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ABSTRACT

Within the sustainable development goal ‘climate action framework; forests play a vital role in enhanc-
ing climate resilience. The data obtained from these ecosystems are expected to significantly contrib-
ute to shaping regional forestry policies and advancing climate-related studies. Above-ground biomass
(AGB) is a substantial parameter of the ecosystem cycle and is used to estimate forest carbon storage.
Knowledge of the spatial distribution of AGB supports the management of forests and understanding
of climate change’s effects. This study aims to analyze the relationship and to estimate biomass using
machine learning methods between the AGB of a black pine (Pinus nigra) plantation forest obtained
from ground measurements and the global mosaic L-band ALOS-PALSAR Synthetic Aperture Radar
(SAR) image. The forest is distributed in western Inner Anatolia to the Black Sea, Marmara, and inner
Aegean regions of Tiirkiye. Fieldwork was carried out in 44 plots distributed across different loca-
tions in Tiirkiye. The mean diameter, mean height, stand age, stand stock, stocking density, and basal
area were determined for each sample. The aboveground tree masses of the sample trees were calcu-
lated. The relationship between ground-based AGB calculation and remote sensing ALOS data was
obtained. This study estimated the AGB using linear regression, Random Forest, XGBoost, and Con-
volutional Neural Network (CNN) techniques. In addition to backscatter images of dual polarimetric
(HH and HV) data, we created Normalized Difference Polarization Index (NDPI) and Co-polarized
Ratio (CPR) images. Twelve scenarios were created using these four variables of ALOS data and their
AGB estimation results were compared. . The highest AGB estimation performance obtained with
the CNN model was achieved by combining HV polarization and CPR features, resulting in an R*
value of 0.448 and an RMSE of 59.726 t/ha. The findings indicate that HV polarimetric data and inte-
grating additional features further improved estimation capability. Overall, the findings demonstrate
that integrating SAR imagery with CNN-based approaches provides an efficient, economically viable
framework for multi-temporal forest biomass estimation. Such an approach has considerable potential
to support large-scale forest carbon monitoring, sustainable forest management practices, and climate
change mitigation policies at both national and global scales, including in Tiirkiye.
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INTRODUCTION

The use of fossil fuels in human activities and the reduc-
tion of forests lead to an increase in carbon dioxide in the
atmosphere. The increase in carbon dioxide concentration
in the atmosphere is seen as the main cause of global cli-
mate change [1]. Forest ecosystems, which have the largest
carbon pool among terrestrial ecosystems, have an import-
ant place in the global carbon cycle owing to their biomass
production by binding carbon dioxide in the atmosphere
to their bodies through photosynthesis [2]. Forests store
more than 80% of the carbon stock in terrestrial ecosystems
[3]. The determination of the produced biomass can make
important contributions to a better understanding of the
carbon cycle and thus to the determination of adaptation
strategies to climate change. Conventional methods use
biomass on inventory data with allometric equations or
expansion factors of forest biomass [4, 5]. Terrestrial-based
measurement techniques are mostly used in the determi-
nation of tree biomass in forest ecosystems [6]. However,
these techniques have some limitations. Terrestrial tech-
niques include tree species-specific biomass equations or
tree trunk volume data based on forest inventory. In order
to use the biomass equations, it is necessary to determine
the diameters and heights of the trees by ground measure-
ments. In the forest inventory in Tiirkiye, the diameter and
height values of trees and the volumes of the stem with
bark are determined in 10-year periods. Biomass can also
be calculated using the biomass conversion and expansion
factors from the tree stem volume data obtained. However,
the calculated biomass belongs to different years and can-
not reflect the current situation. Therefore, biomass deter-
mination methods that require less time and labor are
needed.

Biomass estimation using satellite images and image
processing techniques is used as a much faster and more
economical method for large areas. Remote sensing
data through passive (optical) and active sources such as
Synthetic Aperture Radar (SAR) and Light Detection and
Ranging (LiDAR) are efficient tools to estimate the struc-
ture and composition of the forest ecosystem as well as the
forest Aboveground biomass (AGB) [7-10]. Estimating
AGB by optical techniques that determine the correla-
tion between the spectral response and the ground data
obtained from the field plots is effective for the estimation
of foliar biomass components. However, it does not pene-
trate the woody biomass, dense forest canopy, and saturate
at low biomass amounts and has limitations due to atmo-
spheric conditions [11, 12]. Compared to optical sensors,
SAR sensors are more effective because they can acquire
data in cloudy conditions and day and night. Among the
SAR systems L-band ALOS data has been preferred due to
its longer wavelength that can penetrate through the for-
est cover [13]. Previous studies showed its potential over
different forest types. Englhart et al. [14] studied AGB esti-
mation in tropical forests, in Kalimantan, Indonesia, using

TerraSAR - X (X band) and Advanced Land Observing
Satellite (ALOS) Phased Array L-band Synthetic Aperture
Radar (PALSAR) sensor (L band) SAR data. They concluded
that ALOS PALSAR backscatter was more sensitive to AGB
than TerraSAR- X. George-Chacon et al. [15] achieved the
best fit using machine learning when Sentinel-2 and ALOS
PALSAR were combined for the semideciduous tropical
forest of Mexico. The linear regression (LR) method was
the most widely used parametric method for AGB estima-
tion in previous studies [16]. Non-parametric techniques
including machine learning methods and deep learning
methods have been used for forestry research such as can-
opy height [17] and AGB estimation [18, 19]. Convolutional
neural networks (CNNs) are widely applied for image clas-
sification and change detection studies [20-22] and are
rarely used for forest AGB estimation [19]. In the case of
pixel-based analysis, one-dimensional CNN (1D-CNN) is
considered for parameter estimation studies [23].

Black pine (Pinus nigra Arn.) is widespread in Southern
Europe, Northwest Africa, and Tiirkiye (in Anatolia) [24].
There are five subspecies systematically, ssp. nigra, ssp.
salzmannii, ssp. laricio, ssp. dalmatica and ssp. pallasiana
[25]. Among these subspecies, Anatolian black pine (Pinus
nigra J. E Arnold. subsp. pallasina (Lamb.) Holmboe var.
pallasiana) [26] naturally distributed in Tiirkiye, Thrace,
Crimea, Balkans, Southern Carpathians, Cyprus, Western
Caucasus, and Western Spread in Syria [27, 28]. Black pine
(Pinus nigra subsp. pallasina (Lamb.) Holmboe) in pure
form or mixed with species such as oak, fir, pine, and juni-
per in Tirkiye at 165-2150 meters; it spreads over an area
of 4.5 million hectares in Marmara, Black Sea, Aegean,
Mediterranean, and Central Anatolia Regions and con-
stitutes 18.3% of the forest areas [29, 30]. Black pine has
been one of the most widely used species in afforestation
studies due to its ability to grow on poor soils as well as
its resistance to both arid and cold conditions [31]. The
several equations were developed toestimate the biomass
of black pine in previous studies [32, 33]. Balenovic et al.
[34], on the other hand, explained the biomass of the black
pine species using high-resolution aerial stereo-images
with the independent variables of the crown and tree height
they estimated. However, Balenovic et al. [34] used remote
sensing data to estimate the independent variables in the
biomass equations. Giinlii et al. [35] estimated the AGB of
pure black pine forest using high resolution WorldView-2
optical data. Turgut and Giinlii [36] detected the above-
ground biomass of Pinus nigra with 32.78 t/ha Root Mean
Square Error (RMSE) and 0.55 coefficient of determination
(R?) using Landsat 8 OLI satellite image and multiple linear
regression. Bulut et al. [37] predicted AGB of coniferous,
broadleaf, and mixed stands using Sentinel-2 optical data.
Vatandaslar and Abdikan [38] estimated carbon stock using
ALOS-2 data and forest inventory for a black pine and
mixed forest (Lebanese cedar, Taurus fir, and juniper). Total
carbon stock is estimated at R? of 0.78 with HH of ALOS-2
data. Bulut [39] studied AGB prediction of pure Calabrian
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pine (Pinus brutia Ten.) in Tiirkiye. The study used multi-
ple regression analysis (MLR) and support vector machines
(SVM) with Landsat-8 data. The SVM provided higher
R? for validation data than MLR. Li et al. [40] estimated
AGB using Landsat-8 and Sentinel-1A data with linear
Regression, XGBoost, and Random Forest (RF) methods in
subtropical forests in China’s Hunan province. As a result
of the study, they stated that the XGBoost algorithm gave
better results than other methods. They obtained results
of R?=0.38 in estimation with Sentinel-1A, R?>=0.66 in esti-
mation with Landsat-8, and R’=0.75 in the combined use
of Sentinel-1A and Landsat-8. Although several studies
have been conducted on the estimation of the biomass of
some pine species by remote sensing [12, 36, 38, 39], there
is no research on pure Pinus nigra forest with SAR data in
Tiirkiye. Meanwhile, considering the other biomass studies,
the literature on biomass studies of semi-arid region forests
is limited [41].

This study investigates the relationship between bio-
mass data collected from various regions in Tiirkiye for
pure Pinus nigra forests and global ALOS-PALSAR satel-
lite data, given the unavailability of suitable optical data.
While CNN-based approaches for AGB estimation are
relatively limited, this study also addresses the compar-
ative performance of CNN with other widely discussed
methods in the literature, such as RF and XGBoost. The
CNN model was selected to estimate AGB using ground-
truth measurements from 44 plots in a pure Pinus nigra
forest in Tiirkiye. The CNN model was compared with
RF, XGBoost, and linear regression to evaluate its perfor-
mance. The model was trained using dual-polarimetric
backscatter images (HH and HV) together with two addi-
tional indices derived from ALOS-PALSAR mosaic data:
the Normalized Difference Polarization Index (NDPI) and
the Co-polarized Ratio (CPR). These variables provided

complementary information and improved the represen-
tation of forest structure. A CNN was used because it can
automatically learn relevant patterns directly from the input
data, minimizing the reliance on manual feature extraction.
It can offer advantages over traditional machine learning
methods, which rely on manually selected features. This
capability allows CNNs to capture complex spatial patterns
embedded in remote sensing data. Because CNNs can effec-
tively handle complex spatial data and have been success-
fully applied in similar environmental studies, they are well
suited for AGB estimation in forest ecosystems. Accurate
forest biomass prediction contributes to monitoring carbon
stocks, assessing emissions reductions, and informing sus-
tainable forest management strategies. Thus, cost-effective
carbon inventory methods are needed for climate change
policies.

MATERIALS AND METHODS

Study Area

The research was completed in wide area located
between the latitudes of 38°23'00" - 41°30'58"N and lon-
gitudes of 29°33'33" - 30°03'37" E on a transition zone. It
continued from Marmara, Inner Aegean regions to Western
Inner Anatolia and the Black Sea, of Tiirkiye (Figure 1). The
common bedrocks in the study area include dacite, rhyolite,
basalt, andesite, granite, volcanic tuff, agglomerate, brec-
cia, quartzite, mica schist, calcareous, and serpentine [42].
The most common soil types are cambisols and luvisols,
according to IUSS Working Group WRB [43]. Climatic
data were derived from the nearest meteorological sta-
tions. Mean annual temperatures vary from 8.9 °C to 14.4
°C while annual precipitation ranges from 374 mm to 796
mm [44]. The climate type of the study area was classified
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Figure 1. Location of the study area.
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as semi-arid to humid using the Erin¢ method [45]. The
elevation of the study sites ranged from 417 m to 1587 m.

Experimental Design and Sampling Procedure

Sample plots were chosen from a total of 44 areas dif-
fering in elevation, aspect, sloping degree, slope position
and stand development stage [SDF=small diameter forest
(dbh<8.0 cm), MDF=medium diameter forest (dbh=8.0-
19.9 cm), LDF=large diameter forest (dbh=20.0-35.9 cm)].
Some characteristics of the stands in the research areas
are given in Table 1 [46]. The fieldwork were conducted
between 2010 and 2012.

Sample plots were taken in the form of square or rect-
angular (10x10, 10x20, or 20x20 m) and large enough to

Table 1. Stand parameters of the sample plots (Mean+SE)

contain at least 15 individual trees. A healthy individual
tree, with no crown and branch damages, and under pres-
sure, was cut. The diameter and height of all individuals
were measured in the sample plots. Tree height was mea-
sured by a tape measure with cm precision, after cutting
down the tree, and the age was determined by counting the
annual rings on the stump (Figure 2). After the branches of
the cut tree had been trimmed, the trunk was divided into
2 m sections. Then, the fresh weight of the 2-meter-long
trunk sections was measured with a scale. To convert the
fresh weights of the trunk into dry weight, 5 cm thick discs
were taken from the middle of each section to determine
their moisture content. The needles were separated from
the branches and weighed separately. In order to determine

Stand properties Development stage

SDF MDF LDF
Number of sample plots 14 12 18
Mean diameter (dbh,cm) 4.9+0.8 16.5+0.9 25.4+0.9
Mean height (m) 2.38+0.25 8.88+0.59 14.15+0.69
Stand age (year) 10.8+1.1 37.0+2.4 45.1+1.8
Standing stock (m*/ha) 6.988+2.912 173.202+21.643 303.572+32.800
Stocking density (tree/ha) 2510£267 1546+146 866+132
Basal area (m?/ha) 6.43+1.75 33.15+3.07 41.51+4.21

SE: standard error, SDF: small-diameter forest (dbh < 8.0 cm), MDF: medium-diameter forest (dbh=8.0-19.9 cm), LDF: large-diameter forest

(dbh=20.0-35.9 cm)

Figure 2. Fieldwork photos of the study area in Eskisehir Province.
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oven-dry weights in the laboratory, sub-samples were taken
from the stem (5 cm thick discs), branches (dry and live),
and needles, and their fresh weights were determined in the
field [46].

Above Ground Mass Calculation

Sub-samples taken from the field were oven-dried at 65
°C to a constant weight [33] and then weighed again to cal-
culate the moisture correction factor for the dry weight of
the tree biomass to calculate the amount of bark, the ratio
of the disk weight without bark to that of with bark was
multiplied by the trunk biomass. Then, the above-ground
tree masses of the sample trees were calculated by adding
the dry weight of needles, dead and live branches, bark-free
trunk, and bark.

Data Analysis

Diameter at breast height (dbh), height (h), and dbh*h
index were used as independent variables to estimate the
above-ground tree mass (kg/tree) of a single tree. As a result
of regression analysis, the equation with the smallest stan-
dard error and the highest Coefficient of determination
(R?) was obtained with the compound function (Equation
1). Then, using this equation, the above-ground tree masses
in the sample areas were calculated and these values were
converted to hectares (t/ha).

(1)

where B: tree mass (kg/tree), a and b equation coeffi-
cients, dbh: diameter at breast height.

_ dbh
B, govEeGrounp = Xb

Remote Sensing Data

In this study, the mosaic ALOS PALSAR data for the
year 2009 is used for the analysis. It was the mission of the
Japanese Aerospace Exploration Agency (JAXA). Its 25 m
spatial resolution mosaic data is open to the public [47]. The
data is distributed in two polarizations horizontal transmit-
ted and horizontal received (HH) and horizontal transmit-
ted vertical received (HV). The pre-processing steps and
geometric and radiometric corrections of L-band data have
been applied by JAXA [47]. In the case of geometric cor-
rection, SRTM3 data was used. The amplitude backscatter
values were converted to gamma nought [48,49] using the
equation below;

Table 2. The scenarios and the variables used for the analysis

()

Where y° is the backscatter coefficient, DN and the CF
are the digital number of amplitude data and the calibra-
tion factor which is -83 dB, respectively. Two arithmetic
equations were also used to derive additional variables.
These are the Normalized Difference Polarization Index
(Yun - Yuy) / (Vg + Yyy) and Co-polarized Ratio (CPR)
(Yyy / Yyp)- In addition to these 4 data, 8 data sets were
created and a total of 12 scenarios were evaluated (Table
2). An example of a visual interpretation of the SAR data is
shown in Figure 3. The HH and HV values are represented
in decibels (dB) and range between 10.3 dB and -36.6 dB.
The location of the pine forest appears brighter in SAR data.

y°=10 x log,,(DN?) + CF

Convolutional Neural Network

A one-dimensional Convolutional Neural Network
(ID-CNN) architecture was employed for Above-Ground
Biomass (AGB) estimation. This architecture utilized a
one-dimensional convolutional filter as the input layer and
comprised a convolutional layer, a flattening layer, dense
layers, and an output layer. For this study, the selected
hyperparameters included 16 filters, the ReLU activa-
tion function, and 250 training epochs. A trial and error
method was used to select these parameters. The Adam
optimization algorithm was utilized to optimize the model
parameters, as recommended in prior research [50]. RMSE
was used as the loss function and the test/loss graph of the
best scenario was given in Appendix-1. In the analysis ran-
domly, 33 data were used for training the model and 11 data
were used for the test.

Extreme Gradient Boosting

Extreme gradient boosting (XGBoost) is a highly effi-
cient ensemble learning algorithm commonly applied to
classification and regression tasks, particularly in structured
data contexts. Known for its robustness when handling
large datasets and complex models, XGBoost constructs
a strong predictive model by iteratively combining weak
learners and addressing the errors of preceding models at
each step. XGBoost builds on the gradient boosting frame-
work, by introducing several features to enhance compu-
tational efficiency, performance, and predictive accuracy
[51]. In our study, the R programming language and the

Scenarios Variables Scenarios Variables

S1 Yhn S7 Y Yepr

S2 Yy S8 Yy Ynopr

S3 Yxopr S9 Yiv Yepr

54 Yepr 510 Yur Y'noen Yepr

S5 Y Yy S11 Yhv Ynope Yepr

S6 Yurs Y'noer S12 Y Vv Ynoer Yepr
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XGBoost package were used [52]. The parameters were
tuned during the model training phase. In order to make
the best grid search, the values were chosen primarily based
on the results of the previous studies [53].

Parameters, nrounds is “50, 100, 200, 250, 500", max_
depth is “3, 5, 77, eta is “0.01, 0.02, 0.05”, gamma is “0.1, 0.3,
0.5”, min_child_weight is “1,2,3,4,5”, subsample is “0.5, 0.6,
0.7%, and colsample_bytree is chosen “1, 3, 5”. According to
these values, the best results were automatically selected in
model training and the model was trained. Sample results
are included in Appendix-2.

Random Forest

Random Forest is an ensemble learning method used
for machine learning and statistical analysis. Random
Forest improves prediction accuracy by combining multi-
ple decision trees and is a powerful method for dealing with
complex datasets. One of the advantages of Random Forest
is that it is resistant to noise and overfitting in the dataset
[54]. In our study, the R programming language and the
Random Forest package were used [55]. Parameters were
tuned during the model training phase. In order to make the
best Grid search, the values were chosen primarily accord-
ing to the results of [40]. Parameters ntree is increased from
10 to 300 in step 10 and mtry is increased from 1 to 10 in
step 2 (Appendix-3). The workflow of our methodology for
estimating AGB is given in Figure 4.

RESULTS AND DISCUSSION

Findings of the Tree Mass

The best independent variable predicting the above-
ground tree mass was diameter at breast height, and the best
model was obtained with the compound function (Table 3).
Above-ground tree mass was found to be the lowest (10.525

t/ha) in SDF stands and the highest (166.374 t/ha) in LDF
stands (Table 4).

Biomass Estimation With Machine Learning

In the analysis for each scenario, the relationship
between AGB data estimated from the fieldwork and
ALOS PALSAR backscatter data was evaluated. The results
showed that the overall r values ranged between 0.52 and
0.72 (Figure 5). The highest correlation was obtained with
HH polarized data (r=0.720) and HV polarization followed
it with an r=0.632. The relationship between AGB and the
indices derived from backscatter values were close to each
other. However, CPR had a positive correlation (r=0.553),
while NDPI gave a negative (r=-0.517). The relationship
between HH and HV also showed a high value (r=0.879).
Considering the relationship between the backscatter val-
ues of two polarizations and the indices, HH polarized data
provided a higher value (r=-0.654 and r=0.625) than HV
polarized data (r=-0.230 and r=0.236).

The estimation analysis was composed of 33 training
and 11 testing data. In addition to the CNN method, LR,
RE, and XGBoost were also applied for comparison (Figure
6). In general, models in S7, S8, and S9 showed success-
ful results; however, models gave unsuccessful results in
S2, §3, and S4 (Figure 6). If RMSE and R* are compared
in detail, CNN provided higher R? and lower RMSE values
compared to the LR, RF, and XGBoost methods. All meth-
ods showed good results in different scenarios. The CNN
showed the best performance in S9 (RMSE=59.73 t/ha,
R?=0.45). LR showed the best performance after CNN in
S7 (RMSE=61.57 t/ha, R*=0.41). While the RF method gave
the same R? results as LR, it showed slightly worse results
(RMSE=65.65 t/ha, R?=0.41). Although the XGBoost
method gave better RMSE than RE it showed the worst
result in R? (RMSE=64.28 t/ha, R?=0.36) (Table 5).

Table 3. Single tree regression model for above-ground biomass

Equation R? Standard error F ratio P Constants
a b
Basoveeround = @%b 0.952 0.30 873.64 0.000  4.9953" 1.1560™

B= biomass (kg/tree), dbh= diameter at breast height (cm), h= tree height (m), R*= coefficient of determination, p: significance, *: p<0.001

Table 4. Above-ground biomass according to development stage

Biomass Development stage
SDF MDF LDF
Above-ground (t/ha) 10.525+2.657 107.093+11.289 166.374+17.353

SE: Standard error; SDF: Small-diameter forest (dbh < 8.0 cm); MDF: Medium-diameter forest (dbh=8.0-19.9 cm); LDF: Large-diameter forest

(dbh=20.0-35.9 cm).
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The study was conducted using four models: CNN,
RE, XGBoost, and LR. Considering the previous studies in
Tiirkiye, estimation studies for black pine were mostly car-
ried out with optical data [35, 36, 55]. Gunli et al. [56] used
Landsat with vegetation indices and applied the Multiple

Scerenios

CNN M Linear Regression

S1 S2 S3 S4 S5 S6 S7 S8 S9

S10 S11 S§12

Random Forest Ml XGBoost

Linear Regression (MLR) method. The results revealed
that vegetation indices showed R*=0.61 and RMSE=8.50 t/
ha AGB using 130 samples. Giinlii et al. [35] used 86 sam-
ples with high-resolution Worldview-2 bands and the tex-
ture information for the AGB estimation. The results of the
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Table 5. The R? and RMSE values of the test data. While green color shows the best results, red values show the lowest

values
Scenarios  Variables Linear Regression CNN XGBoost Random Forest
R? RMSE R? RMSE R’ RMSE R? RMSE
S1 Yung 0.38 62.66 0.34 6192 0.30  66.09 0.21 69.33
S2 Yqyv 0.00 72.18 0.18 71.44 0.31  65.41 0.06 85.47
S3 Yxop1 0.22 73.11 0.19  71.01 0.09 79.98 009 8379
S4 Ycpr 0.24 73.45 024 7091 0.11  79.87 0.09 85.45
S5 Yan Yav 0.36 63.12 0.42  60.65 0.17  74.37 0.19 72.00
S6 Yy Yoer 0.39 62.23 042  60.80 032  66.19 032 6792
7 Y Yerr 0.41 61.57 041  60.71 032  65.82 033  67.21
S8 Yiv Yxopr 0.39 62.17 041 6082 011 7534 014  73.07
9 Yiv Yepr 0.41 62.06 0.45 59.73 033  65.86 029  68.12
S10 Yy Yaoen Yopr 0.38 63.44 042 60.61 036 6428 028 6831
S11 Yiv Yoo Yerr 0.39 63.41 043  60.72 035 65.88 016  71.90
S12 Yo Vv Yoes Yepr 0.39 63.49 043 59.99 034 64.77 041  65.65

ANN method provided RMSE ranging from 69.12 to 85.35
t/ha (R?>=0.34-0.57) whereas the RMSE of MLR was 85.15 t/
ha (R*=0.34).

Bulut et al. [37] used single-date Sentinel-2 data for the
AGB estimation on coniferous, broadleaf, and mixed for-
est types with 2185 samples in total. They used MLR and
regression kriging (RK) methods on reflectance and vege-
tation indices separately. Considering the coniferous forest,
the results of MLR provided better results (RMSE = 48.90 t/
ha and 47.15 t/ha) than the results of RK (RMSE = 51.28 t/
ha and 49.73 t/ha). The vegetation indices provided better
results than reflectance data. Bulut [39] used Landsat-8 with
machine learning approaches for the AGB prediction over
Calabrian pine in Tiirkiye. The study showed that the SVM
approach provided better results over MLR and vegetation
indices contributing to achieving successful prediction.

Previous studies predominantly employed the MLR
method for AGB estimation in pine forests. In contrast, this
study’s results show that the models (LR, CNN, XGBoost,
and RF) perform differently across various scenarios with
single and multiple variables. LR and CNN models showed
moderate performance in scenarios (S1-5S4), where single
variables were used. The R? values ranging from 0.00 to 0.38
and RMSE values between 61.92 and 73.45. XGBoost per-
formed better in scenarios S1 and S2, but its results were
not consistent across all cases. On the other hand, RF had
the weakest overall performance, with a relatively low R?
and high RMSE. Including additional variables generally
improved model performance in the bivariate scenarios
(S5-S9). Scenario S9 produced the best performance for the
CNN model, achieving an R? value of 0.45 and the lowest
RMSE (59.73) than the other models. The LR model also
showed relatively strong and stable results, although it con-
sistently remained slightly below CNN in terms of accuracy.

XGBoost demonstrated some improvement across several
cases; however, overall it still lagged behind both CNN
and LR in predictive performance. RF indicated partial
improvement, particularly in scenarios S7 and S9. However,
its overall performance remained below that of the alterna-
tive models. When all three variables were used together
(S10-S11), CNN continued to outperform the alternatives,
achieving R? values of 0.42-0.43 and consistently produc-
ing the lowest RMSE across all tested methods. LR main-
tained stable and reliable performance in these scenarios,
although it still trailed slightly behind CNN in predictive
accuracy. XGBoost benefited from the extra variable and
reaching an R? of 0.36 under S10. RF improved modestly,
yet its estimates continued to lag behind those of CNN and
XGBoost. In the four-variable configuration (S12), CNN
continued to provide the best results (R?= 0.43; RMSE=
59.99). RF achieved its strongest performance in this sen-
ario (R*= 0.41; RMSE= 65.65), whereas LR and XGBoost
performed at comparable levels, recording R* values of 0.39
and 0.34 respectively, yet neither reached the accuracy of
CNN. Adding more predictors generally improved model
performance, particularly for XGBoost and RF; but neither
matched CNN’s robustness, especially in more complex sit-
uations (Table 5).

Huang et al. [57] assessed six modeling strategies LR,
RE, SVR, XGBoost, LASSO regression, and an ensemble
approach for blood pressure prediction during hemodi-
alysis. Of those methods shared with the current study,
XGBoost recorded the lowest test accuracy (RMSE= 17.65,
R’*= 0.41), while LR (RMSE= 16.39, R’>= 0.48) and RF
(RMSE= 16.24, R?>= 0.49) performed at roughly equiva-
lent levels. Smith et al. [58] compared MLR with RF and
found that MLR performed better, which is similar to our
study. Dong et al. [19] studied estimation of bamboo AGB
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in in southern China. They used different machine learn-
ing approaches (RE, SVR, ANNs, and CNNs) with optical
WorldView-2 imagery. They reported that, RE, SVR, and
CNN-based methods all outperformed conventional ANNs
with respect to prediction accuracy. Schifer et al. [59] com-
pared CNN and RF models using point cloud data from for-
ested areas in Canada, Poland, and the Czech Republic, and
found that CNN architectures produced superior results
when sufficiently large training datasets were available. The
findings of this study further strengthen the suitability of
CNN-based architecture for AGB modelling.

The Yy polarization data exhibited higher predictive
capability than Yy across the tested scenarios. This obser-
vation is consistent with previous studies based on ALOS
datasets [60-63]. However, some studies also indicated the
advantage of HH polarization over HV [13, 64, 65]. When
two variables that were derived from backscatter values were
compared, CPR (S4) provided a slightly higher contribution
than NDPI (S3). The advantage of CPR was also evident
when added to the HH and HV polarized images individ-
ually. The combination of Yy and Ypg (S9) achieved the
best result with RMSE= 59.726 t/ha and R*= 0.448. Li et al.
[40] used Sentinel-1A SAR and with Landsat-8 optical data
for AGB estimation. They compared LR, RE, and XGBoost
methods. The results showed that Sentinel-1A-only results
were relatively weak, with R* values of 0.03, 0.28, and 0.38
for LR, RE and XGBoost, respectively. Considerin their
results, the L-band ALOS image derived variables used in
the current study provided higher accuracy, with R*=0.41
for both LR and RE, and R*=0.36 for XGBoost. CNN further
outperformed all three, reaching an R* of 0.45. Among the
evaluated approaches, the CNN model achieved the highest
predictive performance, with an R? of 0.45. Previous studies
on pine forests showed that there were different parameters
(forest type, remote sensing data, sample size, method, etc.)
playing a role in the AGB predictions. Including spectral veg-
etation indices derived from optical images has the poten-
tial to improve AGB estimation [39, 56]. Meanwhile, texture
information of an optical image was reported as another pos-
itive feature that played a leading role in the improvement
of forest AGB estimation studies by Guinlii et al. [35]. Land
surface temperature and soil moisture derived from Landsat
data have a significant contribution to achieving lower RMSE
of AGB prediction [66].

One of the limitations of this study is the small number
of sampling sites. Li et al. [67] explored various modeling
approaches to improve the accuracy of AGB estimations.
Their study investigated the contribution of integrating
remote sensing datasets with modeling approaches under
conditions of limited data availability. Recent investiga-
tions have similarly noted that limited field measurements
call for more complicated modeling strategies to maintain
acceptable AGB estimation accuracy. These considerations
further highlight the value of adopting advanced analytical
frameworks when working with restricted ground-truth
data. A substantial body of research has explored AGB

estimation through varied combinations of field measure-
ments and remote-sensing inputs. Among studies with a
similarly constrained number of sample plots, Qazi et al.
[68] worked with 51 plots across Nepal using ALOS-1 and
GeoEye-1 imagery for biomass mapping. They found that,
for AGB estimation using LR models, the validation R* was
0.44 for SAR imagery alone, whereas the results were sig-
nificantly better with optical imagery (R* = 0.76). Similarly,
Tavasoli and Arefi [69] used thiry nine circular sampling
sites to estimate AGB. They applied the Genetic-Random
Forest (GA-RF) machine learning algorithm with ALOS-
1, Sentinel-1, and Sentinel-2 satellite imagery. Their com-
bined ALOS and Sentinel-1 dataset achieved an R* of 0.72,
whereas Sentinel-2 data used alone resulted in an R? of 0.62.
Ji et al. [70] addressed AGB estimation across 61 sample
sites by evaluating 15 different multi-band SAR configu-
rations spanning X-, C-, L-, and P-band frequencies, and
comparing MLSR, RE, and deep learning approaches.The
top-performing configuration was an MLSR model that
merged L- and P-band observations, reaching R>=0.67 and
RMSE=14.51 Mg ha.

Overfitting risk and other difficulties tied to small
training sets, along with mitigation strategies such as add-
ing supplementary biophysical predictors, are recurring
themes in the literature [71]. Li et al. [72] demonstrated
that environmental variables, particularly soil properties,
play an important role in forest biomass modeling. Their
results indicated that soil and vegetation types jointly
contribute significantly to AGB prediction accuracy, sug-
gesting that incorporating soil-related information can
substantially improve remote sensing-based biomass esti-
mates. Kariofillia et al. [73] similarly studied carbon stock
estimation in Mediterranean agricultural systems. They
found that combining remote sensing layers with soil data
substantially raised model performance, indirectly corrob-
orating the added value of soil inputs for AGB prediction.
The findings indirectly support the contribution of soil data
to AGB prediction. In exploring the applicability of models
for small datasets, a model developed by Zhou et al. [74]
introduced as suitable for such data. This model has shown
superior performance compared to others, especially in
complex classification tasks and when working with a lim-
ited number of examples. Another limitation of this study
is the lack of an extensive archive of remote sensing data,
particularly optical data, to combine with SAR images.
Additionally, there was no concurrent remote sensing data
available at the time of fieldwork. However, as AGB gen-
erally exhibits limited temporal variability, the most recent
and publicly accessible mosaic ALOS PALSAR data was uti-
lized. Another limitation is the relatively small amount of
ground-based AGB data. Increasing the volume of ground
data could improve the accuracy of AGB estimation for
pine forests, especially with the deployment of new C-band
and L-band satellite missions. Textural data can be applied
as an additional variable that contributed to the AGB esti-
mation in both optical [36] and SAR images [65, 75]. A
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combination of multi-source remote sensing data can be
also useful. Yavagli [76] showed the ability of combined
Landsat and ICESat/GLAS laser altimeter to achieve bet-
ter AGB estimation. Another factor for limitation could be
the characteristics of the topography. As the samples were
collected from different locations, the slope and aspect
information may be added to improve the predictions. To
address the negative impacts of topography on SAR imag-
ery, various techniques and auxiliary data can be utilized
during the image processing and evaluation stages [77, 78].
Radiometric terrain correction reduces terrain-induced
backscatter variations by normalizing pixel values, while
speckle filtering and multilook processing minimize noise
and improve image quality. Geometric correction using
high-resolution DEMs further reduces spatial distortions.
Together, these preprocessing steps enhance the reliability
of SAR data for biomass estimation and related analyses.

CONCLUSION

Black pine is among the dominant forest tree species
in Tirkiye and plays an important role in carbon seques-
tration and ecosystem resilience under changing climatic
conditions. In this study, a 1D-CNN-based framework
was developed for AGB estimation and compared with a
conventional LR model. To evaluate the contribution of
different input variables, twelve scenarios were generated
using dual-polarized ALOS-PALSAR data. The results
indicate that the CNN approach provides strong predictive
capability for AGB estimation, while indices derived from
dual-polarimetric SAR data considerably improve model
performance. Moreover, the use of full-polarimetric SAR
data may yield more informative feature sets, potentially
increasing estimation accuracy and reducing RMSE.

Although the relatively limited sample size represents
a constraint for both machine learning and deep learning
applications, the CNN models demonstrated superior per-
formance compared with conventional approaches. This per-
formance may be related to the ability of CNN architectures
to model complex, non-linear relationships, even when the
number of input features is limited. Integrating these model-
ing approaches into national forest inventory and monitoring
systems could improve biomass estimates and provide more
reliable information on forest carbon stocks. Such informa-
tion may support conservation planning, carbon accounting,
and the development of sustainable forest management strat-
egies in Tiirkiye and other forested regions. The use of data-
driven methods in policy and management processes could
also strengthen climate change mitigation efforts by improv-
ing the monitoring of biomass and carbon dynamics. Future
studies could evaluate the effects of including additional
explanatory variables and larger datasets, and integrating
field-based measurements with remotely sensed and mod-
el-derived data to improve analytical robustness and model
performance. Moreover, further studies may benefit from
the combined use of multi-temporal and multi-frequency

SAR datasets, along with multispectral optical imagery, to
enhance biomass estimation accuracy and spatiotemporal
analysis capabilities. A spatial AGB change detection analysis
could be considered with further fieldwork studies. Archived
ALOS-1 images and the forest inventory data provided ben-
eficial results in understanding the AGB distribution for
the Pinus nigra forest. Next-generation L-band missions
(ALOS-4, NISAR, ROSE-L, and Tandem-L) can contribute
to a spatio-temporal analysis to obtain biomass and carbon
dynamics.
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APPENDIX

Training Loss Over Epochs
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1. Test/loss graph of Scenario-9 for CNN method.
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2. Grid search chart of YHH, YHYV, YNDPI, Y'CPR variables for XGBoost.
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3. Grid search chart of YHH, YHV, YNDPI, Y'CPR variables for Random Forest.



