13 
had the same R2 but were observed to have overfitting problems. For N, N13 was preferred (Model R2 = 0.80; 
logRMSE = 0.34, Test R2 = 0.70; logRMSE = 0.37). For hdom, hdom5 was selected (Model R2 = 0.70; 
logRMSE = 0.23, Test R2 = 0.70; logRMSE = 0.25). For dq (Table S8), the highest R2 and the lowest total 
relative rank were obtained in model dq10 (Model R2 = 0.90; logRMSE = 0.19, Test R2 = 0.80; logRMSE = 0.26). 
Although the coefficients of determination for models dq2, dq3, dq4 and dq7 were the same as model dq10 and 
their total relative ranks were lower, they were discarded as overfitted (Figures 9 and 10).
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Figure 8. Coefficient of determination plots of V, BA, N, hdom and dq obtained with the ANN method.
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The scatter plots for the ANN applied to the test data for V, BA, N, hdom and dq are also shown in 
Figure 10.

Bland–Altman analysis was used to MLR and ANN (Figure 11). In Figure 11, the dashed lines represent 
95% confidence intervals. The center dashed line is the bias (red) and represents the average difference 
between the methods. The blue trend line shows the difference in the variances of the forecasts. The 
downward trend indicates that the first method (MLR) has a smaller variance, while the upward trend 
indicates that the second method (ANN) has a smaller variance. For V, a clear upward trend indicates 
increasing discrepancies with higher values, with ANN generally producing higher estimates, suggesting a 
positive bias and weak consistency. In BA, the differences are centered around zero with a nearly flat 
regression line, indicating overall consistency despite a few outliers, and moderate agreement. N estimates 
show minimal and evenly distributed differences, near-zero bias and strong alignment between methods. 
hdom, the increasing trend in residuals at higher values suggests a systematic difference, with moderate 
agreement and small bias. Finally, dq displays almost no bias and very small differences, reflecting an 
excellent agreement between MLR and ANN.

Discussion

The present study examined relationships between forest stand variables and RS features derived from S1, 
S2, L8 and UAS imagery in pure Scots pine stands. The relationships were modeled using MLR and ANN.

The two-step modeling approach allows for the separation of variable selection and modeling, reducing 
the risk of overfitting (Dormann et al., 2013), especially with a sample size of 184 plots. Models exhibiting 
overfitting were consciously eliminated by testing early stopping and different learning rate and momen
tum combinations, with balanced results for training and test datasets being prioritized. Although methods 
such as random forest or LASSO can perform variable selection and nonlinear modeling simultaneously, 
the interpretability of variable contributions is limited, and explaining the decision process can be difficult. 
In contrast, MLR based variable selection is more transparent (James et al., 2013). Furthermore, training 

Figure 9. RMSE of models derived from remote sensing data for stand metrics with ANN and their variation with respect 
to total relative rank numbers (This graph for V, for the others see Supplementary material Appendix 4).
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Figure 10. Observation, prediction and error scatter plot for the artificial neural network models log-transformed V, BA, 
N, hdom and dq ANN model (for model and test).
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ANN models with pre-selected and statistically significant variables keeps the network structure simple 
and increases generalizability, thus balancing prediction accuracy with model transparency and controlla
bility. The benefits of sequential modeling with complex ecological data have been noted before (Olden 
et al., 2008).

With L8 and S2 and MLR, texture features provided the highest predictive power, followed by 
vegetation indices and band reflectance. The lower predictive power of reflectance data may be due to 
image timing, solar angle, topography and forest structure, which vegetation indices are somewhat robust 
against which may be seen as an advantage of such indices (Ateş & Demir, 2009; Bulut, 2023b). However, 
models based on reflectance variables for BA and N provided better results than those based on vegetation 
indices. Similar results have been noted, e.g. by Turgut and Günlü (2022) who modeled the above-ground 
biomass using L8. Texture features have the advantage of being independent of color and brightness. Using 
texture information from several bands together can improve performance (Lee et al., 2020).

MLR performed better for V and hdom, while ANN gave better results for BA, N and dq. To 
quantitatively contextualize the predictive performance obtained in this study, the results were compared 
with recent remote-sensing-based forest stand parameter studies that used S2, L8, S1, texture metrics and 
machine-learning or ANN based modelling approaches. Recent studies have reported a wide range of 
model performances depending on forest type, stand structure, target variable, plot size, sensor configura
tion, feature set and validation strategy. For example, Bulut et al. (2023a) reported very high predictive 
performance using L8 and S2 derived texture variables with machine learning methods, particularly for N 

Figure 11. Bland–Altman plots of estimates of stand metrics for MLR and ANN models.
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(R2 = 0.98; RMSE% = 5.97) and BA (R2 = 0.91; RMSE% = 15.22). Similarly, Aksoy (2024a) reported that S2 
derived datasets generally produced stronger results than L8 derived datasets, with the highest perform
ances obtained for V using SVM (R2 = 0.78; RMSE = 0.28 m3 ha−1), BA using RF (R2 = 0.70; 
RMSE = 2.53 m2 ha−1) and dq using DT (R2 = 0.74; RMSE = 0.02 cm). The findings of Demirel and 
Sakici (2025) are also particularly relevant because their study focused on pure black pine and Scots 
pine stands and used S1 and S2 satellite images to estimate stand diameter, number of trees, basal area, 
volume and stand density. Their results indicated a moderate predictive success of the derived regression 
models. The best models for mean diameter, basal area and number of trees were obtained using 
vegetation indices and texture values as independent variable groups, with reported R2 values of 0.49, 
0.34 and 0.53, respectively. These findings are consistent with the present study in two respects. First, they 
support the importance of S2 derived spectral and texture-based variables in estimating forest stand 
parameters. Second, they show that stand variables such as N and BA may exhibit variable and sometimes 
moderate prediction accuracy when modeled using optical and SAR derived predictors, depending on 
stand structure and data configuration. Other contemporary S2 based studies have also reported moderate 
but variable accuracies for forest stand parameters. Ahmadi et al. (2020), using S2 multispectral and 
topographic variables with several ML algorithms, reported the best BA and stem volume performance 
with BART (BA: R2 = 0.48, RMSE = 8.12 m2 ha−1, stem volume: R2 = 0.54, RMSE = 29.28 m3 ha−1), while 
stem density was less successfully predicted (GLM: R2 = 0.26, RMSE = 53.12 n ha−1). Hu et al. (2020) 
estimated forest stock volume using S2 imagery and reported the best test performance with RF (R2 = 0.58; 
RMSE = 65.03 m3 ha−1), followed by SVR and MLR. In addition, Bolat et al. (2020) showed that L8 and S2 
based regression kriging explained approximately 52% of the variance in BA and GSV, with RMSE values 
of 7.84 m2 ha−1 and 49.68 m3 ha−1, respectively. Texture-based and ANN-related studies further support 
the interpretation that spatial texture can improve forest structural parameter estimation. Günlü et al. 
(2021) found that WorldView-2 derived GLCM texture features produced low-to-moderate MLR per
formance for SV, BA, NT and AGB (R2 = 0.32–0.35), whereas ANN, particularly RBF ANN, improved the 
prediction of SV, BA and AGB (R2 = 0.51–0.57). More recently, Aksoy and Günlü (2025) reported that, in 
pure Scots pine stands, S2-derived 9 × 9 texture variables combined with ANN yielded the highest AGB 
performance (R2 = 0.82, RMSE = 0.35 ton ha−1). In a related AGC study, Aksoy and Günlü (2025) also 
reported that S2 15 × 15 texture variables with MLR produced the most successful model (R2 = 0.86). 
When considered together, these comparisons indicate that the performance achieved in the present study 
falls within the range of recent S1/S2/L8, texture and ML/ANN based forest parameter estimation studies. 
The methodological contribution of the present study is not limited to achieving high R2 values for selected 
stand parameters; rather, it lies in the systematic comparison of 31 remote-sensing-derived input datasets 
and in the use of a two stage MLR ANN framework, in which statistically significant predictors selected 
from the best-performing MLR models were transferred to the ANN stage. This approach provides a 
balance between predictive performance, dimensionality control and interpretability. However, direct 
comparison of RMSE values among studies should be interpreted cautiously because response variables, 
units, forest types, plot sizes, sampling designs, validation strategies and sensor combinations differ 
substantially among studies. Overall, studies often show that ANN and similar machine learning methods 
outperform MLR in predicting stand metrics. In Günlü et al. (2014), the relationships between Pan- 
Sharpened IKONOS band values and V, BA and hdom were modeled with MLR, and model R2 and RMSE 
performances of 0.41, 0.43 and 0.45 and 181.01 m3 ha−1, 14.87 m2 ha−1 and 4.62 m were reported, 
respectively. Bulut (2023b) conducted a study in pure black pine stands, in which the relationships 
between reflectance values obtained from L8 and S2 and V, BA, N, h and dq were modeled with MLR 
and R2-values of 0.44, 0.41, 0.15, 0.42 and 0.23 for L8 and R2 of 0.47, 0.45, 0.17, 0.40 and 0.25 for S2, 
respectively. Comparing our results with the literature, similar results have been obtained for V and BA, 
but no reasonably performing model could not be obtained for N.

The poor performance of Sentinel-1 C-band SAR data can be attributed to the short wavelength 
showing saturation, mostly on the canopy, in dense and closed forest stands and failing to adequately 
represent structural differences at the stand-level. Theoretically these limitations could be overcome by 
using SAR data in conjunction with optical data, though this does not always result in a meaningful and 
consistent performance improvement (Demirel, 2022; Nuthammachot et al., 2022), but such data fusion 
was outside the objectives of this study. This reflects physical constraints such as the limited penetration 
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capacity of the C-band SAR signal and its high sensitivity to moisture and surface roughness. In addition, 
it is believed that the mountainous terrain of the study area may have further reduced the effectiveness of 
the S1 data. This is because the side-looking SAR imaging geometry is sensitive to slope- and aspect-related 
effects, including reflection delay, shading and local changes in the angle of incidence, and such geometric 
distortions can locally attenuate or enhance the backscatter signal, particularly in complex terrain (van der 
Woude et al., 2024). Furthermore, since C-band backscatter is primarily influenced by the upper canopy 
layer, its sensitivity to volumetric scattering from tree trunks and larger branches is relatively limited in 
dense forested areas (Rüetschi et al., 2017). Seasonal changes in canopy moisture, leaf cover status and 
species-specific phenological patterns have also been noted to potentially introduce temporal variability in 
VV and VH backscatter, thereby weakening the relationship between S1 variables and structural parame
ters at the tree level (Rüetschi et al., 2017; van der Woude et al., 2024). On the other hand, the longer L- 
band SAR signals are more sensitive to forest structure, and have been seen as more suitable, e.g. carbon 
and biomass applications (Wessels et al., 2023). InSAR-based products are also promising, as they can 
more directly represent the vertical structure of forests (He et al., 2023). Multi-source approaches can also 
improve performance (Xing et al., 2023). Future studies should investigate combining longer-wavelength 
SAR (e.g. P and L bands) with passive data, and consider UAS based hyperspectral or LiDAR sensors to 
enhance model accuracy, particularly for poorly predicted metrics like N. The high performance of ANN, 
particularly for dq, is closely related not only to the neural network structure and hyperparameter, but also 
to the nature of the input variables used. The dq is not a derived variable such as V or BA, but rather a 
fundamental stand attribute directly measured in the field, and can be more reliably predicted (Wood 
et al., 2012). GLCM-based texture metrics represent characteristics such as crown diameter, crown spacing 
and horizontal regularity within the stand, and these structural elements are strongly related to dq 
ecologically and geometrically. The ANN can handle complex relationships between the variables, 
which already have high explanatory power.

Variation in optimal GLCM window size and orientation when predicting different stand variables is 
closely related to forest structure and ecological characteristics. V and BA correlate with horizontal 
continuity of the canopy and the distribution of biomass within the stand, and larger window sizes 
(e.g. 9 × 9–15 × 15) effectively represent stand scale heterogeneity. For such variables, large windows can 
improve prediction accuracy by capturing the spatial arrangement of tree groups rather than individual 
trees (Fang et al., 2023a; Pu & Landry, 2012). From a mechanical perspective, wider GLCM windows 
combine reflection transitions between multiple canopy, canopy gap, shadow and understory components, 
thereby representing the continuity of canopy cover, canopy clustering and density-related heterogeneity 
at the stand level. These patterns are closely linked to cumulative forest characteristics such as V and BA. 
In contrast, smaller windows preserve contrast and edge information at the local canopy scale, which 
better reflects dominant tree sizes and local structural variability associated with hdom and dq. This is also 
supported by studies showing that the optimal texture window size depends on the target forest structural 
variable and the spatial scale at which canopy components are represented (Ozkan & Demirel, 2018). 
However, satellite image texture can capture vegetation structural heterogeneity related to crown height 
variability and tree stem diameter (Farwell et al., 2021). In contrast, variables such as hdom and dq are more 
sensitive to the dimensional characteristics of dominant trees within the stand, so smaller window sizes 
(e.g. 3 × 3–5 × 5) tend to be better suited for capturing local structural variation (Bulut et al., 2023a). N is 
directly related to the gap–canopy balance, horizontal distribution patterns within the stand, and spatial 
discontinuities. Therefore, texture metrics based on large window sizes can be useful (Wood et al., 2012). 
Differences in texture directions may arise in relation to crown arrangement, the dominant orientation of 
stand internal gaps and topographic effects. In particular, the fact that texture metrics calculated in certain 
directions perform better indicates that the structural patterns in the stand are not random but exhibit 
specific spatial orientations. The literature frequently emphasizes that tissue orientations can produce 
variable results depending on stand structure and that this situation can vary from ecosystem to ecosystem 
(Xie et al., 2008). When evaluated from a practical application perspective, testing all window size and 
orientation combinations for each study area can be burdensome. This burden can be significantly reduced 
by only testing large window sizes for V and BA, and smaller window sizes for variables related to 
individual tree characteristics, such as hdom and dq.
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In this study, the modeling of stand variables using datasets derived from UAS imagery generally 
yielded lower prediction accuracies compared to satellite-based data sources (L8 and S2). This can be 
primarily attributed to the very high spatial resolution of UAS imagery (2.5–3.5 cm), which, when 
processed using pixel-based and area-based approaches, introduces excessive variability and data hetero
geneity. In satellite imagery, due to their coarser resolution (10–30 m), the reflectance values between 
forest gaps and tree crowns exhibit relatively limited variability. By contrast, UAS datasets represent the 
same 400–800 m2 sample plots with approximately 45,000–50,000 pixels, which is believed to directly 
contribute to distorted reflectance distributions and, consequently, weakened model performance (Koger 
et al., 2022; Puliti et al., 2015). Therefore, the relatively low performance of UAS derived datasets should be 
interpreted as a consequence of applying a plot-level pixel-based/area-based workflow to centimeter- 
resolution imagery, rather than as a general limitation of UAS data. At this spatial scale, within-plot 
spectral heterogeneity may increase because crowns, shadows, gaps, understory and ground surfaces are 
represented separately. Future studies should consider scale aggregation, OBIA, and ITC segmentation to 
reduce this heterogeneity and extract crown- or tree-level structural information more effectively from 
UAS imagery (Gu et al., 2020; Puliti et al., 2015; Vauhkonen et al., 2012).

The higher prediction performance of S2 images compared to RGB based UAS data can be explained in 
terms of both spatial scale compatibility and spectral information content. S2's 10–20 m spatial resolution 
represents the structural characteristics of the sample plots at the stand scale in a more balanced manner 
and suppresses excessive reflectance variability at the tree level (Tuominen et al., 2017). In contrast, 
centimeter-level UAS RGB images divide the same sample plot into a very high number of pixels, 
increasing the effect of canopy shadows, gaps, understory and ground reflections; which can lead to 
heterogeneous reflectance distributions and weakened model performance in area-based/pixel-based 
workflows (Dainelli et al., 2021; Puliti et al., 2015). Indeed, it has been reported that maintaining the 
sharpest resolution in drone data does not always maximize classification/inference accuracy, intermediate 
resolutions can yield more balanced results (Ordóñez-Prado et al., 2024). Furthermore, it is believed that 
resampling UAS imagery to a coarser vegetation or canopy scale resolution could provide a direct 
sensitivity test for the effects of scale mismatch. However, this analysis was beyond the scope of this 
study, which aimed to compare UAS and satellite derived datasets using a consistent parcel-level data 
extraction workflow. Future studies should test different UAS collection levels to evaluate whether 
intermediate resolutions reduce intra-plot spectral fragmentation and improve the estimation of tree 
related parameters. Additionally, S2's spectral structure, which includes NIR and red-edge bands in 
addition to visible bands, increases sensitivity to biophysical characteristics such as chlorophyll and leaf 
area-canopy density, thereby providing a physical basis for estimating forest variables such as volume and 
basal area (Delegido et al., 2011). Furthermore, texture metrics derived from S2 have been shown to better 
represent forest structure and horizontal heterogeneity, thereby improving prediction power for variables 
such as increment and volume (Fang et al., 2023b). Several studies have demonstrated that UAS data 
processed using individual tree crown (ITC)-based approaches or object-based image analysis (OBIA) 
techniques—rather than pixel-based ABA methods result in substantially improved model accuracy (Puliti 
et al., 2015; Vauhkonen et al., 2012). In this context, the relatively lower accuracies observed in our study 
highlight the need for alternative methodological strategies, particularly ITC-based workflows, to fully 
exploit the potential of UAS derived data for forest parameter estimation.

Conclusions

Oriented texture features from S2 were found to be the best predictors of stand variables in pure Scots pine 
stands, while models based on reflectance, vegetation indices, backscatter and UAS RGB data were less 
effective. In general, the results obtained in this study demonstrate the potential of the approach developed 
for pure Scots pine stands. Future studies conducted in more heterogeneous ecosystems, such as mixed 
stands and broadleaf forests, will allow for a more comprehensive assessment of the model's sensitivity to 
species composition, horizontal heterogeneity and phenological differences. In environments with 
increased species diversity and structural complexity, species group or dominant species-based approaches 
and the use of multi-temporal optical data could improve prediction accuracy rather than a single general 
model. Furthermore, considering that the leafing period, phenological changes, and shading effects in 
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broadleaf forests play a decisive role in remote-sensing-based predictions, the use of multi-temporal 
datasets covering different seasons is important. While texture (GLCM) based indicators have the potential 
to represent increasing spatial heterogeneity, it is considered that the appropriate window size and 
direction selection in different forest types need to be addressed more carefully. Furthermore, the extent 
to which the integration of SAR and optical data sources, evaluated individually in this study, can provide 
additional contribution compared to the use of single data sources, particularly in estimating stand 
parameters, should be investigated in detail in the future. In particular, when SAR data are used in 
conjunction with optical data, systematic comparisons should be made to determine which components of 
stand structure can be better represented through different wavelengths, polarizations and interferometric 
products. Finally, considering pure Scots pine forests in different ecological zones and under varying 
climate, topography and growing conditions is crucial for evaluating the generalizability of the results 
obtained in this study. Similar studies conducted under different ecological conditions will both clarify the 
limitations of the method and contribute to the development of more large-scale and reliable estimation 
approaches for pure Scots pine stands.
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