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Abstract
Aboveground biomass (AGB) is an important source of information for natural resource conservation at spatial scales, accurate determination
of carbon stocks and climate containment systems, and sustainable resource conservation planners. This study, it was aimed to model the
Above-ground biomass (AGB) of pure Calabrian pine (Pinus brutia Ten.) stands in southern Turkey. In the study, digital band, reflectance, and
vegetation indices values obtained from Sentinel-2 satellite images of rainy, semi-arid and dry seasons were used to measure the effect of
seasonality on the modeling of the AGB. Digital band, reflectance (VV/VH polarization), and backscatter values were also used from the
Sentinel-1 satellite image. In addition to all these, topographic data of the study area was used as an independent variable. The multiple linear
regression (MLR) method was used in the modeling of AGB and the most successful model was tried to be determined by the relative rank
method. A total of 33 models were obtained by creating data sets with the independent variables first one by one and then with each other in
combination. The highest model success of AGB was obtained in the data set created by the integration of digital band and vegetation indices,
Sentinel-1 (S1) reflectance, and topographic values of Sentinel-2 (S2) images taken in rainy and semi-arid seasons (R2=0.49; RMSE=26.21 ton
ha-1; MAE=22.50 ton ha-1; BIC=5.42; AIC= 21.23; Rj=57.68). It was observed that the integration of topographic data into each dataset increased
the modeling success in all models. In addition, it was observed that the highest success in modeling the AGB with the data obtained from
Sentinel-2 was obtained in the rainy season data. In particular, it was seen that the combination of S2, S1, and topographic data would
contribute to the prediction accuracy of AGB.

1. Introduction
In terrestrial ecosystems, forest ecosystems have a very important role in regulating carbon emissions, water and energy cycles and global
climate (Herold et al., 2019; Puliti et al., 2021). Determining the above-ground biomass (AGB) of forests is important in terms of revealing the
impact of sustainable forest management on climate change (Eggleston et al., 2006; Duncanson

et al., 2021). The detection of AGB in forests provides valuable information for forestry strategic planning (Gallaun et al., 2010), sheds light on
the monitoring of ecosystem productivity (Finegan et al., 2015), forest fires (Di Giuseppe et al., 2021), and changes in forests over time (Puliti et
al., 2021). AGB can be determined by field measurements (Brown and Iverson. 1992; Schroeder et al., 1997; Brown, 2002) and remote sensing
(RS) methods (Tiwari, 1994; Roy and Ravan, 1996; Nelson et al., 2000; Tomppo et al., 2002; Foody et al., 2003; Zheng et al., 2004; Lu, 2005;
Güverçin and Günlü, 2023). Determination of forest AGB by traditional field measurement methods provideshigh-accuracyy results. However,
these processes have some disadvantages such as taking a lot of time, being costly, and requiring labor for tree cutting (Bulut, 2023). The
remote sensing method is often preferred to eliminate the important disadvantages of field measurements and to make AGB estimates with
high accuracy (Fararoda et al., 2021; Liu and Popescu, 2022; López-Serrano et al., 2019; Turgut and Günlü, 2022; Bulut, 2023). Landsat (Dogru
et al., 2020), Worldview-2 (Zhu et al., 2015), QuickBird (Macedo et al., 2018), radar (Soja et al., 2021) and light detection and range
determination (LiDAR) (Salum et al., 2021; Bulut, 2023) are widely used satellite images, especially in terms of optical sensors, which have
medium spatial resolution and are freely accessible. Landsat and Sentinel satellite images are the most frequently used satellites because they
are freely available in the estimation of the AGB. Studies in which AGB was estimated with data obtained from Landsat 8 OLI and Sentinel-2
satellite imagery showed that these satellites have spatial and spectral capabilities in estimating AGB (Sibanta et al., 2016; Forkuor et al.,
2018). It has been stated that active sensors such as Sentinel-1 and ALOS-PALSAR can be used in the estimation of AGB and in determining
vegetation information with backscatter values (Lucas et al., 2008; Berninger et al., 2019). The fact that active satellites (such as Sentinel-1)
can collect data and pass through forest cover in all weather conditions both day and night makes them more advantageous compared to
optical satellites (Santos et al., 2002; David et al., 2022). Recently, there are many many studies using forest areas. For example; Powell et al.
(2010) and Main-Knorn et al. (2013) tried to model and map the AGB with Landsat images. Open access high rhigh-resolutional (Sentinel-2)
(Drusch et al., 2012) and SAR (Sentinel-1) Torres et al., (2012) satellite images provided by Copernicus have also started to be used in terrestrial
research applications and AGB estimation. Chen et al., (2018) modeled AGB with the data obtained from Sentinel-1 and Sentinel-2 satellite
images, both individually and with the combination of the data. In another study, the AGB was tried to be estimated using a Sentinel-1 satellite
image (Laurin et al., 2018; Li et al., 2020; Puliti 2021). To increase the model success of AGB, it is possible to come across studies in which
remote sensing data and topographic data are integrated (Liu et al., 2019; Hu et al., 2020). In AGB modeling, many methods such as multiple
linear regression, machine learning, artificial neural networks, support vector machines, and random forest algorithms are used (Forkuor et al.,
2020). Multiple linear regression is the most commonly used method for modeling the linear relationship between AGB and independent
variables (Turgut and Günlü, 2022).

This study was carried out in pure Calabrian pine (Pinus brutia Ten.) stands, which are naturally distributed in the South of Turkey
(Mediterranean region). Multiple linear regression of pure Calabrian pine stands AGB using digital band, reflectance, and vegetation indices
obtained from Sentinel-2 time series (rainy-semi-arid and dry), digital band, reflectance, and backscatter obtained from Sentinel-1 satellite
image, and topographic data It was aimed to model using the method. In addition, in the study, it was aimed to determine the modeling ability
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of AGB, the effects of including topographic data in the modeling, and the effects of seasonality in the modeling of AGB by creating data sets
obtained from Sentinel-2 and Sentinel-1 satellite images individually or in combination.

2. Material and Method

2.1.Material

2.1.1. Study Area and Data
The study was carried out in pure Calabrian pine fields of the Antalya Regional Directorate of Forestry, Serik Forestry Management Directorate,
Akbas, and Serik Forestry Operations Chiefdom. The working boundary is located between 300 .87’ – 310.32’ north latitude and 370 .23’ –
360.81’ east longitude. The study area covers an area of 124,227.00 ha. 51% (63,075.00 ha) of the area is forested and 49% (61,152.00 ha) is
non-forest. 72% of the forest area is 45,675.5 ha normal grove and 28% is 17,399.00 ha degraded grove forest. The average land height of the
study area is 151.42 m. The dominant tree species of the area is Calabrian pine (Anon., 2021). The map showing the geographical location of
the study area is shown in Fig. 1.

In the study, forest management inventories s of the diameter data at breast height (d1.3) of trees 8 cm and above in 224 sample plots, which
were systematically determined at 300 x 300m spacing distance for pure Calabrian pine stands, were used. Sentinel-2 satellite image for
26.05.2021–24.08.2021 and 22.11.2021, Sentinel-1A satellite image dated 26.11.2021, and ALOS-PALSAR image for digital elevation model,
regarding the year of the measurements were obtained. The properties of Sentinel-2 and Sentinel-1A satellite images are shown in Table 1 and
Table 2 (Nasa 2021).

Table 1
Technical specifications of Sentinel-2 satellite image

Bant Electromagnetic Field Wavelength (nm) Spatial

Resolution (m)

S2 Blue 458–523 10

S3 Green 543–578 10

S4 red 650–680 10

S5 Red Edge 1 698–713 20

S6 Red Edge 2 733–748 20

S7 NIRNarrow 1 773–793 20

S8 NIR 785–900 10

S8A NIRNarrow 2 855–875 20

S11 SWIR 1 1565–1655 20

S12 SWIR 2 2100–2280 20

Table 2
Technical specifications of Sentinel-1A satellite image

Sentinel-1 Specifications

Launch Dates S1-A, 3 April 2014 - S1-B, 25 April 2016

Launch Site and Vehicle French Guina, Soyuz rocket

Data Capacity 1410gb

Satellite Weight 2300 kg

Orbital Elevation 693 km

Orbit Type Sun-synchronous, near-polar, circular orbit

Sensor C-SAR (C-bant Synthetic Aperture Radar)

Temporal Resolution 12 days
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2.2.Method
In the study, the Above Ground Biomass (AGB) of each sample plot was calculated using the d1.3 diameters of the trees in each sample plot.
Then, digital band, reflectance, and vegetation indices from Sentinel-2 satellite images of three different dates, digital band, backscatter, and
polarization from Sentinel-1A satellite images, and finally elevation, aspect, and slope data from ALOS-PALSAR images were calculated. The
diagram showing the general workflow of the study is shown in Fig. 2.

2.2.1. Calculation of Above-Ground Biomass Values for Sample Plots
Diameter data for each sample area were obtained from the inventory scorecards of pure Calabrine pine stands obtained from the Forestry
Administration and Planning Department. Then, by using the d1.3 diameter of each tree in the sample plot, the AGB of a single tree was
calculated, and the total AGB of the sample area was calculated by summing the AGB of the trees in the sample plot. Finally, the total AGB per
hectare was calculated by multiplying the AGB for each sample area (400, 600, and 800 m2) with the conversion factor to hectare. In the
calculation of above-ground biomass, the single-entry above-ground biomass equation developed by Şahin (2015) for pure Calabrian pine
stands distributed within the boundaries of Mersin Regional Directorate of Forestry was used (Equ. 1) (R2 = 0.957, Syx=88.988).

1

(AGB: Above Ground Biomass, d: d1.30 diameter)

2.2.2. Image Processing and Satellite Dataset
In the study, Sentinel-2 satellite images of 26.05.2021–24.08.2021 and 22.11.2021 downloaded from NASA were used. A total of 10 bands
were used for the analysis, including band 2, 3, 4, 5, 6, 7, 8, 8A, and 11 ve 12 from the satellite images of each date. Atmospheric correction was
made on the images using ArcGIS software and the digital band values of the bands were converted to reflectance values and exported.
Afterward, all bands were clipped according to the working limit and made ready for analysis. The analysis was carried out in two stages. In the
first stage, buffer zones were discarded for each sample plot size (400, 600, and 800 m2) from the sample plot centers in ArcGIS. The obtained
sample plot polygons were overlapped with the bands of each date, and the digital band and reflectance values of each sample area were
obtained with the “zonal statistics” command. In the second stage, some vegetation indices given in Table 3 were calculated separately for
each date by using the reflectance values calculated for each band.

ln (AGB) = −2.80486 + + 2.41102ln (d)
2.16137

d
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Table 3
Formulas of vegetation indices used in the analysis.

Vegetation Indices Formula Reference Vegetation Indices Formula Reference  

SAVI

(Soil Adjusted
Vegetation Index)

(B08 - B04) / (B08 + B04 + L) x
(1.0 + L); L = 0.428

Huete
(1988)

EVI2

(Enhanced
Vegetation indices
2)

2.4 x (B08 - B04) /
(B08 + B04 + 1.0)

Jiang et
al. (2008)

 

PSSR

(Pigment Specific
Simple Ratio)

(B08 / B04) Blackburn
(1998)

CHL-RED-EDGE

(Chlorophyll Red-
Edge)

(B07 / B05) -1 Gitelson
et al.
(2005)

 

NDWI

(Normalized
Difference Water
Index)

(B08-B11) / (B08 + B11) McFeeters
(1996)

ARI1

(Anthocyanin
Reflectance Index)

(1.0 / B03–1.0 /
B05)

Gitelson
et al.
(2001)

 

NDVI

(Normalized
Difference
Vegetation Index)

(B08 - B04) / (B08 + B04) Rouse et al.
(1974)

BNDVI

(Blue-normalized
difference
vegetation index)

(B08 - B02) / (B08 + 
B02)

Wang et
al. (2007)

 

NBR

(Normalized Burn
Ratio)

(B08 - B12) / (B08 + B12) Key and
Benson
(2006)

MNDVI

(Modified
Normalized
Difference
Vegetation Index)

(B08 - B12) / (B08 + 
B12)

Jurgens
(1997)

 

MSI

(Moisture Stress
Index)

(B11 / B08) Hunt and
Rock
(1989)

GBNDVI

(Green-Blue NDVI)

(B08 - (B03 + B02)) /
(B08 + (B03 + B02))

Wang et
al. (2007)

 

MCARI

(Modified
Chlorophyll
Absorption in
Reflectance Index)

((B05 - B04) − 0.2 x (B05 - B03)) x
(B05 / B04)

Haboudane
et al.
(2004)

GRNDVI

(Green-Red NDVI)

(B08 - (B03 + B04)) /
(B08 + (B03 + B04))

Gitelson
and
Merzlyak
(1996)

 

GNDVI

(Green Normalized
Difference
Vegetation Index)

(B08 - B03) / (B08 + B03) Gitelson et
al. (1996)

MCARI

(Modified
Chlorophyll
Absorption in
Reflectance Index)

((B05-B04)-0,2x(B06-
B03))x(B05/B04)

Daughtry
et al.
(2000)

 

EVI

(Enhanced
Vegetation Index)

2.5 x (B08 - B04) / ((B08 + 6.0 x
B04–7.5 x B02) + 1.0)

Liu and
Huete
(1995)

DVI

(Difference
Vegetation Index)

(B08 / B04) Tucker
(1980)

 

MSR

(Modified Simple
Ratio)

(B08 - B01) / (B04 -
B01)

Chen (1996) WDRVI

(Wide Dynamic
Range Vegetation
Index)

(0.1 x B08 - B04) /
(0.1 x B08 + B04)

Wang et al.

(2007)

WDVI

(Weighted
Difference
Vegetation Index)

(B08 - a x B04); a = 
0.460

Clevers (1989) GVMI

(Global Vegetation
Moisture Index)

((B08 + 0.1) - (B12 + 
0.02)) / ((B08 + 0.1)
+ (B12 + 0.02))

Ceccato et al.

(2002)

NLI

(Nonlinear
vegetation index)

((B082) - B04)) /
((B082) + B04))

Goel and Qin

(1994)

GARI

(Green
atmospherically
resistant vegetation
index)

(B08 - (B03 - (B02 -
B04))) / (B08 - (B03
+ (B02 - B04)))

Gitelson et al.

(1996)
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Vegetation Indices Formula Reference Vegetation Indices Formula Reference  

CCCI

(Canopy Chlorophyll
Content Index)

((B08 - B05) / (B08 + 
B05)) / ((B08 - B04) /
(B08 + B04))

Fitzgerald et al.

(2010)

GLI

(Green leaf index)

(2.0 x B03 - B04 -
B02) / (2.0 x B03 + 
B04 + B02)

Louhaichi et
al.

(2001)

ChlGreen

(Chlorophyll Green)

(B07 / B03) -1 Gitelson et al.

(2003)

GOSAVI

(Green Optimized
Soil Adjusted
Vegetation Index)

(B08 - B03) / (B08 + 
B03 + Y); Y = 0,723

Rondeaux et
al.

(1996)

Clrededge

(Chlorophyll
IndexRedEdge)

(B08 / B05) − 1.0 Gitelson et al.

(2003)

GSAVI

(Green Soil Adjusted
Vegetation Index)

(B08 - B03) / (B08 + 
B03 + L) x (1.0 + L);
Y = 0,752

Sripada

(2005)

CVI

(Chlorophyll
vegetation index)

B08 x (B04 / B032) Vincini et al.

(2007)

LCI

(Leaf Chlorophyll
Index)

(B08 - B05) / (B08 + 
B04)

Thenkabail et
al.

(1999)

CTVI

(Corrected
Transformed
Vegetation Index)

(NDVI + 0,5) /
abs(NDVI + 0,5) x
sqrt(abs(NDVI + 0,5))

Perry et al.

(1984)

PVR

(Photosynthetic
Vigour Ratio)

(B03 - B04) / (B03 + 
B04)

Metternicht

(2003)

In the Sentinel-1A image, digital band, backscatter, and reflection values in different polarization (VV/VH) were obtained from VV and VH
bands. Before the value calculations, some preprocessing was performed on the Sentinel-1 satellite image using SNAP software. These
processes include thermal noise removal, calibration, and filtering. The bands prepared for analysis were overlapped with the sample areas and
the digital band, backscatter, and reflectance values in different polarization (VV/VH) for each sample area were calculated with the “zonal
statistics” command. Finally, using the digital elevation model obtained from the ALOS-PALSAR satellite image, the elevation, slope (%), and
aspect (degrees) values of the working boundary were calculated with ArcGIS software. The obtained data were overlapped with the sample
plots and the elevation, slope (%), and aspect (degree) values of each sample plot were obtained with the "zonal statistics" command. The
datasets obtained with the remote sensing data for the sample areas individually and by the combination of these data are shown in Table 4.
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Table 4
Datasets created with remote sensing data for modeling

Model

Number

Dataset Dataset Abbrevıatıons

1 May (MAY) Sentinel-2 (S2) bant values (BV) MAY_S2_BV

2 MAY Sentinel-2 reflectance values (REF) MAY_S2_REF

3 MAY Sentinel-2 vegetation indices (VEG) MAY_S2_VEG

4 MAY Sentinel-2 reflectance values and vegetation indices MAY_S2_REF_VEG

5 MAY Sentinel-2 reflectance values, vegetation indices, Sentinel-1 (S1)(VV/VH) reflections
values (REF)

MAY_S2_REF_VEG&S1_REF&TOP

6 MAY Sentinel-2 bant values and topographical data (TOP) MAY_S2_BV&TOP

7 MAY Sentinel-2 reflectance values and topographical data MAY_S2_REF&TOP

8 MAY Sentinel-2 vegetation indices and topographical data MAY_S2_VEG&TOP

9 Sentinel-1 bant values (VV, VH)(BV), backscatter values (dB) and reflections values S1_BV_dB_REF

10 Sentinel-1 bant values, backscatter values, reflections values, and topographical data S1_BV_Db_REF&TOP

11 May Sentinel-2 reflectance values, vegetation indices, Sentinel-1 reflections values, and
topographical data

MAY_S2_REF_VEG&S1_dB&TOP

12 August (AUG) Sentinel-2 bant values AUG_S2_BV

13 AUG Sentinel-2 reflectance values AUG_S2_REF

14 AUG Sentinel-2 vegetation indices AUG_S2_VEG

15 AUG Sentinel-2 reflectance values and vegetation indices AUG_S2_REF_VEG

16 AUG Sentinel-2 reflectance values, vegetation indices, Sentinel-1 reflections values, and
topographical data

AUG_S2_REF_VEG&S1_REF&TOP

17 AUG Sentinel-2 bant values and topographical data AUG_S2_BV&TOP

18 AUG Sentinel-2 reflectance values and topographical data AUG_S2_REF&TOP

19 AUG Sentinel-2 vegetation indices and topographical data AUG_S2_VEG&TOP

20 AUG Sentinel-2 reflectance values and vegetation indices, SENTİNEL-1 backscatter values,
topographical data

AUG_S2_REF_VEG&S1_dB&TOP

21 AUG Sentinel-2 reflectance values,SENTİNEL-1 backscatter values, Sentinel-1 reflections
values

AUG_S2_REF&S1_dB_REF

22 November (NOV) Sentinel-2 bant values NOV_S2_BV

23 NOV Sentinel-2 reflectance values NOV_S2_REF

24 NOV Sentinel-2 vegetation indices NOV_S2_VEG

25 NOV Sentinel-2 reflectance values and vegetation indices NOV_S2_REF_VEG

26 NOV Sentinel-2 reflectance values, vegetation indices, Sentinel-1 reflections values,
topographical data

NOV_S2_REF_VEG&S1_REF&TOP

27 NOV Sentinel-2 bant values and topographical data NOV_S2_BV&TOP

28 NOV Sentinel-2 reflectance values and topographical data NOV_S2_REF&TOP

29 NOV Sentinel-2 vegetation indices and topographical data NOV_S2_VEG&TOP

30 NOV Sentinel-2 reflectance values, vegetation indices, SENTİNEL-1 backscatter values, and
topographical data

NOV_S2_REF_VEG&S1_dB&TOP

31 NOV Sentinel-2 reflectance values,SENTİNEL-1 backscatter values, Sentinel-1 reflections
values and Sentinel-1 bant values

NOV_S2_REF&S1_dB_REF_BV
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Model

Number

Dataset Dataset Abbrevıatıons

32 MAY Sentinel-2 reflectance values, vegetation indices,

Sentinel-1 (S1)(VV/VH) reflections values (REF),

AUG Sentinel-2 reflectance values, vegetation indices

MAY_S2_REF_VEG&S1_REF&TOP,

AUG_S2_REF_VEG

33 MAY Sentinel-2 reflectance values, vegetation indices,

Sentinel-1 (S1)(VV/VH) reflections values (REF) and topographical data,

AUG Sentinel-2 reflectance values, vegetation indices,

NOV Sentinel-2 reflectance values, vegetation indices, SENTİNEL-1 backscatter values,

MAY_S2_REF_VEG&S1_REF&TOP,

AUG_S2_REF_VEG,

NOV_S2_REF_VEG&S1_dB

2.2.3. Statistical Analysis Process
Digital band, band reflectance, and vegetation indices values obtained from Sentinel-2 satellite images taken in three different seasons were
used in the development of models that predict the amount of above-ground biomass. In addition, digital band, band reflection, and backscatter
values obtained from both polarizations of Sentinel-1A satellite image, and topographic (elevation, slope (%) and aspect (degrees)) data
obtained from ALOS-PALSAR satellite were used. A total of 4,480.00 (20×224) data were generated from Sentinel-2 digital band (10 pieces) and
band reflectance (10 pieces) values for all sample areas. Since these data were produced separately for each season, a total of 13,440
(4,480.00×3) digital tape and reflectance data were used. From the reflectance values, a total of 35 different vegetation indices values were
calculated for each season image. In the general total (35×3×224), 23,520 vegetation indices values were used. Using a total of five data from
Sentinel-1A and three topographically different data (8×224), a total of 1,792.00 data were used. In general, 38,752.00 pieces of data were used
in the modeling of AGB. Advanced multiple linear regression method (MLR) was used to determine the linear relationship between AGB
(dependent variable) and independent variables (Table 4) (Egual 2). SPSS software was used for the MLR algorithm. In the MLR method,
backward is used in the selection of meaningful parameters. In the study, 80% (179) of 224 sample point data were used in the creation of the
models and 20% (45) were used in testing the suitability of the models.

2

2.2.4. Performance Criteria
Different criteria were used to compare the estimation results using the observation data and modeling techniques obtained through the
inventory study. In the study, coefficient of determination (R2, Equal 3), mean absolute error (MAE, Equal 4), root mean square error (RMSE,
Equal 5), Akaike criterion (AIC, Equal 6) and Bayesian information criterion (BIC, Equal 7) performance criteria were used. For the model to be
successful, it is expected that the R2 values will be large and the MAE, RMSE, BIAS, AIC, and BIC values should be small. Considering the
performance criteria calculated for each parameter, a method that is successful according to one criterion may fail according to another
criterion value. For this reason, a success ranking was made to cover all success criteria. For this purpose, the relative ranking method
proposed by Poudel and Cao (2013) was used (Rj, equal 8). In this success ranking method, models are ranked relative to each other according
to the closeness and distance values of the success criterion. Relative sequence numbers related to different criteria values were collected and
the model with the smallest total relative sequence number was determined as the most successful for the relevant parameter (Özdemir, 2018;
Ercanlı et al. 2018). The formulation of the performance criteria is shown in Table 5. Paired t-test was used to test the suitability of the models.

AGB = β0+β1.X1 + β2.X2 + ⋯ + βn.Xn + ϵ
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Table 5
Formulas of performance criteria

(3)

(4)

(5)

(6)

(7)

(8)

*h: Residual, X: Primary variable, Y: Secondary variable,yg: Observed, yt: Predicted yog: mean observation, n: sample count, k: Parameter in
the model, m: Number of significant arguments, Si: statistical criterion value, Smin; Minimum success criterion value for methods, Smax:
Maximum success criterion value for methods

3. Result

3.1. Descriptive statistics of datasets
AGB was calculated in a total of 224 sample plots. The average AGB of the sample plots is 86,950 ton ha− 1, the maximum and minimum AGB
were calculated as 214,515 ton ha− 1 and 12,097 ton ha− 1, respectively (Table 6). The minimum, maximum and mean AGB values of the
training data were found to be 12.097, 214.515, and 88.387 ton ha− 1, respectively. Finally, in the validation data set, the mean AGB was found
to be 81.237 tons ha− 1. The fact that the mean AGB of all data sets are close to each other shows that the data separation is done in a
balanced way.

Table 6
Descriptive statistical AGB (ton ha− 1) values for total, training, and

validation data
Data N Min. Max. Mean Std. D

Total AGB 224 12.097 214.515 86.950 32.861

Training AGB 179 12.097 214.515 88.387 33.843

Validation AGB 45 35.080 175.427 81.237 28.242

3.2. Multi-linear regression (MLR) model results
In the study, AGB was modeled by the MLR method using datasets consisting of vegetation indices, digital band, and reflectance values
obtained from Sentinel-2 satellite images taken in rainy, semi-arid, and dry seasons. Likewise, reflection, backscatter, and polarization data sets
obtained from Sentinel-1 for sample areas were also used with topographic datasets. A total of 33 models were obtained with individual and
combinations of all these datasets. The performances of the models were checked with a coefficient of determination (R2), root mean square
error (RMSE), mean absolute error (MAE), akaike information criterion (AIC), and Bayesian information criterion (BIC). The most successful
model was determined not based on a single performance criterion, but by the relative ranking method (Rj), which evaluates all performance
criteria jointly. Model performance measures related to training datasets are shown in Table 7, and model performance measures related to
validation datasets are shown in Table 8.

R
2 = 1 − ∑

n

i=1
(yg−yt)

2

∑
n

i=1(yg−yog)
2

MAE = ∑
n

i=1 |hi|1n

RMSE = √∑
n

i=1(hi)
2

1n

AIC = ln (RMSE) + 2k

BIC = ln (RMSE) + ln (k)

Ri = 1 + (m−1)x(Si−Smin)
(Smax−Smin)
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Table 7
Model performance criteria related to training data sets

No Auxiliary variable (data set) Performance Criteria Relative Rank

R² RMSE MAE BİC AİC R² RMSE MAE BİC AİC TOTAL

RANK

1 MAY_S2_BV 0.27 31.26 26.97 4.60 9.50 17.25 9.63 16.32 9.64 4.84 57.68

2 MAY_S2_REF 0.21 31.99 23.85 4.88 11.50 21.00 10.30 11.66 13.68 7.02 63.66

3 MAY_S2_VEG 0.2 25.64 19.45 5.91 27.42 21.63 4.54 5.09 28.48 24.48 84.21

4 MAY_S2_REF_VEG 0.19 30.50 23.23 5.98 29.42 22.25 8.95 10.74 29.57 26.66 98.16

5 MAY_S2_REF_VEG&S1_REF&TOP 0.27 29.20 22.24 6.08 33.37 17.25 7.76 9.26 31.00 31.00 96.27

6 MAY_S2_BV&TOP 0.33 21.74 16.72 4.84 11.46 33.50 1.00 1.00 23.12 6.98 65.60

7 MAY_S2_REF&TOP 0.29 29.85 22.88 5.38 17.44 16.00 8.36 10.22 20.91 13.53 69.01

8 MAY_S2_VEG&TOP 0.29 29.85 22.88 5.96 29.40 16.00 8.36 10.22 29.25 26.64 90.47

9 S1_BV_dB_REF 0.05 54.82 36.78 4.00 6.00 31.00 31.00 31.00 1.00 1.00 95.00

10 S1_BV_Db_REF&TOP 0.18 30.50 23.03 5.62 21.42 22.88 8.95 10.44 24.26 17.89 84.41

11 MAY_S2_REF_VEG&S1_dB&TOP 0.22 29.49 21.03 5.58 21.38 20.38 8.03 7.44 23.77 17.86 77.48

12 AUG_S2_BV 0.12 33.07 25.18 4.60 9.50 26.63 11.28 13.65 9.56 4.83 65.94

13 AUG_S2_REF 0.15 32.73 24.82 4.87 11.49 24.75 10.97 13.11 13.57 7.01 69.40

14 AUG_S2_VEG 0.21 32.50 24.77 4.87 11.48 21.00 10.76 13.03 13.47 7.00 65.27

15 AUG_S2_REF_VEG 0.23 31.07 23.71 5.63 21.44 19.75 9.46 11.46 24.52 17.92 83.11

16 AUG_S2_REF_VEG&S1_REF&TOP 0.31 29.20 22.20 5.94 29.37 14.75 7.76 9.20 28.93 26.62 87.26

17 AUG_S2_BV&TOP 0.18 31.05 23.73 5.23 15.44 22.88 9.45 11.48 18.66 11.34 73.80

18 AUG_S2_REF&TOP 0.21 30.70 23.31 5.37 17.42 21.00 9.13 10.86 20.72 13.52 75.22

19 AUG_S2_VEG&TOP 0.23 29.82 22.57 5.70 23.40 19.75 8.33 9.75 25.45 20.06 83.35

20 AUG_S2_REF_VEG&S1_dB&TOP 0.27 29.59 22.81 5.87 27.39 17.25 8.12 10.11 27.97 24.44 87.89

21 AUG_S2_REF&S1_dB_REF 0.08 32.73 24.82 4.87 11.49 29.13 10.97 13.11 13.57 7.01 73.78

22 NOV_S2_BV 0.07 33.34 25.18 4.20 7.51 29.75 11.52 13.65 3.83 2.65 61.40

23 NOV_S2_REF 0.11 33.35 25.35 4.20 7.51 27.25 11.53 13.90 3.83 2.65 59.15

24 NOV_S2_VEG 0.15 31.95 24.24 5.41 17.46 24.75 10.26 12.24 21.30 13.56 82.11

25 NOV_S2_REF_VEG 0.13 32.72 24.66 4.59 9.49 26.00 10.95 12.87 9.41 4.82 64.05

26 NOV_S2_REF_VEG&S1_REF&TOP 0.34 27.27 21.48 6.01 33.31 12.88 6.02 8.12 30.02 30.93 87.96

27 NOV_S2_BV&TOP 0.16 30.03 23.84 5.19 15.40 24.13 8.52 11.64 18.18 11.30 73.77

28 NOV_S2_REF&TOP 0.12 32.03 23.84 5.55 19.47 26.63 10.34 11.64 23.26 15.76 87.63

29 NOV_S2_VEG&TOP 0.3 28.73 21.67 5.76 25.36 15.38 7.34 8.41 26.29 22.21 79.62

30 NOV_S2_REF_VEG&S1_dB&TOP 0.35 27.88 21.62 5.73 25.33 12.25 6.57 8.33 25.85 22.18 75.18

31 NOV_S2_REF&S1_dB_REF_BV 0.06 32.95 24.98 4.59 9.49 30.38 11.16 13.36 9.51 4.83 69.23

32 MAY_S2_REF_VEG&S1_REF&TOP,

AUG_S2_REF_VEG

0.49 26.21 22.50 5.42 21.23 3.50 5.05 9.64 21.50 17.69 57.38

S2: Sentinel-2, S1: Sentinel-1, AUG: August, NOV: November, BV: Bant value, REF: Reflectance, VEG: Vegetation indices, TOP: Topographical
data, dB: Bant backscatter
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No Auxiliary variable (data set) Performance Criteria Relative Rank

R² RMSE MAE BİC AİC R² RMSE MAE BİC AİC TOTAL

RANK

33 MAY_S2_REF_VEG&S1_REF&TOP,

AUG_S2_REF_VEG,

NOV_S2_REF_VEG&S1_dB

0.53 24.61 20.31 5.73 29.16 1.00 3.61 6.37 25.87 26.38 63.23

S2: Sentinel-2, S1: Sentinel-1, AUG: August, NOV: November, BV: Bant value, REF: Reflectance, VEG: Vegetation indices, TOP: Topographical
data, dB: Bant backscatter

When the results of the training datasets were examined, the highest coefficient of determination (R2 = 0.33) in the datasets obtained from the
Sentinel-2 satellite image of the month of May (rainy) was obtained in model number 6, which was created from digital tape and topographic
data (RMSE = 21.74 ton ha− 1, MAE = 16.72 ton ha− 1). After model 6 for May, the highest coefficient of determination (R2 = 0.29) was obtained
in models 7 and 8 of the datasets of vegetation index, reflectance data, and topographic data. The lowest coefficient of determination (R2 = 
0.19) for the month of May was obtained in model number 4. When the results of August (semi-arid) were examined, the highest coefficient of
determination (R2 = 0.31) was obtained in model number 16 belonging to the data set created with the vegetation indices values obtained from
the Sentinel-2 satellite image, the reflectance and topographic data obtained from the Sentinel-1 satellite image (RMSE = 29.20 ton ha− 1, MAE = 
22.20 ton ha− 1). The lowest coefficient of determination for August (R2 = 0.08) was found in model 21, which consists of reflectance values
obtained from the Sentinel-2 satellite image and reflectance and backscatter values obtained from the Sentinel-1 satellite image (RMSE = 32.73
ton ha− 1, MAE = 24.82 ton ha− 1). In the results of November (dry) month, the highest coefficient of determination (R2 = 0.35), vegetation index,
and reflectance values obtained from Sentinel-2 satellite image backscattering obtained from Sentinel-1 satellite image and topographic data
were obtained in model number 30 (RMSE = 27.88 ton ha− 1, MAE = 21.62 ton ha− 1). After model number 30 for November, the highest
coefficient of determination (R2 = 0.34), vegetation index, and reflectance values obtained from the Sentinel-2 satellite image, reflectance
obtained from Sentinel-1 satellite image, and model 26 belonging to topographic data were obtained (RMSE = 27.27 ton ha− 1, MAE = 21.48 ton
ha− 1). The lowest coefficient of determination (R2 = 0.06) for November was found in model 31, which consists of reflectance values obtained
from the Sentinel-2 satellite image, reflectance, backscatter, and digital band values obtained from Sentinel-1 satellite image (RMSE = 32.95 ton
ha− 1, MAE = 24.98 ton ha− 1). The digital band values of the Sentinel-2 satellite images for three different seasons and the May, August, and
November coefficients of determination for the modeling of the AGB were found to be 0.27, 0.12, and 0.07, respectively. The highest coefficient
of determination with digital band values was obtained in the rainy season R2 = 0.27, RMSE = 31.26 ton ha− 1, MAE = 26.97 ton ha− 1). The
reflectance values of the Sentinel-2 satellite images and the indication coefficients of the AGB modeling for May, August, and November were
found to be 0.21, 0.15, and 0.11, respectively. As with the digital band values, the highest coefficient of determination in reflectance values was
obtained in the rainy season (R2 = 0.21, RMSE = 31.99 ton ha− 1, MAE = 23.85 ton ha− 1). In the modeling of the AGB using vegetation indices
values obtained from Sentinel-2 satellite images, the coefficients of determination for May, August, and November were calculated as 0.20,
0.21, and 0.15, respectively. With vegetation indices values, the highest coefficient of determination was obtained in the semi-arid season (R2 = 
0.20, RMSE = 32.50 ton ha− 1, MAE = 24.77 ton ha− 1). It was determined that there was an increase in the coefficients of determination in the
models obtained by adding topographic data to the data sets belonging to all periods. The digital band, reflectance, and vegetation indices
values for May and the model indication coefficients in which topographic data were included in these values were found to be 0.27–0.33,
0.21–0.29, and 0.20–0.29, respectively. The digital band, reflectance, and vegetation indices values for August and the model indication
coefficients in which topographic data were included in these values were found to be 0.12–0.18, 0.15–0.21, and 0.21–0.23, respectively.
Finally, the digital band, reflectance, and vegetation indices values for November and the coefficients of determination in the models in which
topographic data were included in these values were calculated as 0.07–0.16, 0.11–0.12, and 0.15–0.30, respectively. With the data set
obtained with the digital band, reflectance, and backscatter values obtained from the Sentinel-1 satellite image, the model coefficient for the
modeling of the AGB was found to be 0.05 (RMSE = 54.82 ton ha− 1, MAE = 36.78 ton ha− 1). As in Sentinel-2 data sets, it was observed that the
coefficient of determination increased in the modeling made by adding topographic data to Sentinel-1 data (R2 = 0.18, RMSE = 30.50 ton ha− 1,
MAE = 23.03 ton ha− 1). The most successful model for Sentinel-2 May datasets was obtained from band reflectance values (R2 = 0.20,
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Rj=57.68). The most successful model, in which AGB was modeled with August data, was obtained in model 14 (R2 = 0.21, Rj=65.27). The most

successful model for November was obtained with the reflectance data obtained from the Sentinel-2 satellite image (R2 = 0.20, Rj=59.15). In
addition to all these data sets, a new dataset was obtained by combining the most successful data sets of each month and AGB was modeled
(Models 32 and 33). The most successful model in which AGB is modeled with training datasets is 32 (Rj=57.38).
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Table 8
Model performance criteria related to validation data sets

No Auxiliary variable (data set) Performance Criteria Relative Rank

R² RMSE MAE BİC AİC R² RMSE MAE BİC AİC TOTAL

RANK

1 MAY_S2_BV 0.23 28.20 19.74 4.39 11.01 22.21 22.09 18.65 17.18 4.63 84.75

2 MAY_S2_REF 0.18 22.77 18.12 4.13 9.03 24.79 13.62 15.28 13.90 3.41 71.00

3 MAY_S2_VEG 0.13 33.87 25.66 5.41 32.70 27.38 30.95 31.00 29.99 17.97 137.28

4 MAY_S2_REF_VEG 0.21 30.52 22.10 5.31 32.60 23.24 25.71 23.57 28.78 17.91 119.21

5 MAY_S2_REF_VEG&S1_REF&TOP 0.64 14.69 11.27 5.25 28.69 1.00 1.00 1.00 28.03 15.50 46.53

6 MAY_S2_BV&TOP 0.28 21.32 17.04 4.57 12.96 19.62 11.35 13.02 19.43 5.83 69.24

7 MAY_S2_REF&TOP 0.28 20.77 16.12 4.13 9.03 19.62 10.49 11.11 13.90 3.41 58.54

8 MAY_S2_VEG&TOP 0.48 17.25 14.43 4.79 16.85 9.28 4.99 7.59 22.24 8.22 52.31

9 S1_BV_dB_REF 0.06 23.73 20.67 3.17 5.17 31.00 15.12 20.60 1.72 1.04 69.48

10 S1_BV_Db_REF&TOP 0.1 24.52 20.87 3.89 7.20 28.93 16.35 21.02 10.88 2.29 79.46

11 MAY_S2_REF_VEG&S1_dB&TOP 0.21 31.18 23.48 5.14 28.58 23.24 26.75 26.44 26.66 15.44 118.53

12 AUG_S2_BV 0.16 22.50 18.74 3.11 5.11 25.83 13.20 16.56 1.05 1.00 57.64

13 AUG_S2_REF 0.17 22.41 18.59 3.11 5.11 25.31 13.05 16.25 1.00 1.00 56.62

14 AUG_S2_VEG 0.19 30.99 23.84 5.49 46.40 24.28 26.45 27.19 31.00 26.39 135.31

15 AUG_S2_REF_VEG 0.29 20.08 17.93 5.40 42.40 19.10 9.41 14.88 29.90 23.94 97.24

16 AUG_S2_REF_VEG&S1_REF&TOP 0.28 21.38 17.51 5.30 50.13 19.62 11.45 14.01 28.68 28.69 102.45

17 AUG_S2_BV&TOP 0.29 20.69 16.51 4.42 11.03 19.10 10.38 11.91 17.48 4.64 63.51

18 AUG_S2_REF&TOP 0.23 19.99 16.47 4.60 13.00 22.21 9.28 11.83 19.86 5.85 69.03

19 AUG_S2_VEG&TOP 0.18 30.48 23.50 5.27 36.44 24.79 25.66 26.49 28.30 20.27 125.52

20 AUG_S2_REF_VEG&S1_dB&TOP 0.26 28.59 21.80 5.14 53.89 20.66 22.70 22.95 26.66 31.00 123.96

21 AUG_S2_REF&S1_dB_REF 0.13 33.11 25.18 4.39 11.00 27.38 29.76 30.00 17.12 4.62 108.89

22 NOV_S2_BV 0.29 20.68 16.61 4.13 9.03 19.10 10.35 12.14 13.84 3.41 58.84

23 NOV_S2_REF 0.16 22.41 18.59 3.11 5.11 25.83 13.05 16.25 1.00 1.00 57.13

24 NOV_S2_VEG 0.12 32.99 24.84 5.39 46.30 27.90 29.57 29.28 29.80 26.34 142.87

25 NOV_S2_REF_VEG 0.14 32.08 23.93 5.49 42.49 26.86 28.15 27.39 30.99 23.99 137.38

26 NOV_S2_REF_VEG&S1_REF&TOP 0.27 28.08 23.45 5.20 22.89 20.14 21.91 26.38 27.34 11.94 107.71

27 NOV_S2_BV&TOP 0.38 19.32 15.62 4.35 10.96 14.45 8.23 10.06 16.62 4.60 53.96

28 NOV_S2_REF&TOP 0.4 18.90 15.05 4.55 12.94 13.41 7.57 8.87 19.15 5.82 54.82

29 NOV_S2_VEG&TOP 0.13 33.91 24.99 4.89 16.94 27.38 31.00 29.60 23.40 8.28 119.65

30 NOV_S2_REF_VEG&S1_dB&TOP 0.29 20.69 16.89 4.13 9.03 19.10 10.38 12.70 13.85 3.41 59.44

31 NOV_S2_REF&S1_dB_REF_BV 0.25 21.21 17.74 4.15 9.05 21.17 11.18 14.48 14.16 3.43 64.42

32 MAY_S2_REF_VEG&S1_REF&TOP,

AUG_S2_REF_VEG

0.51 17.25 14.43 4.79 16.85 7.72 4.99 7.59 22.24 8.22 50.76

S2: Sentinel-2, S1: Sentinel-1, AUG: August, NOV: November, BV: Bant value, REF: Reflectance, VEG: Vegetation indices, TOP: Topographical
data, dB: Bant backscatter
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No Auxiliary variable (data set) Performance Criteria Relative Rank

R² RMSE MAE BİC AİC R² RMSE MAE BİC AİC TOTAL

RANK

33 MAY_S2_REF_VEG&S1_REF&TOP,
AUG_S2_REF_VEG,

NOV_S2_REF_VEG&S1_dB

0.51 25.21 21.50 5.36 21.16 7.72 17.42 22.32 29.38 10.87 87.71

S2: Sentinel-2, S1: Sentinel-1, AUG: August, NOV: November, BV: Bant value, REF: Reflectance, VEG: Vegetation indices, TOP: Topographical
data, dB: Bant backscatter

When the results of the validation datasets are examined, the highest coefficient of determination (R2 = 0.48) in the datasets obtained from the
Sentinel-2 satellite images of the month of May (rainy) was obtained in the model number 8 formed from the vegetation indices and
topographic data (RMSE = 17.25 ton ha− 1, MAE = 14.43 ton ha− 1). The lowest coefficient of determination (R2 = 0.13) for May was obtained in
model number 3. When the results of the August (semi-arid) month are examined, the highest coefficient of determination (R2 = 0.29) is
obtained in the 15 and 17th models created with vegetation indices and reflectance values obtained from the Sentinel-2 satellite image and the
band reflection obtained from the Sentinel-1 satellite image and topographic (RMSE = 20.08–20.69 ton ha− 1, MAE = 17.93–16.51 ton ha− 1).
The lowest coefficient of determination for August (R2 = 0.13) was obtained in model number 21, which was created with the reflectance values
obtained from the Sentinel-2 satellite image and the reflectance and backscatter values obtained from the Sentinel-1 satellite image (RMSE = 
33.11 ton ha− 1, MAE = 25.18 ton ha− 1). The high coefficient of determination (R2 = 0.40) for the month of November (dry) was obtained in
model number 28, which was created from topographic data with the reflectance obtained from the Sentinel-2 satellite image (RMSE = 18.90
ton ha− 1, MAE = 15.05 ton ha− 1). The lowest coefficient of determination (R2 = 0.12) for November was obtained in model 24. For modeling of
AGB with digital band values obtained from Sentinel-2 satellite images of three different seasons, the coefficients of determination for May,
August, and November were found to be 0.23, 0.16, and 0.29, respectively. The highest coefficient of determination with validation digital band
values was obtained in the dry season (R2 = 0.29, RMSE = 20.68 ton ha− 1, MAE = 16.61 ton ha− 1). For the Validation AGB models, the
reflectance values obtained from Sentinel-2 satellite images and the coefficients of determination for May, August, and November were found
to be 0.18, 0.17, and 0.16, respectively. The highest coefficient of determination with reflectance data was obtained in the rainy season (R2 = 
0.18, RMSE = 22.77 ton ha− 1, MAE = 18.12 ton ha− 1). The vegetation indices values obtained from Sentinel-2 satellite images and the
coefficients of determination for May, August, and November of the AGB models were calculated as 0.13, 0.19, and 0.12, respectively. It was
determined that there was an increase in the coefficients of determination in the models obtained by adding topographic data to the data sets
belonging to all periods. Sentinel-2 digital band, reflectance, and vegetation indices values for May and model indication coefficients in which
topographic data were included in these values were found to be 0.23–0.28, 0.18–0.28, and 0.13–0.48, respectively. The digital band,
reflectance, and vegetation indices values for August and the model indication coefficients in which topographic data were included in these
values were found to be 0.16–0.29, 0.17–0.23, and 0.19 − 0.18, respectively. Finally, when the digital band, reflectance, and vegetation indices
values for November and the models in which topographic data were included in these values were examined, the coefficients of determination
were calculated as 0.29–0.38, 0.16–0.40 and 0.12–0.13, respectively. With the data set obtained from the digital band, reflectance, and
backscatter values obtained from the Sentinel-1 satellite image, the model specification coefficient for the modeling of the AGB was found to
be 0.06 (RMSE = 23.73 ton ha− 1, MAE = 20.67 ton ha− 1). It was observed that the coefficient of determination increased in the modeling made
with the addition of topographic data to the Sentinel-1 data (R2 = 0.10, RMSE = 31.18 ton ha− 1, MAE = 23.48 ton ha− 1). In Sentinel-2 May
datasets, the most successful model was obtained from reflectance values (R2 = 0.18, Rj=71.00). The most successful model, in which AGB

was modeled with August data, is model number 13 (R2 = 0.17, Rj=56.62). The most successful model for November was obtained with the

reflectance data obtained from the Sentinel-2 satellite image (R2 = 0.16, Rj=57.13). In addition to all these datasets, a new dataset was obtained
by combining the most successful datasets of each month, and the AGB was modeled (Models 32 and 33). The most successful model for
which AGB is modeled for validation is 32 (Rj=50.76).

3.3. The most successful model results for AGB
The study obtained the highest success in modeling AGB in model 32 (Rj=57.38). The model includes the reflectance and vegetation indices
values obtained from the Sentinel-2 satellite image of May and August, the reflectance values obtained from the Sentinel-1 satellite image, and
the variables consisting of topographic values. In addition, to more clearly show the success levels of the 33 different regression models
developed, the model’s total relative rank and coefficients of expression are shown in Fig. 3.

When Fig. 3 is examined, the model with the lowest total relative rank is 32, and the most successful model obtained later is model number 1.
Although model number 1 had a low coefficient of determination, it was determined that it was the second most successful model in total
relative order. In general model results, it is expected that other criteria (RMSE, MAE, BIC, and AIC) with a high coefficient of determination will
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be low. It is thought that an evaluation based on a single performance criterion in the selection of the most successful model will be
misleading. The variation of the above-ground biomass estimated in the most successful model No. 32 compared to the above-ground
biomass calculated from the inventory scorecards and the distribution of errors are as shown in Fig. 4.

When Fig. 4 is examined, it is seen that the forecast and observation data exhibit a normal distribution (a), and the error terms of the model
show a normal distribution according to the estimated surface biomass (b). The training performance criteria of model 32 were calculated as
R2, RMSE, MAE, BIC, and AIC as 0.49, 26.21, 22.50, 5.42, and 21.23, respectively. The validation performance criteria of model 32 were
calculated as R2, RMSE, MAE, BIC, and AIC, respectively, 0.51, 17.45, 14.43, 4.79, and 16.85. In addition, the model's training and validation
Taylor diagrams are shown in Fig. 5 to more clearly show the performance criteria of the most successful model number 32. The results of the
most successful model (32) variables are shown in Table 9. The statistical fit of Model 32 was tested with an independent dataset using a
paired-sample t-test. The test results in question (t = 0.473 and p = 0.639) showed that Model 32 was suitable and usable for modeling AGB.

Table 9
Model results that best predict aboveground biomass

Independent variables Coefficients Std. Error t p-value

(Constant) -968.725 288.632 -3.356 0.001

MAY_B02 -1215.763 558.896 -2.175 0.031

MAY_B07 973.124 274.627 3.543 0.001

MAY_PSSR -1.598 0.483 -3.310 0.001

MAY_MCARI 78.604 23.386 3.361 0.001

MAY_CHL-R-E 578.582 226.919 2.550 0.012

MAY_CCCI 244.865 145.778 1.680 0.045

MAY_GARI 669.357 220.032 3.042 0.003

MAY_LCI 200.275 70.907 2.824 0.005

MAY_SARVI -1055.022 295.310 -3.573 0.000

VV/VH 2.465 1.192 2.068 0.040

ELEVATION 0.928 0.232 3.999 0.000

AUG_B05 -1386.694 402.364 -3.446 0.001

AUG_B12 733.849 184.200 3.984 0.000

AUG_NDVI -164.542 47.349 -3.475 0.001

AUG_BNDVI 62.709 18.825 3.331 0.001

AUG_SAVI 710.133 158.902 4.469 0.000

AUG_GOSAVI -1073.726 343.555 -3.125 0.002

MAY: May, AUG: August, PSSR: Pigment Specific Simple Ratio, MCARI: Modified Chlorophyll Absorption in Reflectance Index, CHL_R_E:
Chlorophyll Red-Edge, CCCI: Canopy Chlorophyll Content Index, GARI: Green atmospherically resistant vegetation index, LCI: Leaf Chlorophyll
Index, SARVI: Soil and Atmospherically Resistant Vegetation Index, NDVI: Normalized Difference Vegetation Index, BNDVI: Blue-normalized
difference vegetation index, SAVI: Soil Adjusted Vegetation Index, GOSAVI: Green Optimized Soil Adjusted Vegetation Index.

4. Discussion

4.1. Comparison of S1 and S2 satellite images on modeling AGB
In the modeling of the AGB, the data sets of digital band, reflectance, and vegetation indices values obtained from Sentinel-2 (passive) satellite
image were compared to the dataset of the digital band, reflectance and backscatter values obtained from Sentinel-1 (active) proved to be more
appropriate and successful. In some studies where active and passive images were compared in the modeling of AGB (Vafaei et al., 2018; Zhao
et al., 2016; Forkuor et al., 2020), they reached the same conclusion. In addition, there are studies in which active images yield better results
than passive images in modeling AGB (exp. Chen et al., 2018; Navarro et al. 2019; Günlü and Ercanlı, 2020). In general, it is seen that active
images show lower success than passive images in modeling AGB. The main reason for this situation is thought to have a limiting effect in
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terms of S1 (C-band) short wavelength modeling. Because C-band has limited penetration ability into vegetation. It is thought that using longer
wavelength active image bands (exp. L and P) in modeling AGB will increase the success of the model. Another reason is thought to be
because the number of data obtained from Sentinel-2 is higher than the number of data obtained from Sentinel-1. It is seen that the success of
the model increases as the number of variables in the modeling increases. To increase the number of data to be obtained from Sentinel-1, it
has been observed that the success has increased with the calculation of different index values and including them in the modeling (Laurin et
al., 2018; Forkuor et al., 2020). In a study where AGB was modeled using Sentinel-1 time series, it was seen that the use of time series also
increased the modeling success (Santoro et al., 2013; Laurin et al., 2018). In addition, it is predicted that the integration of SAR data obtained
from longer wavelengths (exp. L and P band) with Sentinel-1 and Sentinel-2 in modeling AGB with passive images can reduce the limiting
effect of C-band and improve the accuracy of AGB modeling (Laurin et al., 2018). In the study by Nuthammachot et al. (2022), the AGB was
modeled separately with three data sets created by the integration of Sentinel-1, Sentinel-2, and Sentinel-1 and Sentinel-2 data using the
variables obtained from Sentinel-1 and Sentinel-2 satellite images. The models’ determination coefficients were obtained as 0.34, 0.82, and
0.84, respectively. The results showed that data integration had a positive effect on model success.

4.2. Combination of Sentinel satellite images and topographic data on modeling
the AGB
In the study, it was seen that more successful models were obtained with the combination of data sets obtained from Sentinel-1 and Sentinel-2
satellite images (Table 6). Especially in this study, the highest success in modeling AGB was obtained in the data set consisting of reflectance
and vegetation indices values obtained from the Sentinel-2 satellite image, reflectance (VV/VH) obtained from the Sentinel-1 satellite image,
and topographic data (R2 = 0.49, RMSE = 26.21, MAE = 22.50, BIC = 5.42, AIC = 21.23). While modeling the AGB using only Sentinel-1 data, a
coefficient of determination of 0.05 was obtained, it was observed that the coefficient of determination increased to 0.18 when topographic
data were included in these data (Table 6). It was observed that the modeling success increased with the inclusion of topographic data in the
data obtained from Sentinel-2 satellite images. For example, in the study, the coefficients of indication for Sentinel-2 digital band, reflectance,
and vegetation indices values for May, and for the models in which topographic data were included in these values, were found to be 0.27–
0.33, 0.21–0.29 and 0.20–0.29, respectively. Similar to our study, Baloloy et al. (2018) stated that they achieved higher success with the
combination of the Sentinel-2, Planet scope, and RapidE images and the data obtained from the images in which the forest AGB was modeled.
Kumar et al. (2016) tried to model AGB using Landsat 8 OLI and Alos-2 satellite images. The model coefficients of the data sets created from
the combination of Landsat 8, Alos-2, and Landsat and Alos-2 were obtained as 0.78, 0.74, and 0.85, respectively. Keleş et al. (2021), tried to
estimate the aboveground stand carbon in pure Scotch pine stands using Sentinel-1 and Sentinel-2 satellite images, and they concluded that
the use of two satellite images together increased the modeling success. It is seen that similar results were obtained in another study by Bulut
(2023). In general, the production of data sets with the combination of data from Sentinel-1 and Sentinel-2 satellite images in the modeling of
AGB increased the modeling success. In addition to these, it was seen that even more successful models could be obtained by adding
topographic data to the datasets.

4.3. The effect of seasonality on AGB modeling
In the study, AGB was modeled separately with the digital band, reflectance, and vegetation indices values obtained from Sentinel-2 satellite
images for May (rainy), August (semi-arid), and November (dry). The model coefficients in which the AGB is modeled using the digital band
values of May, August, and November are 0.27, 0.12, and 0.07, respectively. The coefficients of determination for the reflectance values were
calculated as 0.21, 0.15, and 0.11. Finally, the coefficients of indication for vegetation indices values were calculated as 0.20, 0.21, and 0.15.
Although the same datasets obtained from the Sentinel-2 satellite image were used in all periods, the differences in the results show the effect
of seasonality on the models. The higher model performances in the rainy month are thought to be related to higher vegetation during the rainy
season and thus better correlation with remotely sensed data. It has been stated in some studies that seasonality is also effective in modeling,
especially in short wavelength (Sentinel-1) satellite images. It is stated that the use of dry season images of active, short wavelength, and low
penetration satellites will increase the success of the modeling (Vaglio Laurin et al., 2013). Likewise, Nguyen et al. (2016) obtained similar
results in modeling AGB with ALOS-2 data. Forkuor et al. (2020) obtained similar results in their study in which they tried to model the AGB with
Sentinel-1 and Sentinel-2 satellite images in different seasons and stated that more successful models would be obtained with Sentinel-1
images belonging to the dry season.

5. Conclusion
In this study, AGB of pure Calabrian pine (Pinus brutia Ten.) stands were tried to be modeled using Sentinel-2 time series and Sentinel-1 satellite
images and topographic data. Digital band, reflectance, and vegetation indices values from the Sentinel-2 satellite image, and digital band,
reflectance, and backscatter values from the Sentinel-1 satellite image were used. The results were checked with the relative rank method,
which takes into account all performance criteria. The highest success in the individual modeling of the data was obtained in the digital band
values obtained from the Sentinel-2 satellite image of May (May_BV, R2 = 0.27). It was observed that the success rate increased in the models
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made with the integration of topographic data into all data sets (May_BV&TOP, R2 = 0.33). The highest success in the study was obtained in the
model made with the combination of all data (Model 32, R2 = 0.49). In the study, it was determined that the combination of data had an
improving effect on modeling success. It is thought that the application of different modeling techniques (artificial neural networks, support
vector machine, random forest method) in future studies can increase the model success of AGB. However, it is thought that the use of images
with longer wavelengths and high penetration to increase the model success of active satellite images can increase the model success of AGB.
It is thought that modeling success can be increased with LIDAR technologies that can be integrated into unmanned aerial vehicles recently.
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Figures

Figure 1

Location of the study area

In the study, forest management inventories s of the diameter data at breast height (d1.3) of trees 8 cm and above in 224 sample plots, which
were systematically determined at 300 x 300m spacing distance for pure Calabrian pine stands, were used. Sentinel-2 satellite image for
26.05.2021 – 24.08.2021 and 22.11.2021, Sentinel-1A satellite image dated 26.11.2021, and ALOS-PALSAR image for digital elevation model,
regarding the year of the measurements were obtained. The properties of Sentinel-2 and Sentinel-1A satellite images are shown in Table 1 and
Table 2 (Nasa 2021).
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Figure 2

Overall methodology of the study.
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Figure 3

Success levels of regression models
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Figure 4

Predicted and observed AGB plots for independent variables and their combinations
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Figure 5

Taylor diagrams of training and validation


