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ABSTRACT

Monitoring the structural characteristics of vegetation cover is critical for understanding ecosystem functioning and sustaina-
ble forest management. Effective Leaf area index (LAle) is directly related to photosynthetic capacity, carbon cycle, and water
balance of ecosystems. In this study, LAle prediction was performed using random forest algorithms with five different datasets
obtained from unmanned aerial vehicle (UAV) images and Sentinel 2 (S2) satellite images. The study aimed to (1) determine
which UAV features perform best in the prediction of LAlIe, and (2) to compare prediction accuracies obtained while using UAV
and S2 features. To evaluate the contribution of different data sources, five datasets were considered, namely UAV_RGB (DS1),
UAV_3D (DS2), UAV_ALL (DS3), S2 (DS4), and ALL (DS5), with corresponding RMSE% values of approximately 27.3, 29.6, 24.4,
32.1, and 24.8, respectively. The results showed that the DS3 dataset provided the highest accuracy and the most balanced error
distribution. The DS5 resulted in more stable prediction performance compared to individual datasets, enabling the model to
demonstrate similar accuracy levels for both low and high LAIe values. We conclude that low-cost UAV-RGB data, utilizing both
3D and 2D features, is an effective alternative to high-cost remote sensing techniques for LAIe prediction.

1 | Introduction indicator of ecosystem structure and function (Skidmore
et al. 2021).

Leaf Area Index (LAI) is one of the essential biophysical

parameters used to understand structural and functional
characteristics of forest ecosystems. Defined by Chen and
Black (1992) as “half of the total leaf area per unit horizontal
surface area,” LAI directly affects the photosynthetic capacity,
carbon cycle, evapotranspiration processes, and water-energy
balances of ecosystems (Chen and Black 1992; Bréda 2003).
Therefore, LAI is considered an indispensable component of
both process-based ecosystem models and sustainable forest
management practices. The Global Climate Observing System
(Zhang et al. 2024) has identified LAI as one of the mandatory
core variables for monitoring climate change. Furthermore,
LAI is included in the list of core biodiversity variables de-
veloped under the Convention on Biological Diversity as an

Accurate LAI prediction is important for determining the
carbon absorption capacity of forest ecosystems (Running
and Coughlan 1988), understanding rainfall retention and
the water cycle (Gower and Norman 1991), monitoring forest
health (Chen and Cihlar 1996), and modeling energy balance
(Sellers et al. 1997). However, measuring LAI is not always
easy. Although direct methods (e.g., leaf collection and area
measurement) provide the most accurate results, such destruc-
tive methods are time consuming, making them impractical for
large areas (Gower et al. 1999). Indirect methods, such as hemi-
spherical photographs or the LAI-2000 Plant Canopy Analyzer,
are more practical and therefore commonly used (Welles and
Norman 1991). However, indirect methods are sensitive to
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factors such as shading, leaf angle distribution, and the presence
of woody components, and they often produce systematic errors
due to the clumping effect (Nilson 1971; Chen and Black 1992;
Garrigues et al. 2008; Liu et al. 2015).

The limitations of field based LAI measurement methods
have encouraged the use of remote sensing technologies. Field
measured LAI has been correlated with spectral indices de-
rived from UAV, airborne, and satellite sensors, as well as with
3D structural characteristics and their combinations (Jensen
et al. 2008; Richardson et al. 2009; Pope and Treitz 2013;
Heiskanen et al. 2015; Qu et al. 2018). Passive optical sensors,
particularly MODIS (Myneni et al. 1997) and S2, enable produc-
tion of large-scale LAI maps. However, such passive systems
are affected by cloud cover and spectral saturation. As a result,
accuracy levels tend to decrease as forest cover increases (Fang
et al. 2008). These limitations of passive sensors are largely over-
come by the ability of Airborne Lidar Scanning (ALS) to reveal
the three-dimensional structure of forests with high accuracy
(Lidar 2002). However, due to the cost and operational limita-
tions of ALS, inexpensive photogrammetric data produced with
RGB sensors offer a practical alternative for forestry research
(Wallace et al. 2016; Puliti et al. 2020; Hartley et al. 2025). This
cost advantage allows for repeated flights and efficient monitor-
ing of changes in LAI. Many kinds of models can be employed
for the prediction of LAI from remote sensing data. These mod-
els include parametric linear models (Schlerf et al. 2005; Glinli
et al. 2017; Meyer et al. 2019), artificial neural networks (Xie
et al. 2021), random forests (RF) (Bhattarai et al. 2022), support
vector machines (Verrelst et al. 2011; Omer et al. 2016), par-
tial least squares regression (Vafaei et al. 2021), and gradient
boosted trees (Zhao et al. 2023). Especially the RF method is
frequently used due to its robustness against overfitting, ability
to evaluate feature importances, and insensitivity to hyperpa-
rameter optimization.

Lin et al. (2021) predicted LAI using features obtained from
multi angle images acquired with a multispectral UAV sensor
(RMSE ~0.65). Zhang et al. (2023) used a hyperspectral UAV
sensor (RMSE ~0.20). In a study by Zhang et al. (2024), LAI
was estimated using ALS data with semi physical and empirical
models (RMSE =0.26-0.05). The literature indicates that UAV
based methods for LAI prediction primarily utilize high cost
LIDAR, hyperspectral, and multispectral sensors. Therefore,
one of the biggest gaps in the literature is the extent to which
LAI predictions can be achieved using inexpensive RGB cam-
eras, which are more accessible to many practitioners. The fea-
sibility of using RGB sensor-equipped UAVs as a practical and
economical solution for LAI prediction therefore needs to be
investigated. Additionally, some sources indicate that low-cost
RGB camera in a UAVprovides more reliable and balanced data
for LAI predictions compared to open satellite-based data (Lin
et al. 2021). Studies directly comparing LAI estimates based on
satellite and RGB sensor equipped UAVs and focusing on opti-
mizing their concurrent use are limited, and multi-source data
integration remains an important area requiring investigation.
Furthermore, UAV based methods have not been tested system-
atically enough in different forest types. Most studies focus on
a specific species or region, which makes it difficult to obtain
generalizable LAI results (Zhang et al. 2024).

The general aim of this study was to predict LAle using data
obtained from UAV based RGB and S2 images in pure Scots pine
forests located in mountainous areas of Tiirkiye. Two different
datasets were created from RGB data: one consisting of spec-
tral features, and the other consisting of point cloud features.
Furthermore, LAle was predicted using features obtained only
from S2. The final aim of the study was to investigate the role of
dataset combinations in LATe prediction.

2 | Material and Method
2.1 | Material
2.11 | StudyArea

This study was conducted in the mountain forests of Sinop
Province, located in the northernmost part of Tiirkiye. The
study area has an average annual rainfall of 685.7mm and
a temperature of 14°C. The highest rainfall is observed in
October, while the lowest rainfall is observed in May. The re-
gion is characterized by rich and diverse forest cover thanks
to regular rainfall throughout the year. The elevation levels
range from 100 to 1200m with variable slopes. While humid
microclimate conditions prevail on the northern slopes, a drier
environmental structure is observed on the southern slopes.
This topographic and climatic diversity shapes the distribution
of species and the structure of the forest ecosystem. Distinctly
different coniferous and broadleaf tree species are prevalent in
the study area. The main tree species include Anatolian black
pine (Pinus nigra), Scots pine (Pinus sylvestris), oriental spruce
(Picea orientalis), fir (Abies nordmanniana), oriental beech
(Fagus orientalis), oak species (Quercus spp.), and ash (Fraxinus
excelsior) (GDF 2022). The location of the study area is shown
in Figure 1.

2.1.2 | Field LAI, Satellite and UAV Data

In this study, effective leaf area index (LAlIe) reference data were
obtained from 172 circular sample plots using hemispherical
photography. The study considered different stages of growth:
8cm-19.9cm (Young), 20cm-35.9cm (Middle-age), and >36cm
(Old), as well as crown closure rates ((1) 11%-40%, (2) 41%-
70%, and (3) 71%-100%) (GDF 2022), and different site classes.
Accordingly, LAle measurements were carried out on 172 circu-
lar sample plots. The sizes of the sample plots were established
based on stand density: 400 m? for fully closed stands (3), 600 m?
for moderately closed stands (2), and 800 m? for sparsely closed
stands (1). By establishing sample plots in this way, the aim was
to create a representative sample from Scots pine stands, thereby
including trees from different age, diameter, and crown closure
classes. In these plots, with radii ranging from 11.28 to 15.96m,
180° hemispherical images facing the canopy were obtained at a
height of approximately 1.5m above the ground using a Canon
EOS 50D camera and a Sigma 8 mm fisheye lens. In each plot,
images were captured from 5-7 different points at four different
locations extending from the center to the plot boundary (Aksoy
2022). A total of 1030 images were obtained. These images, ac-
quired under conditions avoiding direct sunlight, were analyzed
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FIGURE1 | Map of the study area. (A) S2 image of the study area boundary, (B) Taking of field images for LAIe, (C) UAV used in the study, (D)
Sample plot SfM-derived point cloud view.
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FIGURE2 | Distribution of the LAIe values by number of sample plots, diameter classes, and canopy cover rate. (a) Distribution of LAIe according
to the number of sample plots in the study area, (b) Distribution of LAIe according to crown closure rate (1, 2, and 3), and (c) Distribution of LAle
according to breast-height diameter classes (Young, Middle-age, and Old) based on the number of sample plots in the study area.

and used as field-based LATe data. The descriptive statistics of standard deviation 0.42m?m™2, and variance 0.18 m?m2. In ad-

the LAlIe values for the study area were minimum 0.25m?m™2, dition, the distribution of LAIe values in the study area, based
maximum 2.30m?m~2, mean 1.20m?m~2, median 1.21m?m~2,  on sample plots, is presented in Figure 2.
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TABLE1 | Descriptive characteristics related to UAV, S2, and GNSS.

DJI Zenmuse X-5S camera specification

20.8 MP still image capture
12.8-stop dynamic range

12-bit raw photos

9mm-45mm Objective Length

4/3” CMOS sensor (~17.3 X 13.0mm)

Gezgin 1 GNSS specification

Supported Signals

Single Point Positioning (RMS)
Differential GNSS/DGNSS (RMS)
Network RTK/CORS (RMS)

Correction Data Formats

GPS L1/L2/L5, GLONASS L1/L2, BDS B1/B2/B3
Horizontal: 1.5m, Vertical: 2.5m
Horizontal: 0.4 m, Vertical: 0.8 m

Horizontal: 1cm+ 1 ppm, Vertical: 1.5cm + 1 ppm

RTCM 2.3/3.0/3.2

Identifying specifications of UAV images

Parameter Value
Average Ground Sampling Distance (GSD) 2.87cm
Median Matched Keypoints per Image 2302

Dense Point Cloud Points
Average Point Density

Overlap

Ground Control Points (GCPs)
Absolute Geolocation RMS Error
DSM & Orthomosaic Resolution
DTM Resolution

14,080,391 points
73.64 points/m3
> 5 images per pixel across most of the area
1 GCP: Error X=0.63m, Y=0.364m, Z=0.846m
X=0.88m, Y=0.67m,Z=0.97m
1Xx GSD (2.87 cm/pixel)
5XGSD (14.35cm/pixel)

S2 specification

Chanel Spectral range Wavelength range (pm) Spatial resolution (m)
B2 Blue (B) 458-523 10
B3 Green (G) 543-578 10
B4 Red (R) 650-680 10
B5 Red Edge 1 698-713 20
B6 Red Edge 2 733-748 20
B7 Near Infrared 1 (NIRNarrow 1) 773-793 20
B8 Near Infrared (NIR) 785-900 10
BSA Near Infrared 2 (NIRNarrow 2) 855-875 20
B11 Shortwave Infrared (SWIR 1) 1565-1655 20
B12 Shortwave Infrared (SWIR 2) 2100-2280 20

The S2(L1C) satellite image was acquired in September 2022.
Four of the relevant bands have a spatial resolution of 10m (B2,
B3, B4, B8) and six have a spatial resolution of 20m (BS5, B6,
B7, B8A, B11, B12) (Table 1). The radiometric resolution is 12
bits, and the swath width is 290km (ESA 2022). The UAV data
used in the study were obtained using the Zenmuse X5 RGB

camera integrated into the DJI Inspire 2 UAV (Table 1) (Aksoy
and Giinlii 2025a). A total of 1224 images were taken during
the eleven flights planned to cover each sample plot. All flights
were conducted at an altitude of 120m above ground level,
with an overlap rate of 80% in the forward direction and 70% in
the lateral direction, and the camera was fixed at a 90° (nadir)
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FIGURE 3 | General workflow chart of the study.

position. All flights were conducted in the same year as the field
measurements (September 2022). Additionally, ground control
points (GCPs) were established to increase positional accuracy.
Gezgin 1 GNSS device was used to obtain the center coordinates
of the sample plots with the GPCs. The technical specifications
of the Gezgin 1 are presented in Table 1. The images obtained
were processed using Pix4D software to generate orthomosaics,
Digital Surface Models (DSM), Digital Terrain Models (DTM),
and point cloud data for the sample plots.

2.2 | Method

The study was conducted in three main stages. The first stage
involved LATe measurement and calculations using hemispher-
ical photographs. The second stage involved processing data
from UAV and S2 and deriving modeling inputs. Finally, the
third stage involved modeling and performance evaluation pro-
cesses using RF. Within this context, five datasets were created
for LAIe estimation. These are DS1, UAV orthomosaic derived
spectral features (2D raster); DS2, UAV SfM-derived 3D struc-
tural metrics; DS3, a combination of DS1 and DS2; DS4, S2 de-
rived spectral features; and finally, DS5, a dataset obtained by
combining the previous four datasets. The detailed workflow is
presented schematically in Figure 3.

2.2.1 | Preparation of the LAle Data Set

Ground LAle data were calculated by analyzing hemispher-
ical photographs obtained from each sample plot using the
HemiView v2.1 SR4 software. HemiView evaluates gap frac-
tion values using an inverse solution approach and estimates
both LAle and the leaf orientation parameter (ELADP) with
a theoretical hemispherical canopy model (Delta-T Devices).
Assuming that the leaf orientation distribution may be repre-
sented as random, vertically weighted (erectile), or horizontally
weighted (planophile), the G(6) projection coefficient was cal-
culated within the HemiView framework and LAIe values were
estimated using Equation (1). Within the HemiView frame-
work, LAle values were estimated by inverting the gap frac-
tions derived from hemispherical photographs. In coniferous
stands such as Scots pine, the angular distribution involved in
this process should not only be interpreted as needle orienta-
tion, but also as the overall orientation of visible plant elements
within the canopy. The response variable used in this study
corresponds to LAle rather than clumping-corrected true LAle
because no explicit clumping correction was applied. This dis-
tinction is particularly relevant in coniferous canopies, where
clumping at shoot and canopy levels may cause optical methods
to underestimate the actual LAle. In line with the study's ob-
jectives, LAle was considered an appropriate reference variable.
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However, when interpreting the results, uncertainty related to
foliage aggregation and the structural complexity of Scots pine
canopies should be acknowledged. Following this approach, the
photographs obtained for each sample plot were analyzed indi-
vidually in HemiView.

In(P(0)) x cos(9)

LAle =
G(0)

@
where P(0): Gap fraction, G(0): Geometric factor expressing leaf
orientation distribution and 6: Zenith angle.

Within the HemiView framework, canopy gap fractions derived
from hemispherical photographs were used to estimate LAle.
Since no explicit clumping correction was applied in this study,
the response variable used does not represent clumping cor-
rected true LAI, but rather LAle. In this context, the influence
of needle clumping, woody components (stems and branches),
thresholding, and the spatial heterogeneity of plant elements
should be regarded as sources of uncertainty inherent to the op-
tical measurement process. Therefore, the resulting LAIe values
were used as the reference variable in the modeling process. The
observed variation in LAlIe values within the range of 0.25-2.30
is considered to be closely related to the heterogeneous stand
structure of the study area. In particular, the presence of young,
old, and low-canopy-cover stands is likely to have contrib-
uted to the relatively low and moderate LAle values observed
in the dataset. Indeed, it is well known that canopy leaf area
tends to be lower in young, sparse, and structurally open stands
(Bréda 2003). As shown in Figure 2, a substantial proportion of
the sample plots are concentrated in the low and medium LAIe
ranges, which appears to be consistent with the age class and
crown closure distribution of the study area.

2.2.2 | UAV and S2 Image Processing
and Feature Extraction

The UAV images were processed using Pix4D software in three
main stages to create orthomosaics, DSM, DTM, and point
cloud data. In the first stage, the UAV images were imported
into Pix4D software, and the initial camera optimization was
performed (Aksoy and Giinli 2025b). Automatic control points
were generated by the software, and GCPs measured in the field
were manually marked on all images. As a result of this process,
the image block was geographically referenced with high accu-
racy in the X, Y, and Z directions. Statistical results regarding
GCP accuracy are presented in Table 1.

In the second stage, a dense point cloud was created using the
Structure from Motion (SfM) and Multi-View Stereo (MVS)
workflow. During the SfM process, key points were detected
using the Scale-Invariant Feature Transform algorithm, and
both the interior and exterior camera orientations were opti-
mized through bundle adjustment (Niederheiser et al. 2016).
In the MVS process, a hybrid approach combining Semi Global
Matching (SGM) and Patch-based Multi View Stereo (PMVS)
methods was used. SGM optimizes pixel correspondences be-
tween multiple images to produce reliable depth maps on low-
textured surfaces (Pix4D 2024). The PMVS method enables the

acquisition of more detailed point clouds by matching image
patches to reconstruct detailed 3D structures in areas with com-
plex surface morphology (Shao et al. 2016). Optimal density and
multi-scale parameters were chosen to balance detail preser-
vation and processing efficiency. After creating a dense point
cloud, statistical outlier removal was applied to filter inconsis-
tent points caused by moving objects, reflections, or sky regions.

In the final stage, the point cloud was classified into ground and
non-ground points. Ground points were used to create the DTM,
while the entire point cloud was used to create the DSM. Finally,
images were orthorectified to the DTM, and band digital values
(DN), band reflectance values, vegetation indices, and other de-
rived features were calculated for the DS1 (Table 2).

The second dataset DS2 consists of features SfM-derived 3D
data. SfM-derived 3D data processing and feature extraction
were performed using the R programming language (R
Core Team 2016) with the ‘lidR’ (Roussel et al. 2018), ‘raster’
(Hijmans 2018), and ‘sp’ (Pebesma and Bivand 2005) packages.
First, the 3D data was normalized relative to terrain elevation.
During this process, the height of each point was recalculated
based on its elevation above the terrain surface. Additionally,
height values identified as outliers were filtered to reduce noise
and improve model accuracy. Next, the normalized 3D data was
interpolated into raster format for Canopy Height Model (CHM)
production, and vegetation heights were calculated using the
point to raster method. Median filtering was applied to the CHM
to reduce spatial noise, thereby ensuring a more accurate rep-
resentation of tree crown morphology. In the next step, a local
maximum based tree top detection algorithm was applied to
the CHM with a dynamic window size (Figure 4). The detected
tops were used as inputs to the tree segmentation algorithm
developed by Dalponte and Coomes (2016). Thus, point cloud
segments corresponding to each tree were separated, and CHM
based features such as heights and densities were calculated to
create a feature set at the sample parcel level (Table 3).

Afterwards, gap features were derived to evaluate the gap struc-
ture in the forest canopy. Gap areas were determined using a
height threshold-based classification approach with CHM de-
rived from normalized point cloud data. In this context, pix-
els below a certain elevation threshold (<2m) were defined as
canopy gaps. Gap features such as the total gap area percent-
age (%Gap), mean gap size, gap count, and gap area distribution
were calculated for each sample plot. These features were calcu-
lated using the “chm_layer_metrics” and “lasmetrics” functions
in the lidR package. Then, the morphological characteristics of
the gap pixels were extracted using the raster zonal statistics
method. All these features obtained in this context (Table 3)
were collected in a SfM-derived 3D data named DS2 and pre-
pared for use in the modeling process.

The satellite predictors were obtained from a L1C (Top of
Atmosphere, TOA) S2 imagery. Since access to L2A (Bottom-of-
Atmosphere, BOA) products was limited for some dates during
the study period, L1C imagery was used instead. Atmospheric
correction was then performed with the Semi-Automatic
Classification Plugin (SCP) included in the QGIS 3.8.1 soft-
ware. The SCP plugin integrates Sen2Cor-based atmospheric
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TABLE 2 | Formulas of vegetation indices and features obtained from UAV images.

Vegetation indices

Formulas

References

RGBVI (Red (R), Green (G) and Blue (B) Vegetation
Index)

GLI (Green Leaf Index)

VARI (Visible Atmospherically Resistant Index)
NGRDI (Normalized Green Red Difference Index)
ERGBVE (Enhanced RGB Vegetation Index)

GR (Simple red-green ratio)

RGBVI2 (RGB-based vegetation index 2)

TGI (Triangular Greenness Index)

GRVI (Green-red vegetation index)

MGRVI (Modified green-red vegetation index)
BG12 (Simple blue-green ratio)

(GXG)—(RXB)/(GxG)+(RxXB)

2XG—-R-B)/2xG+R+B)

(G-R)/(G+R-B)
(G-R)/(G+R)

7 x((G2 - (RxB))/(G2+ (R X B))

R/G
(G-R)/B
G-0.39XR—0.61xB
(G-R)/(G+R)
(G2 - R2)/ (G2 +R2)
B/G

Bendig et al. (2015)

Louhaichi et al. (2001)
Gitelson et al. (2002)

C. J. Tucker (1979)
Themistocleous (2019)
Gamon and Surfus (1999)
Garcia-Fernandez et al. (2021)
Hunt et al. (2013)

C. J. Tucker (1979)
Bendig et al. (2015)
Zarco-Tejada et al. (2005)

VEG (Vegetativen) G/(Rax B(1 —a));a =0.667 Hague et al. (2006)
EXG (Excess green index) 2G—-R-B Woebbecke et al. (1995)
NGBDI (Normalized green-blue difference index) (G-B)/(G+B) Du and Noguchi (2017)
RGBVI3 (RGB-based vegetation index 3) (G+B)/R Garcia-Fernandez et al. (2021)
Features name Formulas Abbreviations
Mean R/G ratio mean(R / G) mean_R_G
Mean R/B ratio mean(R / B) mean_R_B
Mean G/B ratio mean(G / B) mean_G_B

R/G ratio std. dev. sd(R/G) sd_ R_G

R/B ratio std. dev. sd(R/B) sd_R_B

G/B ratio std. dev. sd(G /B) sd_G_B

GLI std. dev. sd((2G —R—B)/(2G + R + B)) sdGLI

VARI std. dev. sd((G-R)/(G+R-B)) sdVARI
NGRDI std. dev. sd((G—-R)/(G +R)) sdNGRDI

EXG std. dev. sd(2G—R — B) sdEXG
NGBDI std. dev. sd((G-B)/(G +B)) sdNGBDI
RGB2 std. dev. sd((G—-R)/B) sdRGB2

TGI std. dev. sd((G = 0.39) X (R — 0.61 X B)) sdTGI
RGBVI3 std. dev. sd((G+ B)/R) sdRGBVI3
BGI2 std. dev. sd(B/ G) sdBGI2

correction and reflectance calibration processes on S2 L1C
data, ensuring the comparability and radiometric consistency of
data across different bands (Congedo 2021). Thus, surface re-
flectance values were calculated for all bands, and atmospheric
effects were minimized. The bands obtained after correction
(Table 1) were transferred to ArcGIS software and intersected
with circular polygons representing each sample plot. The av-
erage reflectance values were extracted for the plots using the
Zonal Statistics as a Table tool. Then, various vegetation indices
were calculated using these values (Table 4). Thus, a DS4 was

created by obtaining digital band, reflectance, and vegetation

values for each band.

2.2.3 | Modeling and Model Accuracy Evaluation

In this study, LAle was modeled using RF with five different
datasets. RF is a supervized learning-based ensemble algorithm
that is frequently used for both classification and regression
tasks. The method is based on constructing multiple decision
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FIGURE4 | A CHM model created for a sample plot in the study area.

TABLE 3 | Formulas for structural metrics obtained from the StM-derived 3D data.
Features name Abbreviations Formulas
Maximum height maxZ max(Z)
Mean height meanZ mean(Z)
90th percentile height q90Z quantile(Z,0.90)
75th percentile height q75Z quantile(Z,0.75)
Height standard deviation sdZ sd(Z)
Maximum tree height maxH max(Z) (segmented crowns)
Mean tree height meanH mean(Z)
Tree height std. dev. sdH sd(Z)
Number of trees n_trees length(Z)
Square of number of trees n_trees_sq (length(2))2

Mean crown area
Crown area std. dev.
Ground percentage
Gap fraction

Gap density

Mean gap area
Median gap area
Largest gap

90th percentile gap area
Edge density

Mean shape index

Mean nearest neighbor distance

mean_crown
sd_crown
ground_perc
gap_fraction
gap_density
mean_gap_m2
median_gap_m?
largest_gap_m?
p90_gap_m?
edge_density_m_per_ha
mean_shape_index

mean_nn_m

mean(convhull _area)
sd(convhull _area)
(sum(Z < 2) /length(Z)) x 100
total_gap _area / plot_area
N _gaps / (plot _area / 10000)
mean(gap _area)
median(gap _area)
max(gap_area)
quantile(gap _area, 0.9)
(X Perimeter / Plot_Area) X 10000
mean(Ism_p _shape)

mean(NN_distance)

trees (Equation 2) and combining the results obtained from
these trees (Breiman 2001).

pa
H\
I
Wi
M=
&
x\

@

b=1

The RF approach uses data subsets obtained through bootstrap-
ping when constructing each decision tree. During the train-
ing of the trees, a randomly selected portion of the variables is

included in the model. This mechanism limits the model's over-
fitting problem and enhances its generalization ability. Thus, the
method achieves a high level of accuracy by balancing bias and
variance (Liaw and Wiener 2002; Aksoy 2024). One of the most
notable advantages of RF is its ability to work effectively with
multidimensional data sets and to estimate importances of vari-
ables (Equation 3). This process is conducted using observations
not included in the model, referred to as out of bag (OOB). The
basic idea is to randomly shuffle the values of a specific variable
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TABLE 4 | Formulas of vegetation indices obtained from S2.

Vegetation
Indices Formula References
NDTI (B5—B7)/(B5+ B7) Van Deventer
et al. (1997)

GDVI B5 - B3 Key and Benson (2006)
SR B5/B3 Birth and McVey (1968)
FII (B7/B5)/(B3/B5) Kalinowski and

Oliver (2004)
GRVI (B3 — B4) /(B3 + B4) Sripada et al. (2006)
BI Sqrt (B3 X B3) + (B4 x B4) Khan et al. (2005)
ND32 (B4 — B3) /(B4 + B3) Lu et al. (2004)
IPVI (B5/(B5 + B4)) Crippen (1990)
ND73 (B7 — B4) /(B7 + B4) Lu et al. (2004)
NDVI (B5 — B4) / (BS + B4) Rouse et al. (1974)
NDMI (B5—B6)/(B5 + B6) Hardisky et al. (1983)
NBR (B5—B7)/(B5+ B7) Key and Benson (2006)
GCI B5-B3-1 Gitelson et al. (2003)
WRI (B3 + B4) /(B5 + B7) Mukherjee and

Samuel (2016)
DVI (B5 — B4) C. J. Tucker (1980)
NDMI (B5— B6) /(B5 + B6) Hardisky et al. (1983)
NDBal (B6 — B10) / (B6 + B10) Li and Chen (2014)
NBR2 (B6 — B7) / (B6 + B7) DeVries et al. (2016)
SIPI (B5—-B3)/(B5+ B4) Penuelas et al. (1995)
PSSR (B5/B4) Blackburn (1998)
ARVI (B5 — 2 X B4) + (B3/B5) + 2 X (B4) — (B3) Kaufman and

Tanre (1992)
NDPI (B5%) / (B5 + B4) x (BS + B3) Wang et al. (2017)
EVI 2.5% ((B5S— B4)/(B5 + 6 X B4 — 7.5 X B2 + 1)) Liu and Huete (1995)
SAVI ((B5—B4)/(B5+ B4 + 0.5)) X (1.5) Huete (1988)
NLI (Bs* — B4) / (B5* + B4) Goel ve Qin (1994)
MSAVI (2% B5+1—sqrt (2xB5+1)2 — (8 X (B5 — B4)) /2 Qi et al. (1994)
TCW (0.0315 x B1 4+ 0.2021 x B2 4 0.3102 X B3 + 0.1594 X B4 — 0.6806 X B5 — 0.6109 X B7) Frazier et al. (2015)

across OOB samples and then examine the resulting change in
model performance. If a significant decrease in accuracy is ob-
served, it is concluded that the variable in question is of greater
importance to the model (Janitza and Hornung 2018). RF mod-
els were implemented in R (version 4.3.2) using the “randomFor-
est” package (Liaw and Wiener 2002).

B
Importance (X,) = 113 Z Ty (Accuracyg%B —Accuracyg%B_perm>
b=1

©)

where &;: jth independent variable, Accuracyg’())B: Original accu-

racy in the OOB dataset, Accuracyg’()jB  pornt When the jth vari-
able undergoes permutation, accuracy, B: Number of tree.

Each RF model was trained with 500 trees (ntree = 500) and eval-
uated using 10-fold cross-validation. The mtry value, considered
a fundamental hyperparameter in the RF algorithm, was opti-
mized using only the training data. In this context, predefined
candidate values for mtry were tested at each training step, and
the parameter value yielding the lowest error rate was selected.
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FIGURES5 | Scatter plots of field measured LAIe and predicted LAIe (DS1-DS5 shows the datasets). The green line in the figure represents the 1:1

line, and the blue line represents the regression line.

To separate hyperparameter selection from performance eval-
uation, the optimization process was conducted in the inner
loop, while the model validation process was carried out in the
outer loop (Probst et al. 2019). Thus, performance metrics were
calculated using test folds not used in model selection, thereby
reducing the risk of data leakage. As a result, the model was re-
built for each external fold based on the most suitable mtry value,
and the final performance metrics were obtained at the end of
this process. Furthermore, before applying the RF model, no
correlation-based variable selection or separate feature selection
was applied to the spectral and structural variables derived from
UAV and S2 data, in order to collectively assess their potential
contributions to LAlIe estimation. The purpose of selecting the
RF modeling technique in this study is also to avoid the need for
feature selection. This is because this technique is less suscepti-
ble to multicollinearity compared to linear modeling approaches
and is capable of modeling nonlinear relationships among a large
number of explanatory variables. The accuracy was evaluated
using the determination coefficient (R?, Equation 4), root mean
square error (RMSE, Equation 5), relative root mean square
error (RMSE%, Equation 6), and bias (Bias, Equation 7) criteria.

DY (yi—3 )
O ) X vi-%) @

n-p YL, -7)

RMSE = i-5)’ )

S|
.Ms

1
—

TABLE 5 | Performance metrics related to LAle estimation.
Dataset R? RMSE RMSE% Bias
DS1 0.44 0.33 27.3 0.004
DS2 0.38 0.36 29.6 0.008
DS3 0.60 0.30 24.4 —0.002
DS4 0.24 0.39 32.1 0.013
DS5 0.57 0.30 24.8 —0.001

RMSE% = RMSEi< 100 % ©
Yi
Bias = —2?:1 b =5) (7

n

where n is the number of observations, k is the number of coef-
ficients, y; are measured the stand parameters, j; are predicted
stand metrics, y; is a mean of measured stand metrics values, p
is the number of parameters.

3 | Results

The LAle estimation performance was evaluated using five
datasets (DS1-DS5) obtained from different data sources. The
performance metrics in Table 1 and the scatter plots presented
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in Figure 4 show the varying accuracy levels depending on the
datasets. The DS1 dataset achieved moderate success (R? ~0.44,
RMSE =0.33) and showed a certain degree of agreement be-
tween the observed and predicted values (Figure 4). The DS2
dataset, based on UAV point cloud data, showed similar per-
formance (R? ~0.38, RMSE ~0.36), but the error values were
higher. Graphical analysis (Figure 5) revealed that the predic-
tions in these two datasets showed a linear trend.

The DS3 dataset yielded the most successful result (R? ~0.60,
RMS ~0.30). When examining the results and prediction obser-
vation distributions, DS3 stood out with both low error values
and high R2. The scatter plot showed the closest distribution be-
tween observed and predicted values (Figure 5).

This result demonstrates that combining different features ob-
tained from UAVs significantly improves model performance.
The DS4 dataset produced the lowest accuracy LAle predictions
(R? ~0.24, RMSE ~0.39). Graphically, it showed a weaker rela-
tionship between the observed values and the predictions com-
pared to the other datasets (Figure 4). This indicates that the
limitations in the spatial resolution and accuracy of satellite-
based data reduce the accuracy of LAle estimation. The DS5
dataset, created by combining all data sources, showed higher
performance in LAlIe prediction than the DS1, DS2, and DS4
datasets (R? ~0.57, RMSE ~0.30). As with DS3, these results
show that integrating different data types can provide better

predictions than individual datasets. In general, the findings
indicate that UAV-based data, especially when combined
(DS3), provide lower error values in LAle prediction than S2
images. When Table 5 and Figure 5 are evaluated together, DS3
produced better LATIe predictions than all other datasets.

Significant differences in model performance were found be-
tween the datasets. The DS3 dataset had the lowest error val-
ues (RMSE% ~24.4) and showed that the combined use of 2D
orthomosaic derived spectral and SfM-derived 3D structural
features from the UAV increased model accuracy (Table 5).
The DS4 dataset produced the highest error values (RMSE%
~32.1) and demonstrated lower performance in LAle estima-
tion compared to other datasets when using only satellite-based
data. The DS1 (RMSE% ~27.3) and DS2 (RMSE% ~29.6) data-
sets produced medium-level error values, while the DS5 dataset
(RMSE% ~24.8) demonstrated that combining different data
sources increased the model's predictive power, despite having
slightly higher errors compared to DS3. The bias values obtained
for all datasets were very close to zero (Table 5). However, such
low mean bias values should be interpreted with caution. This is
because these results do not indicate the absence of systematic
error; instead, they may reflect a balance between overestima-
tion and underestimation across the entire range of observa-
tions. Accordingly, the deviation was evaluated here not as a
complete measure of prediction reliability, but as an indicator of
the mean biased error. As shown in Figure 6, the residuals were

DS1 DS2 ¢ DS3
1.0 1.04 .
LX)
0.5
I I ®
3 3 3
% 00T 1 % A
Q Q Q
o o 4
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L ]
L]
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L ] [ ] o
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05 10 15 20 05 10 15 20 05 10 15 20
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FIGURE 6 | Bias distributions corresponding to LAIe values predicted with different datasets (DS1-DS5). In this figure, Bias was defined as

Observed — Predicted. Each panel shows the bias values plotted against the predicted LAle values. The black dashed line represents the zero bias

reference, while the red solid line indicates the linear trend of bias across the prediction range.
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FIGURE 7 | Importance levels of features (DS1-DS5) obtained from UAV and S2 data in LAle estimation.

generally distributed around zero, but slight trends specific to
the dataset were also observed. This shows that the prediction
errors may have varied along the LAle gradient.

In the final stage, feature importance analyzes were performed
to determine which features were most explanatory in LAle es-
timation (Figure 7). The results revealed that the importance
ranking varied across different data sources. In DS1, sdEXG
(standard deviation of the Excess Green Index, 7.5%), VEG
(Vegetation Index, 7%), and DN_G (digital value of the green
band, 6.1%) were the most important features. The results indi-
cate that UAV-based spectral characteristics, particularly those
emphasizing green intensity and variability, play a strong ex-
planatory role in LAIe prediction.

In the DS2 dataset, the statistical variables related to height sdZ
(23.5%), q90Z (16.3%), and q75Z (14.4%) stood out as the most
dominant variables. This result demonstrates that structural
metrics derived from UAV point cloud data contribute signifi-
cantly to LAlIe estimation. In the DS3 dataset, where both spec-
tral and structural variables were evaluated together, it was
determined that both groups of variables contributed to the
model at a similar level. In this context, it was observed that
the importance levels of structural features such as sSAEXG (5%)
and sdZ (4.9%) were quite close to those of spectral features such
as VEG (4.9%) and GREEN (4.6%). This indicates that the joint
evaluation of both spectral and structural variables is important
in LAle estimation. In the DS4 dataset, derived solely from S2
data,S_GLI(8.5%),S_GARI (6.1%), and S_CVI (4.2%) were iden-
tified as the most significant prediction variables. This finding
demonstrates that vegetation indices representing chlorophyll
content and the greenness level of vegetation play a decisive role
in satellite-based LAIe estimation. Finally, in the DS5 dataset,
which combines UAV and S2 data, VEG (4.7%), DN_G (4.4%),
sdZ (4.2%), and GREEN (4.1%) emerged as the most effective
variables, while the S_GLI variable (3.8%) derived from S2 data
was also found to make a significant contribution to the model.

4 | Discussion

In the study, the features sdEXG, VEG, DN_G, RED, and GREEN
were the most important for LAle prediction in the DS1 dataset
(Figure 7). Green band weighted indicators such as VEG, DN_G,
and GREEN are sensitive to chlorophyll. While an increase in
chlorophyll increases shading absorption, this increase is often
associated with an increase in LAT (Hunt et al. 2013). RGB plant
indices such as sdEXG, on the other hand, externalize the can-
opy void dynamics associated with LAI by capturing ground
plant separation and canopy cover (Du et al. 2022). Thus, it was
expected that these features would be good explanatory features
in LAle prediction. In DS2, structural features such as sdZ,
q90Z, q75Z, gap_fraction, and edge_gap_density appeared as
significant features in the importance level graphs (Figure 7).
Height features with high percentiles (qQ90Z, q75Z) and height
variance (sdZ) were expected to be the most important features
for LAle, as they correspond to canopy closure and layering.
The strong relationship between these types of percentile height
indicators and LAI has been emphasized in the literature (Qu
et al. 2018; Wang and Fang 2020). However, an important meth-
odological limitation of the DS2 structural metrics should also
be considered. In the present study, terrain normalization and
the derivation of height-related variables were based on RGB
photogrammetry using the SfM approach rather than LiDAR.
Because surfaces visible in the imagery are only reconstructed
by photogrammetric point clouds, ground detection under dense
forest canopy may remain incomplete, which can introduce un-
certainty into the DTM and, consequently, into canopy height
normalization. This issue is particularly relevant for height-
derived metrics such as sdZ, q90Z, and q75Z because any error
in the estimated ground surface propagates directly into the dis-
tribution and percentile structure of normalized heights. LIDAR
or ALS-based DTMs generally provide higher accuracy than
SfM-based DTMs in forests due to better canopy penetration and
lack of canopy shading effects. In contrast, it has been reported
that UAV SfM accuracy tends to decrease under dense canopy
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cover and complex site conditions (Iglhaut et al. 2019; Dhruva
et al. 2024; Hartley et al. 2025). Therefore, although the signif-
icant contribution of sdZ, q90Z, and q75Z to the LAlIe estimate
is ecologically meaningful, the low accuracy of the DTM used
in the calculation of these variables, which is derived from SfM,
constitutes a major limitation. This situation is thought to have
potentially affected the strength of the relationship between
structural predictor variables and LATe.

In principle, features describing the amount of canopy gaps are
directly related to LAle, because they reflect the light transmit-
tance and leaf density of the vegetation cover. Particularly in DS2
and partially in DS3, the meaningfulness of gap_fraction and gap_
density is based on physical (morphological) causes. Gap_fraction
(gap ratio) represents the proportion of light passing through the
canopy structure, gap_density represents the distribution fre-
quency of these gaps per unit area, and ground_percent represents
the amount of light reaching the ground. An increase in these
parameters indicates a decrease in leaf area density (Battuvshin
and Menzel 2022; Sani-Mohammed et al. 2024). This relationship
can be explained by the absorption and scattering mechanism of
light passing through the vegetation cover, which forms the basis
of Beer-Lambert's law. Indeed, as the void ratio decreases, an
increase in the predicted LAI value is expected (Yan et al. 2019;
Grotti et al. 2020). Therefore, these criteria are among the key de-
terminants in predicting LAI using optical methods, and the fact
that features describing the gap fractions were obtained as im-
portant features in LAI prediction was expected (Qu et al. 2018).
Furthermore, the presence of sdEXG among the important fea-
tures is explained by its relationship with crown heterogeneity and
clumping signals, which vary along with LAI (Yan et al. 2019).

The DS3 dataset, which is the general UAV dataset composed
of the combination of the DS1 and DS2 datasets, is the dataset
that achieved the best prediction performance (Table 5). In DS3,
the features sdEXG, sdZ, GREEN, VEG, DN_G, RED, and q90Z
were among the most important features. This combination
of pixel and point cloud -based features captures two different
aspects of LAle simultaneously. When the pigment/cover ratio
(RGB-VIs) is combined with closure, gap, and layering (height
features), limitations in one dataset (e.g., red band saturation or
species-related variability) can be compensated by the strengths
of the others, improving overall prediction accuracy. The clearly
superior performance of the DS3 dataset compared to the indi-
vidual datasets can be attributed to the complementary effect of
combining morphological (height distributions, void ratios) and
spectral features (RGB reflectance and indices). This is because
spectral data provide information about plant pigmentation and
canopy cover, while morphological features reflect the three-
dimensional closure and heterogeneity of the canopy structure.
Literature also shows that combining these two data types
yields more accurate results than using spectral or structural
data alone (Qiao et al. 2022; Jiang et al. 2023).

In the DS4 dataset derived from S2 data, green and chlorophyll
focused features such as S_GLI, S_GARI, S3_REF (Green), and
S_CVI were the most important features. However, this data-
set also had the lowest LAle prediction accuracy. In fact, this
finding highlights the strengths of the RGB sensor equipped
UAV compared to freely available S2 satellite imagery. S2's
10-20 m spatial resolution causes it to lose canopy gaps and fine

scale heterogeneity, especially in rugged terrain. In contrast, the
centimeter scale detail of the UAV provides more accurate results
(Mangewa et al. 2022; Bulut et al. 2024). Another factor that may
have contributed to the relatively poor performance of the DS4
dataset is the geometric mismatch between the locations of the
field plots and the S2 pixels. In this study, while the radii of the
sample plots ranged from approximately 11.28 to 15.96m, the
S2 predictor variables were derived from 10m and 20m pixels.
Under these conditions, even relatively small positional uncer-
tainties in plot coordinates can affect which satellite pixels the
plot polygons intersect, particularly along forested edges or in
structurally heterogeneous areas where the likelihood of mixed
pixel effects is higher. Previous studies have shown that field
parcel location errors can significantly affect parcel-level remote
sensing models, and that correcting such errors can significantly
reduce the RMSE (Jung et al. 2013). In addition, it has been
emphasized that the scale mismatch between plot based LATIe
measurements and coarser satellite pixels can be a significant
source of uncertainty, particularly when vegetation exhibits sig-
nificant heterogeneity at the sub pixel level (Revill et al. 2020).
Therefore, in addition to the spectral saturation and spatial reso-
lution limitations of S2, it is thought that the mismatch between
the S2 pixel geometry and the deviation in the center positions
of the GNSS based plots may have exacerbated the mixed-pixel
issue by affecting the sample area overlap, thereby weakening
the relationship between the S2 variables and the field measured
LAle in DS4. Therefore, in addition to the spectral saturation
and spatial resolution limitations of S2, it is thought that the
mismatch between the S2 pixel geometry and the deviation in
the center positions of the GNSS based plots may have exacer-
bated the mixed-pixel issue by affecting the sample area overlap,
thereby weakening the relationship between the S2 variables
and the field measured LAIe in DS4. Furthermore, the fact that
S2's red-NIR based vegetation indices reach saturation at me-
dium high LAIT levels and lose their sensitivity (Gitelson 2004)
may also constrain the success of LAI prediction. Indeed, when
S2's biophysical products such as LAIe are compared across dif-
ferent ecosystems, systematic underestimations occur particu-
larly in forests (Fernandes et al. 2023; Putzenlechner et al. 2019).
Another point to consider regarding the DS4 dataset is the po-
tential impact of the atmospheric correction process applied to
the S2 data on the predictor variables. In this study, L1C data
containing Top of Atmosphere (TOA) reflectance values were
converted to Bottom of Atmosphere (BOA) reflectance values
using the SCP workflow (Congedo 2021). However, obtaining
the BOA reflectance value is a critical preprocessing step for
the reliable modeling of biophysical variables, and uncertainties
arising at this stage may be reflected in vegetation indices and
LAI modeling results (Main-Knorn et al. 2017). Additionally, it
has been reported that differences in atmospheric correction al-
gorithms and processing parameters can introduce significant
variability in S2 surface reflectance products, which in turn
can affect subsequent regression performance (Valdivieso-Ros
et al. 2021). Therefore, in addition to the spatial resolution and
spectral saturation limitations of the S2 data, it is considered
that residual uncertainties in the process of deriving the BOA
reflectance value from the L1C data may also have contributed
to the relatively low performance of the DS4 dataset.

While access to S2 satellite imagery is free and offers advantages
in LAle estimation in large-scale studies, low-cost RGB sensor
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equipped UAVs can provide more accurate results in smaller or
medium scale due to their high spatial resolution, temporal flex-
ibility, and ability to collect data on site (Zhao et al. 2022; Vélez
et al. 2023). UAVs can perform flights at the desired time and
location, enabling simultaneous data collection with field mea-
surements. Furthermore, structural and spectral information
about vegetation cover can be obtained. Our results showed that
UAVs offer lower error and deviation values in LAIe estimation,
making them reliable in applications such as monitoring plant
health, determining water stress, mapping disease intensity, and
optimizing yield estimation. However, satellite platforms such
as S2 remain an indispensable tool in national or regional scale
studies. Therefore, these two approaches should be considered
as complementary observation systems at different spatial scales
(Li et al. 2022; Vélez et al. 2023).

Finally, the results of the DS5 dataset, created from the combina-
tion of all datasets, showed that the explanatory features import-
ant for LATe prediction (Figure 7) were predominantly obtained
from UAV data (DN_G, sdZ, VEG, GREEN, S_GLI, sdEXG).
DS5 was the most successful prediction dataset for LATe esti-
mation after DS3. Although DS5 exhibited slightly lower perfor-
mance than DS3 (Table 5), this difference is considered to result
from minor randomness in the RF predictions. Nevertheless,
integrating all data sources provided competitive and, in some
cases, even superior prediction performance compared to using
individual datasets. Despite the satisfactory results obtained
in LATIe prediction, several factors are considered to have in-
fluenced the relatively moderate model accuracies. It has been
reported that the level of positional accuracy in UAV imagery
can reduce prediction accuracy, particularly in forest structures
that exhibit high spatial variability over short distances (Puliti
et al. 2015). In addition, minor errors in the DTM may propagate
into height-based variables such as canopy height percentiles
or gap ratios, thereby affecting their relationship with LAI (Lin
et al. 2020). Furthermore, this situation may depend not only on
the modeling approach but also on the method used to derive the
ground-based LAle data employed as reference values. Minor
errors in the thresholding parameters used during hemispher-
ical photograph analysis may lead to classification errors and
uncertainty in the separation of shaded and gap areas, which
in turn may cause inconsistencies between observed and esti-
mated values (Beckschifer et al. 2013). As an addition, changes
in weather conditions and skylight during image acquisition can
affect the interpretation of hemispheric photographs, thereby
introducing additional uncertainty into LAle estimates. It has
been reported that light-to-dark ratio estimates based on hemi-
spheric photographs can be particularly affected by variable sky
illumination and exposure conditions. This, in turn, can cause
deviations in light to dark ratio and consequently in LAI calcula-
tions (Visscher von Arx et al. 2007). In addition, it is well known
that optical methods based on hemispherical imaging may sys-
tematically underestimate actual LAlIe values, particularly in
coniferous forests, due to needle clumping and the non-uniform
distribution of plant elements (Chen and Black 1992; Jonckheere
et al. 2004). Since no explicit clumping correction was applied
in the present study, the reference variable used corresponds to
LAI and the uncertainties associated with optical measurement
were therefore directly inherited by the model training data.
Therefore, it is considered that uncertainties related to image

acquisition conditions, along with the thresholding process,
may be among the factors limiting the accuracy of the reference
LAIe data and model performance. Similarly, the literature indi-
cates that LATI estimates obtained using optical methods can di-
rectly influence model performance, and prediction errors may
increase, particularly in low LAT ranges (Bréda 2003). All these
factors together may explain why the obtained accuracy values
were slightly lower than expected, despite the overall consis-
tency of the results with the literature.

In general, the highest LAle prediction accuracy in our study
was achieved using the UAV_ALL dataset (DS3) (Table 5).
Wang and Fang (2020) reported R? values between 0.58 and
0.65 for LAle prediction using oblique UAV photogrammetry
in forest ecosystems, and our DS3 result (R? ~0.60) falls within
this range, indicating comparable performance. Moreover, the
RMSE obtained in our study (~0.30) was lower than the values
commonly reported in similar studies (Table 5). Research using
UAVs equipped with hyperspectral sensors has achieved higher
prediction accuracy (R? ~0.88 and RMSE ~0.20; Zhang et al.
2025), although these systems are considerably more expen-
sive and operationally demanding. Likewise, Zhao et al. (2023)
reported an R? of approximately 0.70 for LAI estimation in
mangrove forests using the PROSAIL-D model and XGBoost.
While these studies demonstrate superior or different levels of
accuracy, it is important to note that variations in sensor types,
forest structures, and LAI ranges can substantially influence
model performance; therefore, direct comparisons of RMSE
and R? values across studies should be interpreted with caution.
These differences can largely be attributed to natural variability
arising from the structural characteristics of different ecosys-
tems. Forests with dense and homogeneous canopy structures
exhibit more pronounced spectral heterogeneity due to the ver-
tical stratification and trunk gaps typical of coniferous stands.
Studies using ALS have reported that semi-physical and empir-
ical models yield results in the range of R? ~0.70-0.85 (Zhang
et al. 2024). The main reason is ALS sensor's ability to accu-
rately reveal the three-dimensional canopy structure, which is
directly related to LAI. Point clouds obtained from RGB cameras
can also provide three-dimensional information about the can-
opy structure. However, ALS allows for more detailed model-
ing of lower canopy layers, thanks to the ability of laser pulses
to penetrate different layers of vegetation. In this respect, ALS
point clouds provide a more dense, accurate, and penetrative
three-dimensional representation compared to UAV-based point
clouds (Wang and Fang 2020). Furthermore, ALS offers the abil-
ity to collect data independently of sunlight or atmospheric con-
ditions, thereby eliminating the effects of shading, cloud cover,
or light changes that may be problematic with spectral images.
Therefore, the ability of ALS data to directly capture structural
metrics such as canopy density, void ratios, and height distribu-
tions may be the primary factor explaining its superior perfor-
mance in LAI estimation.

5 | Conclusions
In this study, LATe was estimated in pure Scots pine (Pinus sylves-

tris L.) stands using five different datasets derived from RGB sensor
UAV data and S2 data. The findings indicated that the DS3 dataset,
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which combines UAV-based spectral variables with point cloud-
based structural variables generated using the SfM approach,
offered relatively higher prediction accuracy among the datasets
examined (R? ~0.60; RMSE ~0.30). Similarly, relatively high accu-
racy levels were also achieved with the DS5 dataset, which utilizes
all data sources together. These results suggest that the combined
use of spectral and structural variables derived from low-cost UAV
systems equipped with RGB sensors may hold significant potential
for LAIe estimation. Nevertheless, it is considered useful to take
certain limitations into account when evaluating the study's find-
ings. First, the reference LAle data were obtained using the hemi-
spheric photography technique, which is an optical method. Such
methods can produce a certain degree of deviation from the actual
LAlTe value, particularly in coniferous stands, due to the inclusion
of woody components in the image, the effect of needle clumping,
and uncertainties associated with the image thresholding process.
Therefore, reference data may have introduced a certain degree
of uncertainty into the model training and validation process. In
future research, if corrections for woody material and clustering
effects are accounted for using devices that directly measure LAI,
terrestrial LiDAR data, destructive measurements, or species-
specific allometric equations, the reference LAIe data could better
represent the actual leaf area, and consequently, model perfor-
mance could be evaluated more accurately.

Secondly, both UAV and S2 data were used as if they were from
a single point in time. This results in the developed models pri-
marily reflecting the structural and spectral conditions present
at the time of measurement. However, it is known that LAle can
exhibit temporal variations depending on phenological develop-
ment, climatic variability, and interannual environmental dif-
ferences. Therefore, it is assessed that the use of multi-temporal
UAV and satellite data in the future could allow for a more de-
tailed monitoring of seasonal and interannual LAIe dynamics,
which could significantly contribute to the temporal validity of
the models and LAIe prediction.

Thirdly, this study utilized only RGB sensor data, and three-
dimensional structural information was derived from photo-
grammetric point clouds generated using the SfM approach rather
than direct active remote sensing systems. While RGB-based pho-
togrammetric data is considered to offer significant advantages
in terms of low cost, accessibility, and operational feasibility, it is
assessed that it may have certain limitations, particularly regard-
ing the representation of lower canopy levels, the resolution of
vertical structure in densely forested areas, and the mitigation of
shadow effects. Therefore, it is anticipated that further improve-
ments in model accuracy could be achieved by jointly analyzing
multispectral, hyperspectral, or LiDAR-based data alongside
RGB-based variables, as this would allow for a more comprehen-
sive representation of both spectral and structural information.

Finally, the developed models were applied only to natural pure
Scots pine stands, and remote sensing data were collected during
a single period (September). Therefore, the relationships identified
reflect the crown structure of a specific species and a specific phe-
nological stage. While this constitutes another limitation of our
study, it is believed that this may restrict the direct generalization
of the findings to mixed stands, deciduous forest communities,
different phenological stages, different ecological conditions,
and different geographic regions. Although the highest model

performance was achieved with the DS3 dataset (R? ~0.60), it is ob-
served that a significant amount of variance remains unexplained.
Additionally, since model performance was evaluated using a 10-
fold random cross-validation method and no independent test set
was used, the reported accuracy metrics may have been slightly
overestimated if spatial autocorrelation existed among geograph-
ically close sample plots. However, this potential source of bias
may have been partly limited by the sampling design, as the plots
were established to represent different stand ages, crown closure
classes, and site conditions rather than being concentrated as mul-
tiple closely spaced plots within the same stand. This is consid-
ered an indication that the transferability of the developed model
structure across different species, stand structures, and seasonal
conditions has not yet been fully established. Therefore, it is antic-
ipated that the model's generalizability could be evaluated more
comprehensively if similar modeling approaches are tested in the
future using mixed stands, different forest types (deciduous and
coniferous), varying elevation and slope conditions, different eco-
logical regions, and multi-temporal datasets.

In general, the study demonstrates that the combined use of
spectral and structural variables derived from UAV RGB imag-
ery can be a practical and operationally flexible option, particu-
larly in situations requiring high spatial detail and site-specific
data collection. In cases where higher cost data sources, such as
ALS or commercial very high-resolution imagery, are not avail-
able, UAV RGB data has been shown to be an accessible alterna-
tive for obtaining both spectral and photogrammetric structural
information at the plot level.
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