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Abstract

Forest ecosystems play a vital role in balancing the global climate through functions such as regulating carbon emissions,
carbon sequestration, and energy and water cycles. Aboveground biomass (AGB) is a critical component in forest manage-
ment to understand better and predict the global carbon cycle. However, traditional methods used in AGB measurement
involve time-consuming, costly, and labor-intensive processes. Sentinel-1 (active), Sentinel-2, and Landsat (passive) satel-
lite imagery, which is freely accessible and offers global coverage with frequent updates, and recently developed remote
sensing platforms such as Unmanned Aerial Vehicle (UAV) serve as a valuable data source for consistent and continuous
monitoring of aboveground biomass. This research focuses on modeling the relationships between AGB and data obtained
from various remote sensing sources, including Sentinel-1, Sentinel-2, Landsat 8, and UAV imagery, within pure Scots pine
stands in northern Tiirkiye. The study employs multiple linear regression (MLR) and artificial neural networks (ANNs) to
establish these relationships. AGB values for each sample plot were calculated using an allometric equation. Backscatter
coefficients and band brightness values were extracted from Sentinel-1 imagery, while reflectance values and vegetation
indices were generated from Sentinel-2, Landsat 8 OLI, and UAV imagery. Additionally, texture features were computed for
varying window sizes (33, 5X5,7X7,9x%9, 11x11, 13X 13, and 15X 15) and orientations (0°, 45°, 90°, and 135°) based
on data from Sentinel-2 and Landsat 8 OLI images for each sample plot. The relationships between remote sensing data and
AGB were modeled using both MLR and ANN techniques. The findings revealed that the most accurate AGB estimation
(R?=0.82; RMSE =0.35 ton ha™!) was achieved using the texture variables derived from the 9 X9 window size of Sentinel-2
imagery via the ANNs modeling approach, outperforming other image sources and MLR analysis.

Keywords UAV - ANNSs - Natural forest - Forest stand metrics

Introduction

Forests play a pivotal role in global climate dynamics
by serving as crucial repositories of carbon and actively
regulating energy and water cycles (Herold et al. 2019;
Puliti et al. 2021). Forest aboveground biomass (AGB) is
an essential component of overall carbon storage, and its
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protecting and improving the ecological environment (Tao
and Zhang 2013). Estimating AGB can be achieved through
both direct and indirect methods. Direct estimations, derived
from ground measurements, are recognized as the most pre-
cise approach. Nevertheless, applying this method across
extensive forest areas is hindered by its impracticality, time
consumption, and high costs, as noted by Vashum and Jaya-
kumar (2012) and Moradi et al. (2022). The progression of
remote sensing technology, however, offers a viable solution
for the efficient and timely prediction of AGB, equipped
with varying temporal and spatial resolutions, as highlighted
in studies by Chen et al. (2016), Zhang et al. (2018), Pham
et al. (2019), and Han et al. (2021).

Remote sensing has the potential to provide effective and
rapid data for monitoring and planning forest resources in
large forest areas (Dong et al. 2003; Jiang et al. 2022). It
also provides the distinct advantages of speed, accuracy,
minimal impact on vegetation, and the capacity to moni-
tor large areas, setting it apart from traditional methods of
biomass measurement (Issa et al. 2019; Bindu et al. 2020).
In recent years, studies on reliable, low-cost aboveground
biomass estimations in large areas have started to increase
by combining remote sensing data with ground inventory
data. A combination of optical data, light detection and rang-
ing (LIDAR) data, synthetic aperture radar (SAR) data, and
remote sensing datasets are used to enhance the prediction
of AGB (Georgopoulos et al. 2022). Landsat images, the first
natural resource satellite, have long been used in studies to
estimate the AGB in large forest areas from past to present
(Zheng et al. 2004; Giinlii et al. 2014; Yavash and Olgen,
2017; Ou et al. 2019; Turgut and Giinlii 2022; Bulut 2023).
Sentinel-2, which has better spatial resolution than Landsat,
has been utilized in many studies to estimate the AGB since
2015 (Forkuor et al. 2018; Mauya et al., 2021; Bulut et al.
2022; Nuthammachot et al. 2022).

Contrary to optical satellite images, SAR images with
good penetration are also used to estimate the AGB (Achard
et al. 2010; Soja et al. 2015; Ban et al. 2020; Yadav et al.
2021). The SAR images have different wavelengths, such
as X, C, P, and L, and, such as VV, HV, HH, and VH, dif-
ferent polarizations. P and L bands provide better results
in estimating AGB, especially in forests with high canopy
closure due to their long wavelengths (Ouchi 2013; Thapa
et al. 2015; Georgopoulos et al. 2022). The LiDAR data is
often used to estimate AGB due to its heavy penetration into
vegetation (Lu et al. 2012; Silva et al. 2018; Zhang et al.
2023). However, there are limitations in estimating AGB in
large forested areas as LIDAR data is costly to obtain and
data is not spatially continuous (Listopad et al. 2011; Ehlers
et al. 2022). The introduction of the Sentinel-1 C band sat-
ellite image in 2014, available for free download, has led
to its prevalent usage as an active satellite image in recent
research endeavors aiming to estimate AGB (Argamosa
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et al. 2018; Ronoud et al. 2021; Nuthammachot et al. 2022;
Giivercin and Giinlii, 2023). Due to the short wavelength
of the image (about 6 cm), it interacts with the upper part
of the stand cover (Nasirzadehdizaji et al. 2019). Recently,
however, there has been a marked rise in studies focusing
on the estimation of AGB through the utilization of back-
scattering values, texture, and polarization indices extracted
from various polarizations (VV and VH) of the Sentinel-1 C
band satellite imagery (Castillo et al. 2017; Chen et al. 2019;
Zhang et al. 2023).

Interestingly, cost-effective and high-resolution
Unmanned Aerial Vehicle (UAV) images have been used
for estimating AGB, presenting a viable alternative to both
active and passive satellite images (Ni et al. 2019; Ye et al.
2019; Lin et al. 2022; Basyuni et al. 2023). For example, Ni
et al. (2019) and Basyuni et al. (2023) used a canopy height
model with UAV image-derived DSM and DTM data and
calculated tree height to estimate AGB. In another study
by Ye et al. (2019), the coordinates of sample trees with
their diameters at breast height were accurately determined
in a small local area with UAV images to estimate AGB.
Similarly, Lin et al. (2022) integrated a LIDAR camera
with UAVs and calculated tree height and canopy radius
with allometric equations to estimate the AGB of trees in
Ma’anxi Wetland Park. In a study conducted by Wang et al.
(2023), reflectance and vegetation index values obtained
from UAV images were utilized to estimate AGB with vari-
ous machine learning techniques such as Extreme gradi-
ent boosting (XGBoost), gradient boosting decision tree
(GBDT), random forest (RF), radial basis function neural
network (RBFNN), and support vector regression (SVR).
However, these studies are particularly limited, as they pre-
dominantly estimate AGB using tree attributes like diameter,
height, and crown diameter. Notably, these studies have not
focused on estimating AGB in larger forested areas by lever-
aging analogous variables derived from UAV imagery.

On the other hand, both parametric and non-parametric
models have been used to estimate the AGB (Huang et al.
2019). The parametric model is one of the most general
prediction models due to its capability to measure the rela-
tionships between independent variables and AGB (Ou
et al. 2019). Zhu et al. (2017) emphasized that the step-
wise multiple linear regression (MLR) model is capable of
identifying those associated with the dependent variable
by considering the relationships between explanatory vari-
ables. Disregarding models that lack a substantial impact
on dependent variables may result in decreased predictive
accuracy regarding the relationships between independent
variables and AGB (Zhao et al. 2022; Zhang et al. 2023).
Various non-parametric models have been used to estimate
AGB, such as artificial neural networks (ANNs) (Dong et al.
2019; Giinlii et al. 2021a, b; Zhang et al. 2023), k-nearest
neighbors (kNN) (Zhang et al. 2022), random forest (RF) (Li
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et al. 2020; Tang et al. 2022), support vector machine (SVM)
(Sivasankar et al. 2013; Han et al., 2022), maximum entropy
(MaxEnt) (Wang et al. 2022), extreme gradient boosting
(XGBoost) (Li et al. 2020), and multivariate adaptive regres-
sion splines (MARS) (Baloloy et al. 2018). Although non-
parametric models provide a perfect fit effect, it is not easy
to improve the precision effect caused by underestimation
and overestimation (Zhang et al. 2023). ANN stands as a
prevalent non-parametric modeling technique widely used
to estimate AGB (Alquraish and Khadr 2021; Wang et al.
2022; Zhang et al. 2023).

The primary objective of this study is to achieve the most
accurate estimation of AGB using various modeling tech-
niques and remote sensing data. The second aim is to inves-
tigate whether UAV imagery can serve as an alternative data
source to Sentinel-1, Sentinel-2, and Landsat 8 OLI satel-
lite imagery for AGB estimation. To facilitate comparison,
feature extraction from UAV imagery was conducted in the
same manner as that applied to satellite images on a sample
plot basis, followed by modeling. This approach is the most
significant aspect that distinguishes this study from others in
the literature. Typically, AGB estimation in existing studies
relies heavily on single-tree features, such as diameter and
height, obtained from UAVs and LIDAR cameras integrated
into UAVs. Most of these studies have been conducted in
plantations or small local areas. In contrast, our study was
carried out in natural forests with diverse site characteris-
tics and stand structures. This characteristic of our research
represents the second critical factor that sets it apart from
other studies. The third objective of this study is to com-
prehensively estimate AGB by utilizing both active (Senti-
nel-1) and passive (Sentinel-2 and Landsat 8 OLI) remote
sensing data, as well as UAV imagery, employing stepwise
MLR and ANN techniques. This section aims to determine
which modeling technique yields the most predictive and
applicable models. To explore the potential for achieving the
highest level of AGB estimation, the study investigates not
only MLR and ANN modeling techniques but also examines
models with varying momentum and learning rates within
the ANN framework. This aspect of the research distin-
guishes it further from other studies in the literature.

Materials and methods
Study area

The Sinop Regional Directorate of Forestry (RDF), which
is one of the 30 RDFs in Tiirkiye, was chosen as the study
area. The study was carried out in seven different planning
units within the boundaries of Sinop RDF. It is located
between 34° 10’ 26" and 35° 30’ 06" E longitude and,
42°05' 30" and 41° 20’ 30" N latitude. The study area is

located in the northernmost part of Tiirkiye and is cov-
ered with rich forest areas since it has precipitation around
the year. The Sinop RDF has 556,275.50 ha of forested
area with 7548.49 ha of pure Scots pine stands. The Pinus
nigra, Pinus sylvestris, Fagus orientalis, Carpinus betu-
lus, Abies nordmanniana, Quercus infectoria, Quercus
frainetto, Quercus cerris, Quercus petraea, Quercus robur,
Juniperus sp., Fraxinus excelsior, Ulmus L., Sp. and Popu-
lus tremula are the most common tree species of the forest
ecosystems. The case study area experiences warm sum-
mers due to its Black Sea climate, while winters tend to be
cool. The area exhibits an average annual precipitation of
685.7 mm, with an average of 2 rainy days per year. Dur-
ing summer, the temperature tends to peak at an average
high of 35 °C, while the mean annual temperature rests at
14 °C (GDF 2020). The location of the study area and the
UAV (Unmanned Aerial Vehicle) image locations related
to two of the planning units are illustrated in Fig. 1. Since
the study was conducted across seven different planning
units and there was no opportunity to present UAV images
from each unit, Fig. 1 showcases UAV images from two
randomly selected planning units.

Ground measurements

In this study, a total of 184 sample plots were established,
encompassing various developmental stages, crown closure
levels, and site index classes. The size of the sample plots
varies between 400 m? and 800 m?2, determined accord-
ing to the stand crown closure 800 m? in low closed stands
(11-40%), 600 m? in medium closed stands (41-70%), and
400 m? in fully closed stands (71-100%). The diameters
at breast height were measured for all trees exceeding 8.0
cm in diameter at breast height in each sample plot. Field
measurements were carried out in March - October 2021.
The aboveground biomass (AGB) of trees in the sample plot
was calculated using the allometric Eq. (1) developed by
Yavuz et al. (2010) for pure Scots pine stands. Then, the
AGB of each tree within the sample plots was collected, and
the AGB for each sample plot was calculated. Finally, the
total AGB per hectare was calculated using Eq. 2.

AGB = 6.89952 — 2.423793xd, 5 + 0.373438xd?, (1)

AGB: aboveground biomass (single tree), d, 5 is the tree
diameter measured at 1.30 m from the ground.

AGB (tonnes ha™! )

= % x AGB )

AGB is the aboveground biomass (tons ha™!), A is the
sample plot area (m?), and AGB is the total aboveground
biomass of the sample plot (tons).
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Fig. 1 The case study area (a) UAV flight image of Sakiz planning unit (b) UAV flight image of Yemisli planning unit and some sample areas on
UAYV image (c) The location of Sinop Regional Directorate of Forestry in Tiirkiye (Landsat 8 image; bands 6, 5, 4 false-color composite)

Satellite Data and Processing

In this study, Sentinel-1, Sentinel-2, Landsat 8, and UAV
images were used as remote sensing data. Sentinel-1 A
(October 17th, 2021) SAR C-band image was obtained from
the European Space Agency (ESA) Copernicus Access Hub,
providing free access to download Sentinel images. It has a
dual-polarized VV/VH image. The date of the Sentinel-1
image used in the study was chosen as a date close to the
time of ground measurements. Its image was preprocessed
using the SNAP software program. These stages are as fol-
lows: (i) read to image (ii) apply-orbit file (iii) thermal noise
removal (iv) calibration (v) speckle-filter (vi) terrain correc-
tion (vii) linear to dB (viii) to the image. The backscattering
values and band reflection values of both polarizations were
used in the study. For this, each polarization was converted
into a “vector” layer using ArcGIS 10.7 software. For each
sample plot, the “buffer zone” was set according to the sizes
of the sample plot (with a radius of 15.96 m for 800> m in
low closed stands (11-40%), 13.82 m for 600 m? in medium
closed stands (41-70%) and 11.28 m for 400 m? in fully
closed stands (71-100%)). Then, the generated vector layer
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and the buffer zone were overlapped, and vector data suit-
able for the boundary of the sample plot were obtained. With
vector transformation, the one-to-one inference was made
according to the boundary of the sample plot, and data was
obtained from all pixels corresponding to the boundary.
Then, by applying zonal statistics to the layer converted to
raster data, the backscattering (dB) values and digital band
values of the VV and VH polarizations were obtained for
each sample plot.

Sentinel-2 A level 1 C (Top of Atmosphere) image with
13 spectral bands acquired on October 15th, 2021, was
downloaded and used in this study. Four of these bands have
a spatial resolution of 10 m, six of them 20 m, and three of
them 60 m resolution. Landsat 8 images with 11 spectral
bands acquired on September 26th, 2021, were collected
from the USGS Earth Explorer. Eight of these bands have
a spatial resolution of 30 m, one of them 15 m, and two of
them 100 m resolution. The bands with a spatial resolution
of 30 m (except for band 9) were used in this study. The
Sentinel-2 A and Landsat 8 images were calibrated (Atmos-
pheric corrected) using the QGIS software 3.8.1 program
and converted to reflectance images produced for each band.
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During this study, high-resolution images were captured
using a UAV (DJI Inspire-2 drone) at various intervals
between the months of August and October. The specifi-
cations of the UAV and its camera are given in Table 1.
Ground control points were meticulously established
within the study area prior to the acquisition of UAV
images. Global Navigation Satellite Systems (GNSS)
receivers with cm sensitivity were used for this process.
Then, the post-flight ground control point information
was marked numerically on the captured images, and the
numerical error of the image was reduced to cm precision.
Before the ground measurements, flight plans were cre-
ated to cover the sample plots in the study area. A sample

619x239 m
8min:00s

Fig.2 UAV flight plan (Sakiz forest planning unit)

flight plan image for a portion of the study area is given
in Fig. 2.

Subsequently, for each flight plan, the take-off location
of the UAV and its corresponding elevation information are
extracted. As a result, the minimum flight altitude is deter-
mined by taking into account this elevation information.
Considering the minimum flight altitude, the flight altitude is
set at 120 m to ensure uniformity across all flight segments.

Following this process, the front and side overlap ratios
of the images were determined based on the study’s objec-
tives, set as 80% and 70%, respectively. The camera angle
was consistently adjusted to 90° for all flights. Flight opera-
tions were conducted with adjustments to the flight speed,

overlap
80

face

Table 1 UAYV and camera

N X DII Inspire 2
specifications

DIJI Zenmuse X-5 S

Maximum take-off weight

Maximum flight time

Operating temperature
Battery capacity
Maximum speed
Energy

Voltage

Type

Live view

8.82Ibs (4000 g)

Approx. 27 min (with zenzenx4s)

—4°to 104 °F (-20° to 40 °C)
4280mAh

58 mph or 94 kph (sport mode)
97.58Wh

22.8V

quadcopter

1080p

Micro Four Thirds sensor

5.2 K video recording at 30fps
and 4 K at 60fps

20.8 MP still image capture
12.8 stops of dynamic range
12-bit raw photos

20fps continuous burst shooting
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influenced by prevailing weather conditions. To ensure
high image quality, all flights took place between 11:00
and 15:00, when cloud cover is minimal, and sunlight angle
is most conducive, reducing shadows and dark areas that
might otherwise affect the images. A total of 16 flight par-
cels were determined to cover the sample plots in the study
area, and images of these parcels were taken. Pix4D software
was used to create orthophoto, reflectance, digital terrain
model (DTM), and digital surface model (DSM) of the UAV
images. The creation of the images was carried out in three
stages. First, the images taken were aligned in a coordinated
manner, and image calibration processes were performed. In
the second stage, tie points of the images were created. This
process was used to identify the anchor points between the
photos. A point cloud was formed with these points. After
the dense point cloud was created in the final stage, digital
Orthophoto, DTM, DSM, and reflectance maps were created
(Fig. 3). The images of all plots determined in the study con-
sist of three bands: red, green, and blue. As the fourth band,
the Greeyscale (Panchromatic) band was also produced as
specified in Eq. 3 (Pix4D 2022), and images consisting of
a total of four bands were obtained. The flight plots used
throughout the study are shown in Fig. 4.

Grayscale = 0.2126 X Red + 0.7152 x Green + 0.0722 X Blue
3)

Following the above process, each band of each image
(Sentinel-2, Landsat 8, and UAV images) used in the study
was converted into a vector layer using ArcGIS 10.7 soft-
ware. In the study, the buffer tool in ArcGIS software was
used to obtain sample plot sizes in the computer envi-
ronment that matched the sizes of the field plots where
ground measurements were conducted. During ground
measurements, sample plots were set up as circular areas,
with three different sizes determined according to canopy
closure levels. If the canopy closure of a sample plot was
between 11% and 40%, a circular plot with a radius of
11.28 m, resulting in an area of 400 m2, was used. The
selection criteria for the sample plots during ground
measurements are explained above. The coordinates of
the sample plot centers were recorded and saved in Arc-
GIS as a point layer. Then, using these center points as
a reference, plots of the same size were generated in the
computer environment by creating circles with the same
radii as those used in the field using the buffer zone tool.
This procedure was applied to all sample plots. For each
sample plot, the buffer zone was set according to the sizes
of the sample plot (with a radius of 15.96 m for 800 m?
in low closed stands (11-40%), 13.82 m for 600 m? in
medium closed stands (41-70%) and 11.28 m for 400 m? in
fully closed stands (71-100%)). Then, the generated vec-
tor layer and the buffer zone were overlapped, and vector

Digital surface model
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Fig.3 Orthophoto, digital surface model, digital terrain model, reflectance, and index maps produced from UAV images (taken from Sakiz plan-

ning unit with flight parcel no:1)
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Fig.4 Flight plots for forest planning units used in the study

data suitable for the boundary of the sample plot were
created. By employing vector transformation, a one-to-
one inference process was executed in accordance with
the sample plot boundary, extracting data from all pix-
els that corresponded to this boundary. Then, the reflec-
tance values were obtained for each sample plot by using
zonal statistics to convert the layer to raster data. Utilizing
the spectral bands from Sentinel-2, Landsat 8, and UAV
imagery, a total of 39 vegetation indices were computed,
specifically 12 from Landsat 8, 12 from Sentinel-2, and
15 from the UAV images. The vegetation indices and for-
mulas used in the study are given in Tables 2 and 3. In
addition, in this study, homogeneity (HOM), dissimilarity
(DIS), correlation (COR), second moment (SM) variance
(VAR), entropy (ENT), contrast (CONT) and mean (M)
from Landsat 8 and Sentinel-2 satellite images were pro-
duced separately for seven different window sizes (3 X 3,
5%5,7%x7,9%9,11x11, 13x13 and 15x 15) and 4 dif-
ferent orientations (0°, 45°, 90°, 135°). A total of 17 bands
were utilized for Sentinel-2 and Landsat 8 satellite images.
Thus, a total of 3808 texture data sets were created for 17
bands, 8 texture features, 7 window sizes, and 4 different
orientations. The extraction of texture data involved the

utilization of ENVI 5.2 software during the data acquisi-
tion process.

Modelling

During the modeling phase, data sets were prepared for mod-
eling the relationships between aboveground biomass (AGB)
obtained from ground measurements and reflectance, veg-
etation indices, texture features, backscattering, and digital
band values obtained from Sentinel-1, Sentinel-2, Landsat
8, and UAV images. Of the 184 sample plot data used in the
study, 80% (150 sample plots) were utilized in developing
models, and 20% (34 sample plots) were applied in test-
ing the models. The MLR and ANN modeling techniques
were applied to the created data sets. The modeling process
was performed in three stages. First of all, the AGB was
estimated by MLR using remote sensing data. Secondly,
predictions for the test data were obtained by using the pre-
diction models created with the model data sets. Finally, the
paired t-test was conducted to control whether there was a
difference between the predictions of the test results and the
observation data.

@ Springer



66 Page8of24

Earth Science Informatics (2025) 18:66

Table 2 Formulas of vegetation indices for Sentinel-2 and Landsat 8 OLI

Vegetation indices

Formulas of Landsat 8 OLI

Formulas of Sentinel 2

Reference

NDVI

(B5-B4) / (B5+B4)

(Normalized Difference Vegetation

Index)

MSI
(Moisture Stress Index)

NBR

(B6/BS5)

(B5-B7)/ (B5+B7)

(Normalized Burn Ratio)

EVI

(Enhanced Vegetation Index)

SAVI

2.5x ((B5-B4)/ (B5+6x B4-7.5x

B2+1))

((B5-B4)/(B5+B4+0.5)) x (1.5)

(Soil Adjusted Vegetation Index)

DVI

(B5-B3)/(B5+B3)

(Difference Vegetation Index)

GNDVI

(B5-B3)/(B5+B3)

(Green Normalized Difference Vegeta-

tion Index)
NDWI

(B5-B6)/(B5+B6)

(Normalized Difference Water Index)

MSR (B5/B4)-1)/ \/((B5 /B4)+1)
(Modified Simple Ratio)
NLI ((B5)-B4)/((B5)+B4)

(Non-Linear index)
PSSR

(B5/B4)

(Pigment Specific Simple Ratio)

EVI2

24x (B5-B4)/(B5+B4+1.0)

(Enhanced Vegetation Index 2)

(B0O8 - B04) / (BO8 +B04)

(B11/B08)

(B0OS - B12) / (BOS +B12)

2.5 x (BOS - BO4) /

((B0O8+6.0 x B04-7.5 x B02)+1.0)

(BOS - BO4) / (BOS +B04 +L) x
(1.0+L);

L=0.428

(B0OS / B04)

(B0O8 - B03) / (BO8 +B03)

(B08-B11) / (B0 +B11)
(BOS - BO1) / (B04 - BO1)
((B08?) - B04)) / (B08?) +B04))

(BO8 / B0O4)

2.4 x (BOS - B04) / (BO8+B04+1.0)

Rouse et al. (1974)

Hunt and Rock (1989)
Key and Benson (2006)
Liu and Huete (1995)

Huete (1988)

Tucker (1980)

Gitelson et al. (1996)

McFeeters (1996)
Chen (1996)

Goel and Qin (1994)
Blackburn (1998)

Jiang et al. (2008)

Table 3 Formulas of vegetation indices for UAV

Vegetation indices

Formulas Reference

Vegetation indices Formulas

Reference

Red-Green-Blue
Vegetation Index
(RGBVI)

Green Leaf Index
(GLI)

Visible Atmospheri-
cally Resistant Index
(VARI)

Normalized Green
Red Difference
Index (NGRDI)

Enhanced Red-Green-
Blue

Vegetation Index
(ERGBVE)

Simple red—green
ratio (GR)

RGB-based vegetation
index 2 (RGBVI2)

Triangular Greenness
Index (TGI)

(GxG)- (RxB)/(Gx Bendig et al. (2015)

G) +(R x B)

2xG-R-B)/(2x
G+R+B)

Louhaichi et al.
(2001)

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

Tucker (1979)

nx ((G-(RxB))/(G?

+ (R xB))
R/G Gamon and Surfus.
(1999)
(G-R)/B Garcia-Fernandez

et al. (2021)

G-0.39xR-0.61 Hunt et al. (2013)

x B

Gitelson et al. (2002)

Themistocleou (2019)

Green-red vegetation (G-R)/(G+R)

index (GRVI)
Modified green—red (G- R?) /(G2 +R?
vegetation index
(MGRVI)

Simple blue—green B/G
ratio (BGI2)
Vegetativen (VEG) G/ (R*x B!,
a=0.667
Excess green index 2G-R-B

(EXG)

Normalized green- (G-B)/(G+B)
blue difference

index (NGBDI)

RGB-based vegetation (G+B)/R
index 3 (RGBVI3)

Tucker (1979)

Bendig et al. (2015)

Zarco-Tejada et al.

(2005)

Hague et al. (2006)

Woebbecke et al.
(1995)

Du and Noguchi (2017)

Garcia-Fernandez et al.
(2021)
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Multiple linear regression analysis

The stepwise MLR was used to model the relationships
between remote sensing data and the AGB. The MLR model
structure for this analysis is given below.

AGB =g+ X+ 65X+ +,X,+¢ 4)

The AGB was chosen as the dependent variable in the
model, and the independent variables (X, X, ..., X)) were
the remote sensing data obtained from Landsat 8, Sentinel-2,
Sentinel-1, and UAV images; reflectance, vegetation indices,
texture features, backscattering brightness and digital band
values, By, By, By.- - B, represent model coefficients, and €
is the additive bias.

Bayesian artificial neural networks

Another estimation method applied in this study is the
feed-forward backpropagation Bayesian Artificial Neural
Networks (BANNs) model. In this instance, a Bayesian
Artificial Neural Network (BYSAM) network was designed
with significant independent variables comprising reflec-
tance, vegetation indices, texture features, backscattering,
brightness, and digital band values within the AGB model,
in which the MLR was applied. MATLAB codes by Bolat
(2021) with different ANN model options were used in the
study. However, there are some problems associated with the
application of ANN. Among them, overfitting is one of the
most common problems and major disadvantages encoun-
tered in neural network models. Overfitting is experienced
in a way that good results in the designed network training
dataset may show poor performance in the test dataset or
vice versa. In fact, the overfitting problem is closely related
to the number of independent variables. In general, the fit
problem is inevitable for ANN models with a small training
data set. One way to solve the fit problem of ANN models
in this situation is to apply simple neural network models.
Another way to avoid overfitting is to choose an appropriate
editing training function such as Levenberg-Marquardt and
Bayesian (Van Havre et al., 2015; Okut 2016; Bolat 2021;
Skudnik and Jevsenak 2022).

Some parameters have been taken into account to over-
come the overfitting or underfitting problems. The first step
is to exercise caution and diligence in the selection process
of the test dataset, which should be at a level that can rep-
resent the variability of the training dataset. During the
training of this data set network, no analysis of the test data
should be performed. Another important issue before the
network training is determining how the data allocated as
the training data set will be separated into training, testing,
and validation during the network training. Retraining (in

resampling) the designed network many times increases the
learning capability of the network. Because the training data
set is divided into different groups at each training stage,
the network changes the weights of the input variables in a
way that minimizes the model error value. For instance, if
a 5-neuron network is trained 10 times and the average per-
formance of the network decreases compared to the majority
of the individual network performances, it indicates a good
generalization ability of the network (Bolat 2021). Another
issue that affects the generalization ability of the network
is the training function determined for network training, as
the parameter adaptations change according to the selected
training function (Piotrowski et al., 2013). Bayesian network
training was used in this study as its structures work in better
harmony with the early stopping and regularization param-
eters. In ANN models, the independent variables can be
normalized with different techniques to reduce the network
complexity and consistency against extreme values (Akillt
and Hiilya 2020). In this study, the independent variables
were converted to values in the range of —1 to + 1 using
the minimum and maximum technique (Foresee and Hagan
1997). Arranging the data in the range of [—1 1] in this net-
work structure increases the network’s generalization ability.

Another issue that affects network performance is the
selection of the activation function that provides data transfer
between layers. Generally, logistic sigmoid and hyperbolic
tangent sigmoid functions are used to represent biological
structures well with a refractive and asymptote value. In this
study, the hyperbolic tangent transfer function was used since
the data were arranged in the range of [—1 1]. Similarly, both
learning rate and momentum value also affect network per-
formance. The momentum value is usually chosen between
0 and 1. The learning rate is an important parameter in the
network’s training process. While a small learning rate causes
the network to overfit the data, a large learning rate can lead
to less learning and, therefore, big mistakes (Lawrence et al.
1997). Thus, determining the learning rate and momentum
coefficient simultaneously is essential in improving network
performance (Bolat 2021). In this study, based on the learn-
ing rate and momentum values, a total of 17 models were
generated, 9 models in which the learning rate is kept con-
stant at 0.1 and the momentum is changed between 0.1 and
0.9, and 8 models where the momentum ratio is kept constant
at 0.1. The learning rate varies between 0.1 and 0.9. Among
17 models, the performance criteria and compliance status
were evaluated, and the model with the highest success was
chosen to represent the network.

Model performance criteria

Various indicators such as the adjusted coefficient of deter-
mination (RZ dj), mean absolute error (MAE), root mean
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square error (RMSE), the bias (Bias), akaike’s information
criterion (AIC) and bayesian information criterion (BIC)
criteria were used to evaluate the model success. The
desired performance outcome is to have MAE, RMSE,
AIC, and BIC values approaching 0 while aiming for an
Ri " value close to 1. Taking into account the performance
criteria calculated for AGB, a method that proves effective
based on one criterion might not fare well according to
another criterion’s valuation. To address this concern, a
comprehensive success ranking was devised to encompass
all relevant success criteria. To achieve this, the approach
outlined by Poudel and Cao (2013), known as the Relative
Ranking Method (Ri), was adopted. Within this method,
models were ranked relative to their proximity and diver-
gence concerning the success criteria. By gathering rela-
tive sequence numbers corresponding to various criterion
values, the model exhibiting the lowest total relative
sequence number was identified as the most successful for
AGB (Ozdemir 2018; Ercanli et al. 2018). The formulas
for these statistical values are as follows (cf.
Equations 5-11).

_=DY L ei-5)

n=p)T " 0= )

2
R, =1

&)

1 n ~
MAE=—%"" |y~ 3] ©6)

1 n )
RMSE =1/~ %" (= 5) @

P (yi _3?:)

Bias = ®)
n
AIC = In(RMSE) + 2k )
BIC = In(RMSE) + In(k) (10)
(m = 1)(S; = S,in)
R. =1
' * Smax - Smin (1)

Where n is the number of observations, p is the number
of parameters, y; is measur_ed the AGB (ton ha_l), )?l is
predicted AGB (ton ha™), ¥; is a mean of measured AGB
values, k is the number of coefficients. R, is the relative
rank of methodi (i=1,2, 3,....... m), S; is the goodness of
fit statistics generated from methods, S,;, is the minimum
value of S;, and S, ,, is the maximum value of S;. The
flow chart of the methodology used in the study is shown
in Fig. 5.

@ Springer

Results
Multiple Linear regression analysis

Table 4 presents the success criterion values and the total
rank order numbers of the relationships between AGB and
remote sensing data as revealed by the multiple regression
(MLR) analysis. The models obtained with the data set
having the lowest total relative rank were identified as the
most successful ones. The highest success with reflectance
data was achieved for the Sentinel-2 satellite image
(Ridj = 0.47), while the lowest success was found for the
UAV image (dej = 0.29). The highest success with veg-
etation indices was achieved for the Landsat 8
(Ridj = 0.53), while the lowest success was found for the
UAV image (Ridj = 0.38). When examining the model
results obtained for texture features from Landsat 8 and
Sentinel-2 images using the window sizes, the highest suc-
cess was achieved for the 9 X9 window size of the Senti-
nel-2 image (Ridj = 0.81), while the lowest success was
observed for the 5 X5 window size of the Sentinel-2 image
(Rz G = 0.77). In terms of texture features, the highest suc-
cess was achieved at 135° for the Landsat 8 (Ridj =0.74),
while the lowest success was observed at 90° for the Sen-
tinel-2 (Ridj = 0.74). The success levels of the models
obtained from the backscatter and digital number values
of the Sentinel-1 image have turned out to be quite low.
However, no significant model has been identified for the
UAV digital number data in this context.

When examining the success criteria of the applied
MLR model, the highest success in remote sensing data-
sets was achieved with texture datasets. Especially diver-
sifying the dataset in terms of different window and orien-
tation sizes has significantly contributed to the success of
the model results. Using different window sizes, the high-
est coefficient of determination for aboveground biomass
was obtained with texture features from the Sentinel-2
image at a window size of 9 x9 (Ridj = 0.81) (Table 5).
Prediction and observation graphs for the MLR models
applied to the model-test datasets are presented in Fig. 6.

Artificial neural networks

Remote sensing datasets that provided the highest success
for AGB in regression models (Table 5) were also used
to obtain predictions using the Bayesian Artificial Neural
Network Model (BYANNM). The utilization of diverse
learning rates and momentum variables in the models led
to the development of a comprehensive set of 17 models
for estimating AGB (Table 6). Upon a closer examination
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Fig.5 Flowchart of the methodology of the study
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Table 4 Success criterion values and total relative values for multiple linear regression analysis

DATASET TRAINING TRAINING RELATIVE RANK

R? RMSE MAE BIC AIC R? RMSE MAE BIC AIC Total
UAV DN - - - - - - - - - - -
UAV VIs 0.38 65.13 5446 4.87 8.18 17.93  25.40 2432 31.00 5.27 103.92
UAV RV 029  69.69 56.34 4.24 6.24 2126 27.12 25.13 2734 399 104.84
Landsat 8 OLI VIs 0.53 0.55 0.46 0.51 8.41 1231 1.09 1.10 5.46 5.43 25.39
Landsat 8 OLI RV 0.52  0.55 0.46 1.02 9.41 1235 1.09 1.11 8.44 6.09 29.07
Landsat 8 OLI Orientation (0°) 0.75 0.39 0.31 1.46 21.06  4.00 1.03 1.04 11.03  13.84 30.94
Landsat 8 OLI Window Size (11x11) 0.77 0.38 0.31 1.32 19.02  3.25 1.02 1.04 1025 1248  28.04
Landsat 8 OLI Window Size (13x13) 0.81 0.34 0.21 1.33 2093 1.82 1.01 1.00 1027 13.75  27.85
Landsat 8 OLI Orientation (135°) 0.74 0.40 0.32 1.28 17.08 4.26 1.03 1.04 9.96 11.19 2749
Landsat 8 OLI Window Size (15x15) 0.78  0.36 0.28 1.29 18.99  2.69 1.02 1.03 10.06 1246  27.25
Landsat 8 OLI Window Size (3 x 3) 0.67 045 0.38 1.40 1720  6.96 1.05 1.07 10.69 11.27  31.04
Landsat 8 OLI Orientation (45°) 0.71 041 0.33 1.68 25.12  5.34 1.04 1.05 12.35 1653  36.31
Landsat 8 OLI Window Size (5 5) 0.66 0.46 0.39 1.17 1323 7.37 1.05 1.07 9.35 8.63 27.48
Landsat 8 OLI Window Size (7 X 7) 0.70 043 0.35 1.45 19.15 5.83 1.04 1.06 11.00 1257 31.50
Landsat 8 OLI Window Size (9x9) 0.80 0.35 0.29 1.51 2495 2.20 1.01 1.03 11.35 1642 32.01
Landsat 8 OLI Orientation (90°) 0.82 0.32 0.26 1.99 4485 141 1.00 1.02 1412 29.65 47.20
Sentinel 1 DN 0.03 0.78 0.66 -025 175 31.00 1.17 1.19 1.04 1.00 35.41
Sentinel 1 dB 0.07 0.78 0.65 -025 175 2924 1.17 1.19 1.00 1.00 33.60
Sentinel 2 VIs 0.58 0.51 0.42 1.12 11.33 1025 1.07 1.09 9.06 7.37 28.85
Sentinel 2 RV 047 0.58 0.48 0.56 5.46 1445 1.10 1.12 5.77 3.47 25.90
Sentinel 2 Orientation (0°) 0.76  0.38 0.31 1.59 25.02 347 1.02 1.04 11.78 16.47  33.79
Sentinel 2 Window Size (11 x 11) 0.78 0.37 0.29 0.94 23.00 2.61 1.02 1.03 8.01 15.12  27.79
Sentinel 2 Window Size (13 x 13) 0.80 0.36 0.28 1.05 1897 2.20 1.01 1.03 8.62 1245 2531
Sentinel 2 Orientation (135°) 0.65 045 0.35 1.78 2521 7.52 1.05 1.06 12.89 16.60  39.11
Sentinel 2 Window Size (15 x 15) 0.83 0.32 0.25 1.50 16.86  1.00 1.00 1.02 11.25  11.04 2531
Sentinel 2 Window Size (3 x 3) 0.81 0.34 0.28 1.62 2891 1.79 1.01 1.03 1198 19.06 34.86
Sentinel 2 Orientation (45°) 0.69 042 0.35 2.03 35.13  6.13 1.04 1.06 1435 23.19 4577
Sentinel 2 Window Size (5% 5) 0.77  0.38 0.31 1.92 35.03  3.17 1.02 1.04 13.73  23.12  42.09
Sentinel 2 Window Size (7 X 7) 0.78 0.37 0.29 0.94 18.00  2.65 1.02 1.03 8.02 11.80  24.52
Sentinel 2 Window Size (9x9) 0.81 035 0.28 1.14 16.94 1.82 1.01 1.03 9.14 11.10 24.10
Sentinel 2 Orientation (90°) 0.80 0.33 0.25 2.06 46.88 1.86 1.00 1.02 14.55 31.00 49.44

of Table 6, it becomes evident that the model denoted
as AGB8 emerged as the most suitable one based on its
coefficient of determination and the cumulative relative
rank number (Model R>=0.82, Test R?=0.75, learning
rate=0.1, momentum =0.8, Rj=56.22). However, there is
a prevailing concern regarding overfitting in the remaining
models, except for AGBS5, AGB7, and AGB8 models. The
graph depicting the model and test coefficients of deter-
mination for AGB is shown in Fig. 7.

Prediction and observation graphs for the ANNs applied
to the model-test datasets are presented in Fig. 8, and the
prediction and observation performance metrics for the mod-
els are provided in Table 7.

Furthermore, a “paired t-test” was exercised to determine
whether the test predictions for the methods were consistent
with the observation data. According to the test results, it
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was observed that the models can be used in the study area at
a 0.05 significance level. Performance metrics (Rz, RMSE,
MAE, BIC, AIC, BIAS) for all predictions obtained through
modeling techniques and the results of the paired t-test are
provided in Table 7.

Discussion

The evaluation of the results from the study revealed that
the most successful model for AGB was achieved using
MLR, with the model incorporating texture variables from
the 9 X9 window size derived from Sentinel-2 imagery
(Model R2 = 0.81, Test R = 0.84). Similarly, the ANN
modeling technique demonstrated a high level of success
(Model R? = 0.82, Test R2 = 0.75) (Table 6). The p-values
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Table5 Above ground biomass model obtained with 9x9 window
size texture data from Sentinel-2 image

Independent variables  Coefficients of Inde- t statistics  p-value
pendent Variables
Constant 3.815 7.098 0.000
M_S12_9_45° 0.280 3.472 0.001
CON_S5_9_0° —1.525 —2.278 0.024
CON_S8A_9_0° 0.621 4.691 0.000
CON_S5_9_45° 0.812 5.531 0.000
CON_S5_9_135° 0.262 2777 0.006
COR_S5_9_135° 0.501 2.586 0.011
M_S7_9_45° —-0.459 —6.875 0.000
M_S7_9_0° 0.458 5.709 0.000
DIS_S11_9_0° -0.975 -3.218 0.002
CON_S8_9_135° 1.080 4.206 0.000
SM_S12_9_90° 0914 2.157 0.033
HOM_S7_9_90° 1.469 3.330 0.001
DIS_S8_9_135° -1.810 —3.058 0.003
CON_S6_9_0° —0.947 —-2.100 0.038

from the paired t-test for the test data of both methods
were 0.346 for MLR and 0.981 for ANNSs, indicating no
significant difference between the models (Table 7). How-
ever, the MLR test displaying a higher R2 value compared
to the model, coupled with the t-test revealing a lower
p-value than that of ANNSs, strongly indicates that ANN
is the more appropriate and preferable option for AGB
estimation. The results obtained from the study have been
discussed separately below for each of the four different
images, in conjunction with some studies from the litera-
ture on the topic.

Landsat 8 OLI Satellite Image

The study modeled the relationships between AGB and
band reflectance, vegetation indices, and texture variables
obtained from Landsat 8 OLI satellite imagery using the
Multiple Linear Regression (MLR) modeling technique.
The best R? values were 0.52 for the model using reflec-
tance variables, 0.53 for vegetation indices, and 0.80 for
texture variables (see Table 4). When the studies on the sub-
ject in the literature are examined, Lu (2005) modeled the
variables obtained from Landsat TM imagery using MLR,
with the highest R? value achieved by the model using band
reflectance variables. Similar results were found in the study
conducted by Turgut and Giinlii (2022). Turgut and Giinlii
(2022) used MLR to model AGB in pure Crimean pine
stands, employing vegetation indices and band reflectance
variables derived from Landsat 8 data. The analysis of the
results revealed that the model using band reflectance values
as the independent variable (R? = 0.445) outperformed the
model using vegetation indices (R? = 0.387). Contrary to
this, a study conducted by Gaspari et al. (2010) used Landsat
7 ETM + satellite imagery to model AGB, and they found
that the model using vegetation indices provided a higher
R? value compared to other variables. Another study con-
ducted by Giinlii et al. (2014) in pure Crimean pine forests
in Turkey used MLR to model the relationships between
vegetation indices and band reflectance values from Landsat
TM and AGB. The study found that vegetation indices (R2 =
0.606) provided more accurate results than band reflectance
values (R% = 0.465). Bulut (2023) used MLR to model the
relationships between band reflectance, vegetation indices
obtained from Landsat 8, and AGB in pure Calabrian pine
stands. The study demonstrated that vegetation indices were
more effective than band reflectance variables in predicting
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Fig.6 Observation, prediction, and error distribution graph according to the multiple linear regression model (for both model and test)
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Fig.8 Observation, prediction, and error distribution graph according to the ANNs model (for both training and testing)

AGB. In studies that used band reflectance and vegetation
index variables derived from satellite imagery to predict
AGB, vegetation indices generally yielded more successful
results. This is because vegetation indices are generally more
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effective in predicting AGB due to their ability to capture the
condition of green vegetation with greater sensitivity. How-
ever, vegetation indices can also help mitigate the effects
of environmental conditions and shadows on reflectance,
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Table 7 Model performance

2
values obtained from 9 X9 o Method R
filtered texture data of Training MLR 0,81
Sentinel-2 image for AGB ANN 0,82
Validation =~ MLR 0,84
ANN 0,75

RMSE

MAE BIC AIC  BIAS Paired
0,35 0,28 1,14 1694 —=556x1071  r-test

0,35 0,28 1,58 26,94 3,05x1071 ¢ p value
0,33 027 1,54 26,90 6,11x107°  —0,956 0,346
0,34 027 1,55 2691 427x1075 0,024 0,981

thereby improving the correlation between AGB and veg-
etation indices, especially in forest ecosystems with complex
vegetation cover (Lu 2005).

In the study, the best model performance was achieved
using texture variables from the Landsat 8 OLI satellite. A
review of the literature reveals that similar results have been
obtained in studies comparable to ours. The study by Dube
and Mutanga (2015) estimated the relationships between
AGB and variables such as band brightness values, vegeta-
tion indices, and texture features derived from Landsat 8
OLI satellite imagery. The findings indicated that texture
features were the most effective predictors of AGB, achiev-
ing an R2 of 0.76. Ou et al. (2019) predicted AGB in Pinus
densata forest areas using Landsat 8 OLI data. The study
concluded that texture features derived from Landsat 8 OLI
images contributed more to improving prediction accuracy
than the original spectral band values. Texture features are
independent of an object’s surface color and brightness, cap-
turing the frequency of changes within a specified window
size. This sensitivity to canopy structure allows for detailed
differentiation of vegetation and the detection of diverse
forest canopy characteristics (Zhang et al. 2020). Texture
features play a critical role in enhancing the predictive accu-
racy of AGB models. However, identifying texture features
that exhibit strong correlations with AGB remains essential.
Selecting the most suitable texture features for AGB predic-
tion is challenging, as these features can vary depending on
forest stand structures and the satellite imagery used in the
study area. This selection process also involves determining
optimal window sizes and orientation, selecting appropri-
ate image bands (Chen et al. 2004; Eckert 2012; Barbosa
et al. 2014). In our study, the best model performance for
the Landsat image was achieved with a window size of 9 X9
and an orientation of 0°. (see Table 4). A review of some
studies in the literature on texture features derived from sat-
ellite images for predicting AGB shows that variables with
different window sizes and orientations have been included
in the models. In the study by Turgut and Giinli (2022),
texture variables with window sizes of 3 X3, 5x5, 7x7,
and 9 X9 from different bands were included in the model
for predicting AGB and the model’s performance was found
to be 0.552. In the study by Phua et al. (2017), variables
with window sizes of 33 and 5 X5 were included in the
model for AGB modeling, and the model’s performance was
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found to be 0.52. Persson’s (2016) study showed that the best
results for estimating AGB were obtained with an 11x 11
window size. Maack et al. (2015) found that a 3 X3 win-
dow size provided the best prediction for AGB. In a study
conducted by Bulut et al. (2023) on predicting forest stand
parameters, they found the best model results for predicting
these parameters at different orientations (45, 90, and 135°).
When reviewing studies related to the topic in the litera-
ture, some of which are mentioned above, due to the limited
research on predicting stand parameters using textural fea-
tures derived from satellite images, there is a lack of clarity
regarding the optimal orientation and window size. It is not
fully understood how to determine the appropriate values for
the moving window size and orientation when considering
textural features. In recent years, various machine-learning
techniques have been used to estimate AGB. A review of
related studies in the literature shows that, as in our study,
machine learning techniques have yielded more successful
results compared to MLR. Safari et al. (2017) attempted to
estimate the AGB using multivariate adaptive regression
splines (MARS), random forest (RF), boosted regression
trees (BRT), and support vector machine (SVM) modeling
techniques with raw band, raw band ratios and vegetation
indices obtained from Landsat 8 data. They indicated that
model success varied according to variables and modeling
techniques. In another study by Li et al. (2019a, b), the AGB
was estimated using Landsat 8 imagery in four different veg-
etation types using MLR, improved back-propagation neu-
ral network (Improved BBPNN), and SVM techniques. The
results of the study showed that the success levels obtained
from different modeling techniques varied for different veg-
etation types. In coniferous forests, for instance, the most
effective model was derived using MLR, whereas in broad-
leaf forests, the SVM modeling technique produced the best
model. Comparable results were also identified in our study.
In the study conducted by Giinlii et al. (2021a, b), the rela-
tionships between band reflectance, vegetation indices, and
texture features obtained from Landsat 8 OLI images and
AGB were modeled using MLR and ANN. Upon reviewing
the results, it was found that the ANN method provided more
successful results than the MLR method for all variables.
Similar results have been found in the studies conducted by
Xu et al. (2011), Lopez-Serrano et al. (2016), Sakict and
Giinlii (2018), Bulut (2023), and Anees et al. (2024).
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Sentinel-2 Satellite Image

The study utilized the Multiple Linear Regression (MLR)
technique to model the relationships between AGB and vari-
ous predictors, including band reflectance, vegetation indi-
ces, and texture variables derived from Sentinel-2 satellite
imagery. The highest R? values achieved were 0.47 for mod-
els using reflectance variables, 0.58 for vegetation indices,
and 0.81 for texture variables (see Table 4). For Artificial
Neural Networks (ANN), the best performance was observed
with Model 8, achieving a success rate of 0.82 (see Table 6).
When the studies in the literature related to the topic are
examined, Muhe and Argaw (2022) examined the relation-
ship between AGB and band reflectance and vegetation
indices values obtained from Sentinel-2 imagery using cor-
relation analysis and found the best correlation with AGB in
vegetation indices. In the investigation carried out by Ahmad
et al. (2023), the associations between vegetation indices and
band reflectance variables retrieved from Sentinel-2 were
scrutinized concerning AGB in moist temperate forests.
MLR was employed, revealing that the best model outcomes
were achieved with the vegetation indices. In the study con-
ducted by Anish et al. (2022), above-ground carbon was esti-
mated using vegetation indices calculated from Sentinel-2
satellite imagery, and the R? was found to be 0.76. Muhe and
Argaw (2022) examined the relationship between AGB and
band reflectance and vegetation indices values obtained from
Sentinel-2 imagery using correlation analysis and found the
best correlation with AGB in vegetation indices. Similar to
Ahmad et al. (2023), the associations between vegetation
indices and band reflectance variables retrieved from Senti-
nel-2 were scrutinized concerning AGB in moist temperate
forests. MLR was employed, revealing that the best model
outcomes were achieved with the vegetation indices. In the
study conducted by Li et al. (2021), the best model per-
formance for predicting AGB was achieved using texture
variables derived from Sentinel-2 satellite imagery with a
7 %7 window size. Unlike our study, the study conducted
by Li et al. (2021) reported better model performance with
medium window sizes (5 x5 and 7 X 7). Our study achieved
the best model performance with a window size of 9 X9
and an orientation of 0°. In the study conducted by Demirel
et al. (2023) on pure cedar stands, the relationships between
aboveground carbon and band reflectance and vegetation
indices derived from Sentinel-2 satellite imagery were mod-
eled. When the results were examined, similar to our study, a
higher model determination coefficient (0.448) was achieved
with vegetation indices. Unlike our study, the study con-
ducted by Keles et al. (2021) found that in predicting above-
ground carbon, band reflectance variables (0.265) performed
slightly better than vegetation indices (0.244) in terms of
model results. In the study conducted by Bulut et al. (2023),
texture variables derived from Sentinel-2 satellite imagery

with different window sizes and orientations were used to
predict stand parameters such as stand volume, basal area,
number of trees, and dominant height. The best model deter-
mination coefficient was 0.82 for the number of trees at 45°,
0.79 for stand volume, 0.72 for basal area at 90°, and 0.72
for dominant height at 135°.When evaluated in terms of win-
dow size, they found that the R2 was 0.74 for stand volume
with 7x 7 and 9 X9 window sizes, 0.71 for basal area with a
7 %7 window size, 0.80 for tree count with a 7 X7 window
size, and 0.70 for dominant height with a 9 X9 window size.
When reviewing the literature, it has been found that similar
to the model performance obtained from Landsat 8 satellite
imagery, the best model performance for Sentinel-2 satellite
imagery was also achieved using texture variables. Texture
features offer insights into the horizontal structure, spatial
variation, and relative gray value distribution within an
image, which helps in identifying ground objects or regions
of interest (Kelsey, 2014). They have been suggested as a
solution to the problem of vegetation index saturation in
areas with high biomass density. Texture analysis is widely
applicable to remote sensing imagery and presents a promis-
ing method for improving the accuracy of biomass modeling
at both local and regional scales (Sarker and Nichol 2011;
Sibanda et al. 2017). The window sizes and orientations of
texture features have a significant impact on AGB prediction.
However, it is not yet clear which specific window size and
orientation of texture features are most effective in predict-
ing AGB and other stand parameters (Li et al. 2021). As
mentioned above, when reviewing the literature for Landsat
8 imagery, it has been observed that machine learning tech-
niques, when applied to variables derived from Sentinel-2
satellite imagery, provided more successful model results
in modeling the relationships between AGB compared to
the MLR method (Wan et al. 2018; Li et al. 2019a, b; Keles
et al., 2021; Quang et al. 2022; Zhang et al. 2024; Nguyen
et al.,2024).

Sentinel-1 Satellite Image

This study revealed exceedingly weak correlations
between the variables obtained from the Sentinel-1 satel-
lite image and AGB (Table 4). Similar results were found
in different studies in the literature (Nuthammachot et al.
2022; Giiver¢in and Giinlii 2023a, b). While C-band Sen-
tinel-1 provides high spatial resolution synthetic aperture
radar (SAR) data, it is not sufficient to estimate the AGB
due to the low penetration and saturation point (Gasparri
et al. 2010; Li et al. 2020). It does not reach the ground
due to short wavelengths with backscattering from the
upper layer of the stand (Quegan et al. 2019; El Hage
et al. 2022). However, when reviewing the literature, it
becomes apparent that various studies have focused on
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estimating AGB by analyzing variables derived from Sen-
tinel-1 C alongside parameters such as band reflectance,
vegetation indices, and texture values obtained from pas-
sive satellite imagery like Landsat and Sentinel-2. These
studies indicated that the model’s success in estimating
AGB significantly improved when combining Sentinel-1
C data with other passive satellite imagery compared to
relying solely on Sentinel-1 C data (Zhang et al. 2015;
Wang et al. 2019; Nuthammachot et al. 2022). In exam-
ining the literature further, Kumar et al. (2016a, b) esti-
mated AGB by MLR using Landsat 8 and ALOS-2 images
separately. Relationships were found at the level of model
success (RZ=0.788) with the variables of the Landsat 8
image and (R?=0.742) with the variables of the ALOS-2
image. It was observed, however, that the model success
increased when the variables obtained from both satellite
images were used together (R?=0.859). Nuthammachot
et al. (2022) tried to estimate AGB by utilizing variables
derived from Sentinel-2 and Sentinel-1 images separately
as well as in conjunction with each other. Upon analyzing
the results, it was found that the utilization of solely Senti-
nel-1 backscatter produced an R? of 0.34 while employing
only variables from Sentinel-2 resulted in an R? of 0.82,
and using variables from both satellite images together
achieved an R? of 0.84. In the study conducted by Giiver-
¢in and Giinlii (2023a, b) on pure Calabrian pine stands,
the relationships between AGB and the reflection values
obtained from Sentinel-1 satellite imagery were examined,
and, similar to our study, a very low model determina-
tion coefficient (0.053) was found. In the same study, the
model determination coefficients were 0.313 for Sentinel-1
reflection values with Landsat 8 band reflectance values,
0.292 for vegetation indices, and 0.10 for topographic
variables. It was observed that including different vari-
ables in the model led to improved model performance.
In a study conducted by Keles et al. (2021), Sentinel-1
(backscatter) and Sentinel-2 (band reflectance and vegeta-
tion index) satellite imagery were used to predict above-
ground carbon in pure Scotch pine stands. Upon examining
the results, the lowest R? of 0.442 was obtained in the
model where Sentinel-1 backscatter values were used as
the independent variable. Additionally, when backscatter
variables were included along with band reflectance val-
ues, the R? increased to 0.634, and when vegetation index
values were used, it reached 0.672. In the study conducted
by Moghimi et al. (2024) on predicting AGB, the model
that included variables derived from both Sentinel-1 and
Sentinel-2 imagery demonstrated better performance.
Similar results were also found in the study conducted by
Wang et al. (2024). The results from the studies indicate
that when variables derived from Sentinel-1, ALOS, and
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other optical satellite imagery are used together, the model
performance improves.

Unmanned aerial vehicle

This study also involved modeling the relationships between
digital number, band reflectance, vegetation index variables
extracted from UAV images, and AGB. Upon evaluating the
modeling outcomes, it was found that no significantly corre-
lated model could be formulated using the UAV data, unlike
the possibilities achieved with satellite data sources. The R2
ranged between 0.29 for band reflectance and 0.38 for veg-
etation indices, noticeably lower compared to those derived
from satellite data sources (Table 4). However, the UAV
data were acquired locally through drone flights over the
study area at a considerably lower altitude. This discrepancy
might be attributed to the proportional relationship between
resolution and the diversity of reflection values. Specifically,
when extracting reflection values from 2.5 cm resolution
UAYV images for the sample areas, the average reflection val-
ues encompassed not only reflections from tree canopies but
also those from gaps, understory, and the forest floor. Moreo-
ver, while a sample area in satellite images might be repre-
sented by just a few pixels, the same area in UAV images is
depicted by a larger number of pixels, leading to variations
in the homogeneity of the sample area data. Consequently,
the UAV reflection values do not solely capture data related
to dominant trees in the upper tree layer. The reflectance
values of objects, such as trees, shrubs, grass, stones, and
other elements within the understory and forest floor layers
of the forest, are factored into the overall average reflection
values of the sampled area. This incorporation of reflection
values from the elements in the understory and forest floor
layers contributes to increasing the diversity in the average
reflection values within the sample area, thereby broadening
the dataset’s range. This directly affects the model’s per-
formance. To overcome the problem, it can be suggested
that by utilizing reflection values on an individual tree basis
from UAV-acquired images, the standardization of reflection
values can be achieved by reducing the number of pixels rep-
resenting the general sample area, potentially improving the
model’s performance. In a study conducted by Giinlii et al.
(2024) in pure Pinus pinaster plantations, reflectance and
vegetation index values obtained from UAV imagery cap-
tured at a flight altitude of 120 m were used to examine the
relationships between various stand parameters, including
stand volume, basal area, quadratic mean diameter, dominant
height, and number of trees. In the study, reflectance and
vegetation index values for the sample areas were calculated
using the pixel values of the canopy cover of trees within the
sample area, and models were developed. When examining
the model performance, significantly higher model results
were found compared to our study. The model determination
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coefficients ranged from 0.40 to 0.83 for reflectance vari-
ables, from 0.36 to 0.87 for vegetation index variables, and
from 0.39 to 0.86 when both reflectance and vegetation
index variables were used together.

Based on the literature review on UAYV, it seems that there
are a few studies on the estimation of AGB using variables
obtained from UAV images, especially in natural forests.
In general, these studies focus on the estimation of AGB
by evaluating UAV images together with satellite images
such as Sentinel-1, Sentinel-2, Landsat 8 and LIDAR. For
example, Maesano et al. (2022) in Italy integrated UAV
imagery with LIDAR data to estimate AGB using MLR and
random forest modeling techniques. Within the scope of the
study, a high level of model success was achieved by com-
bining UAV and LIDAR data. In another study by Wang
et al. (2020), the AGB was modeled by combining data
obtained from UAV-LIDAR and Sentinel-2 imagery with
data obtained from ground measurements. It was observed
that the model’s performance notably improved when the
data was assessed collectively.

Literature on the use of UAV data, however, predomi-
nantly focuses on estimating AGB with single tree attrib-
utes such as diameter and height obtained from UAV images
(RGB and NIR bands) or UAV-integrated LIDAR images
(Ye et al. 2019; Liu et al. 2022; Lin et al. 2022; Basyuni et al.
2023). However, very few studies focus on the prediction of
AGB using band reflectance and vegetation index values
obtained from UAV images, as in our study. It becomes evi-
dent from the literature that such studies are mostly con-
ducted in agricultural and pasture areas (Niu et al. 2019; Xu
et al. 2022; Bazzo et al. 2023), while they are notably scarce
in forested areas. For example, Wang et al. (2023) used
reflectance and vegetation indices derived from UAV images
with various machine learning techniques like Extreme Gra-
dient Boosting (XGBoost), Gradient Boosting Decision Tree
(GBDT), Random Forest (RF), Radial Basis Function Neural
Network (RBFNN), and Support Vector Regression (SVR)
to estimate AGB in Cinnamomum camphora dwarf forests.
They indicated that the best relationship between vegetation
indices derived from UAV images and AGB was achieved
with the XGBoost modeling technique R*=0.954), followed
by GBDT, RF, RBFNN, and SVR modeling techniques. It
was also observed that XGBoost and GBDT modeling tech-
niques resulted in better outcomes for vegetation indices,
while RBFNN and SVR modeling techniques yielded better
results with band reflectance values. The RF modeling tech-
nique resulted in the same outcome for both band reflectance
and vegetation indices. In another related study by Anuar
et al. (2023), the relationships between UAV-derived NDVI
index and AGB were examined in a small local area, reveal-
ing moderate relationships (R?=0.55). In our study, how-
ever, we used UAV with three bands (red, green, and blue)
that lacked the NIR band; therefore, numerous indices such

as NDVI requiring near-infrared bands were not calculated
and were not used as independent variables in the models.

Conclusions

When evaluating the study results, it was observed that the
model incorporating texture features from Sentinel-2 satel-
lite imagery using the ANN modeling technique was more
successful in predicting AGB. Detailed results obtained from
the study are listed below. According to the performance
criteria derived from all datasets associated with the MLR;

e When considering different orientations of texture val-
ues, the most successful model (0.80) was obtained from
Sentinel-2 90°.

e The modeling successes for predicting AGB using veg-
etation index values were found to be 0.38 for UAV, 0.53
for Landsat 8, and 0.58 for Sentinel-2, respectively.

e The modeling successes for reflectance values and AGB
were determined to be 0.29 for UAYV, 0.52 for Landsat 8,
and 0.47 for Sentinel-2.

e The poorest model results were obtained from the models
developed using band brightness (0.03) and backscatter-
ing variables (0.07) derived from the Sentinel-1 imagery.

According to the ANN;

o [t was found that the most successful model 8 (0.82) was
achieved by incorporating texture values from the Senti-
nel-2 with a 9 X9 window size as independent variables.

In summary, the model developed using texture variables
from Sentinel-2 imagery with ANNs can be applied to simi-
lar forest ecosystems (pure Scots pine stands) near the study
area.

The study found that the relationships between variables
obtained from UAV imagery, which are increasingly used
in forestry studies, and AGB were weak. As discussed in
the discussion section, the reason for this could be that,
due to the high resolution of these images, objects such as
stones, grasses, shrubs, etc., located in the lower layers, may
affect the reflectance values of the sample areas. Therefore,
in future studies involving UAVs, it would be beneficial to
consider the reflectance values related to the canopy cover
of trees within the sample plots, and in other words, avoid
considering the gaps within the sample plot. This could help
improve the model performance of the developed models.
Likewise, in investigations involving UAVs, the refine-
ment of image acquisition can be achieved by incorporating
LIDAR technology into the UAV setup, along with the amal-
gamation of the variables obtained from these images with
ground data, leading to a substantial improvement of models

@ Springer



66 Page 20 of 24

Earth Science Informatics (2025) 18:66

utilized for estimating AGB. However, in future studies
aimed at predicting AGB, better model performance could
be achieved by incorporating variables obtained from both
active and passive satellite imagery into the models. Addi-
tionally, by adding other variables, such as topographic vari-
ables, and using different modeling techniques like extreme
gradient boosting decision trees, deep learning, artificial
neural networks, random forests, support vector machines,
ensemble methods, and multivariate adaptive regression
splines, the model performance can be enhanced.
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