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ABSTRACT

Indonesia is a significant greenhouse gas (GHG) emitter, contributing 12.3% of carbon dioxide (CO,) of total emissions.
Carbon dioxide (CO,), a major GHG, is increasing in the Earth’s atmosphere. The CO, absorption can be increased
through rubber plantations because rubber plants, such as forest plants, can process CO, as a carbon source for
photosynthesis. This research aims to analyze carbon uptake in relation to tree density, biomass of rubber vegetation,
and soil organic carbon (SOC) content, as well as to map the distribution of carbon potential using remote sensing. This
research was conducted in the Sungai Putih Research Unit, Galang Sub-district, using a survey method by collecting
secondary and primary data. Sampling locations were determined based on Normalized Difference Vegetation Index
(NDVI) classification, while remote sensing image processing utilized Landsat 9 images processed through Google Earth
Engine (GEE). This study found that the potential carbon stock varied across observation plots. Based on calculations
using the SAVI Quadratic model (A13), carbon distribution, derived from field biomass (40-80) and C-Organic (2-3),
indicated a medium carbon distribution. The average potential carbon stock, measured from the standing trunk section,
was 29.43 tons across an area of 3.12 ha. The highest carbon stock and the largest average stem diameter were recorded
in plot 11, with an average diameter of 16.63 cm and a biomass content of 90.64 kg.

Keywords: Agroforestry, GEE, Hevea brasiliensis, Machine learning, Vegetation index

Introduction

Estimating carbon sequestration in rubber planta-
tions using Landsat 9 and Google Earth Engine (GEE)
imagery has emerged as a promising approach to
monitor and estimate the carbon storage capacity
of this important agricultural system. Rubber plan-
tations greatly influence global carbon dynamics,
especially in Southeast Asia, which cultivates many

rubber plant. * Indonesia has extensive rubber plan-
tations compared to mangroves and acacias, and
Indonesia is one of the main producers of greenhouse
gases (GHG), contributing 2,31%° of global emis-
sions. Therefore, to maintain the ecological function
of forests as buffers for living systems in the face of de-
clining forest areas, we need to improve their quality.
The selection of rubber plants is based on their im-
portant ecological and economic roles. Ecologically,
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rubber plantations serve as semi-natural ecosystems
that can absorb carbon dioxide (CO,) from the at-
mosphere. Economically, they provide the primary
source of livelihood for millions of farmers. Addi-
tionally, rubber trees contribute to carbon absorption,
helping to balance atmospheric CO, levels. The rise
in CO, emissions must be counterbalanced by effec-
tive sequestration efforts. Landsat 9, introduced in
September 2021, features higher spectral and radio-
metric resolution than previous generations, enabling
more accurate detection of rubber plantations and
biomass estimation.? Various studies have shown
that vegetation indices such as NDVI, GNDVI, and
SAVI are effectively used in remote sensing to com-
bine health and density,>” and vegetation changes
in various ecosystems, including mangroves, rubber
plantations, oil palms, and urban green spaces. NDVI
is widely applied to assess vegetation density and
health over time, such as in mangrove forests on
Dompak Island,® rubber plantations, and land use
changes in various regions. >® GNDVI provides advan-
tages in assessing biomass and vegetation health!°
in agricultural and forest environments and monitor-
ing ecological risks in various ecoregions.!'2 SAVI
is used to reduce the influence of soil background
in vegetation analysis12, is effective in distinguish-
ing vegetation types,'> and combines the impact
of urbanization on green spaces. ' Combining these
vegetation indices with remote sensing technology
and cloud computing platforms such as Google Earth
Engine enables accurate and efficient vegetation dy-
namics and carbon stocks analysis in large areas.'*
When combined with the Google Earth Engine’s
cloud-based computing capabilities, SAVI enables ef-
ficient processing and analysis of large-scale satellite
images to measure carbon stocks over very large
areas. '°

This method integrates spectral indices, texture
analysis, and machine learning to estimate the
above-ground biomass and carbon content in rubber
plantations. Time series analysis enables monitoring
variations of carbon sequestration variations over
time, offering valuable insights into the impact of
plantation expansion and management strategies on
regional carbon budget. '° Integrating remote sensing
techniques with ground-based observations and allo-
metric equations enables the development of credible
models to predict carbon stocks in rubber planta-
tions across different age classes and environmental
conditions.?>!” This GEE-based methodology'® pro-
vides a cost-effective and scalable alternative for
measuring carbon sequestration in rubber-dominated
landscapes, supporting climate change mitigation and
informing sustainable land management practices. '
GEE is capable of producing spatial data and infor-

mation on the earth’s surface using multi-temporal
satellites massively on satellite images quickly, over
a wide area.'® Spatial resolution is not sufficient for
detecting individual details of rubber trees. Field val-
idation requires extensive ground truthing to ensure
high accuracy. The allometric model must be specific
to rubber trees and properly validated. Additionally,
vegetation variation, including the presence of weeds,
shrubs, and the age of trees, makes it challenging to
distinguish different factors. Atmospheric conditions
such as clouds and fog can interfere with image qual-
ity. Lastly, the correlation between vegetation and
carbon indices is not always profound.

This study aimed to characterize carbon stocks
in rubber plantations using plot-based field mea-
surements, soil samples, and remote sensing data to
develop a simple remote sensing-based methodology.
Field measurements and remote sensing approaches
can improve rubber carbon stock estimation, aid
emissions reduction efforts, and support program
design incentives. Furthermore, this approach may
improve rubber plantation management for climate
change mitigation. The findings are expected to quan-
tify carbon stock in rubber vegetation and assess its
role and carbon emissions absorption. Studies on car-
bon stock estimation in rubber plantations can aid in
assessing carbon emissions, contributing to climate
regulation and global warming mitigation, analyzing
carbon uptake in relation to tree density and rubber
vegetation biomass, evaluating carbon content based
on soil organic carbon, and mapping the potential
distribution of carbon content using the selected esti-
mation model.

Material and methods

Research location

This research was conducted at the Ilatitude
and the longitude of Sungai Putih Research Unit,
which are roughly 3.4268803° N, 98.8681448° W,
Galang, North Sumatra, located in Sungai Putih Vil-
lage, Galang Sub-district, Deli Serdang Regency (see
Fig. 1). This site is approximately 45 km south of
Medan and 27 km from Lubuk Pakam, at an altitude
of about 80 m above sea level. Access to the loca-
tion includes an asphalt road from Medan to Sungai
Putih, with the remaining route partially paved. The
boundaries of the Sungai Putih Research Unit are as
follows: the north borders Petumbukan Village and
PT Perkebunan Nusantara III; the south is bordered
by Perkebunan Tanjung Purba; the east is adjacent to
Galang Sub-district and PTPN III; and the west bor-
ders the Bangun Purba area and PT. Serdang Tengah.
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ADMINISTRATIF MAP OF GALANG SUR
PISTRICT , DELI AFRDANG MSTRICT

10 0 10 20km
-

MAP DESCRIPTION
B UNIT RISET SUNGE PUTIH
B GALANG

DEL! SERDANG

Fig. 1. Research location map.

Table 1. Tools and materials.

Tools Information Material
Hardware computers/laptops Administrative map
GPS (Global Positioning System) Sentinel 2
Software QGIS (Quantum Geographic Information Landsat 9
System)
GEE (Google Earth Engine) SPOT
compass ASTER

Tools used in the laboratory Analytical Balance

Volumetric flask 100 mL
Erlenmeyer 500 ml

Graduated pipette
Beaker Glass
Burette
Tools used in the field Hoe
Soil drill
Plastic
Label paper
Twin pen
Rope
Meter

Whiteboard marker

notebook

Material use in the laboratory
Sulfuric Acid (H2SO4)-concentrated
Potassium Dichromate 1 N (K2Cry07)
Standard Solution 5.000 ppm C

Tools and materials

Table 1. The tools and materials used for the
research.

Research implementation method

This study uses a survey method consisting of sev-
eral stages: primary and secondary data collection,
selection of sample locations based on land avail-
ability, plant age, and soil type, determination of
sample points using a homogeneous approach by as-
sessing the health of rubber plants, because normal
tree conditions affect plot locations, and soil analysis

and remote sensing image processing. The collected
data were analyzed using regression analysis to deter-
mine the relationship between satellite imagery and
actual field data. We are making efforts to measure
and map the potential for carbon absorption spatially
in large area units (landscape-level), extending be-
yond just land units or small plots. This approach
allows regional analysis using remote sensing data,
such as Landsat 9 satellite imagery, to estimate the
carbon content or stock stored in vegetation and soil
in rubber plantation landscapes. With a medium scale
(30 meters spatial resolution), Landsat 9 imagery is
representative enough to describe variations in land
cover and differences in vegetation conditions at the
landscape level.
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Table 2. NDVI classification class criteria.

Class Classification Criteria
Barren land/water NDVI > 0

Very low 0 < NDVI > 0,2
low 0,2 < NDVI > 0,4

Moderately low 0,4 < NDVI > 0,6
Moderately high 0,6 < NDVI > 0,8
high 0,8 < NDVI < 1

Determination of sample location points

The selection of coordinate points for field sampling
is conducted using three methods:

1. Generating a map of the study area using Google
Earth and QGIS2%2!

2. Classifying the NDVI sampling area into five
classes using the QGIS??~2° application, and

3. Applying the NDVI classification criteria outlined
in Table 2.

(1) The Avenza map application determines sam-
pling locations for each class (coordinates) and
different distances depending on the NDVI class
taken. The results of these three steps are presented
in Fig. 2, sampling coordinate points.

Sampling in the field

At this stage, primary data collection involves
recording coordinate points. The sampling method
used for collecting coordinate data and establishing %°
25 m x 25 m sample plots follows a study-based
approach with 50 plots. Soil sampling is conducted
after making each plot with tape and recording it

Research location unit riset sungal putih

on the measurement form. A total of 50 soil samples
are collected, representing the land, as they account
for 5% of the total area (61.15 Ha) with a minimum
sampling intensity of 1%. Of these 50 samples, 30
are used to develop mathematical models (training
dataset), while the remaining 20 are used to assess
model accuracy (test dataset).

Data analysis
Tree density and rubber trunk biomass

Field sampling utilizes GBH circumference data,
which is converted to diameter at breast height (DBH)
before applying a formula to obtain AGB.?”?® The
GBH is measured at a height of 1.5 m above ground
level, approximately at an adult’s chin level. The AGB
of each tree in a plot is summed to determine the
total AGB for the plot, which is then recorded in
tabular form. Observations of density and biomass are
calculated based on the vegetation, with plot determi-
nation based on Ardiyaningrum et al.*°

Data analysis in Eq. (1) and Eq. (2)

Density = number of individuals of one species/

(sample area) €D)

Relative density = (density of a species x 100%) /
(density of all species) 2

Biomass data from the research, including diam-
eter, tree species, and the number of individual
stands, were analyzed to determine the above-ground

Fig. 2. Sampling coordinate points.
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biomass of rubber trees and other plant species at
the research site. The surface biomass of rubber trees
was estimated using the allometric equation with the
following formula in Eq. (3):

AGBest = — 3.84 + (0.528 x BA) + (0.001 x BA2)
3

Description:

AGBEST: Above Ground Biomass value.

p: wood density (g/cm)

D: Diameter at breast height (cm) BA: basal area
(cm)

The allometric equation proposed by Ketterings
et al.*° is used to estimate the value of above-ground
biomass of non-rubber plants using the following for-
mula in Eq. (4):

Y = 0.11pD.2.62 4

Description:

Y: Above Ground Biomass value
p: wood density (g/cm)
D: Diameter at breast height (cm)

Biomass estimated using the selected model, along
with biomass measurements obtained through the al-
lometric equation referenced in Rahmawaty et al.,*!
is assumed to represent the actual biomass. Model
validation in this study was conducted using the
chi-square test, aggregate deviation (SA), and mean
deviation (SR). The chi-square value was calculated
using the following formula in Eq. (5):

xhitung® = Tni = (17 — ¥)2)/y (5)

In addition, biomass measurement can be con-
ducted using the allometric equation, as applied by
Susilowati.>? The equation is as follows in Eq. (6):

B = 0.11 x p x D2.62 (6)

Description:

D = Diameter (cm)
o = Specific gravity of wood (g/cm?)

Carbon estimation is conducted based on various
variables in Landsat 9°3-3¢ magery, including digital
values for each band as well as NDVI, 37-40 GNDVI, >~
and SAVI'*'> indices. The model used for carbon
estimation in Egs. (7) to (10) is presented in Table 3.

Estimation results with actual biomass values.
A lower aggregate deviation and mean deviation

indicate higher model accuracy. The formulas for
calculating SA and SR are as follows: The values
of SA and SR can be calculated using the formulas
provided in Egs. (11) and (12):

SA=(Syni=1- Xyni=1)Syni =1 (11)

SR = {|= — Zyni = 1|n} (12)

Description:

SA = aggregate deviation
SR = average deviation
yy = actual biomass

y = estimated biomass

n = number of trees

Satellite imagery data was used to estimate carbon
uptake based on digital NDVL®"-*° GNDVI,*!!
and SAVI*' values from Landsat 9% for each
subset observation plot. Table 4 shows the band
characteristics of the Landsat 9 OLI satellite sensor,
while Table 5 shows the vegetation indices used to
estimate in Egs. (13) to (15) carbon uptake in rubber
vegetation.

Data classification and analysis based on Google
earth engine

All the data processing for this study was conducted
using cloud computing on the GEE platform,
including land cover -classification and spatial
analysis. The first stage involved delineating the
research area by cropping it based on shapefile
data of the administrative boundaries of the Sunge
Putih Research Center rubber plantation in the
Galang sub-district, sourced from Google Earth in
2024.%%47 The accuracy of image analysis results in
the study area is significantly influenced by cloud
cover. Therefore, image quality improvement was
performed, particularly in cloud-covered areas, by
applying a masking filter on the Quality Assessment
(QA) band, which contains information on pixels
affected by cloud cover. The masking script in GEE
automatically replaces cloud-covered scenes with
corrected ones within a predetermined recording
time range. The scene selection process during
masking is performed using the 'median ()’ algorithm,
where the GEE computing system selects the median
value of each pixel from multiple scenes to minimize
cloud cover, thereby generating a clearer image. The
land cover classification results are then exported to
the storage drive using the GEE script. This study used
QGIS**>0 to create a map layout of the land cover
classification.
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Table 3. Carbon estimation model.*8

Model Type Model
Yy = e(a+bX1+cX2+---+an) 7)

Exponential Model
Quadratic Model

Linear Model

Y = a + bX;2+cXo2+ ... + nXy2 (8)
Y =a+bX;+cXo+... +nXy )

logarithmic model Y =a+ bX1P+cXo+. .. + nX," (10)

Table 4. Band characteristic of the landsat 9 OLI
satellite sensor.

Band Wavelength («m)
Band 1 Visible Coastal Aerosol  0,43-0,45
Band 2 Blue 0,45-0,51
Band 3 Green 0,53-0,59
Band 4 Red 0,64-0,67
Band 5 Infrared Derat 0,85-0,88

a. Correlation regression test results

The normality test results were based on a correla-
tion regression test on biomass, carbon uptake, and
tree density. The analysis yielded p-values of 0.86 for
biomass, 0.96 for carbon uptake, and 0.90 for tree
density. Since all p-values exceed 0.05 (p > 0.05), the
data are normally distributed, and the null hypothesis
(Hp) is accepted. As shown in Figs. 3 to 5, the data
points are distributed above and below zero on the
Y-axis without forming a specific pattern, indicating
the absence of heteroscedasticity.

b. Carbon estimation modelling

This study included a total of 50 observation plots,
with 30 samples used for modelling. Table 6 presents
the estimation model results based on these 30
samples.

Table 5. Vegetation indices used in estimating carbon sequestration in rubber vegetation.

Vegetation Index Abbreviation Formula

Normalized Difference NDVI (NIR — Red) /(NIR + Red) (13)
Vegetation Index

Green Normalized Difference GNVI (NIR — Green)/ (NIR + Green) 14
Vegetation Index

Soil Adjusted Vegetation Index SAVI (NIR — Red) /(NIR + Red + 0, 16) 15)

Result and discussion

Carbon stock potential in a rubber plantation in the
Galang sub-district

The potential carbon stocks obtained from each
observation plot in this study varied. Aboveground
carbon values were calculated for each tree within the
observation plot. The average potential carbon stock
in the field, based on the measurement of the standing
trunk, was 29.43 tons/ha, with a total observed area
of 3.12 ha. Field data analysis indicated that plot 11
had the highest carbon stock and the largest aver-
age stem diameter, measuring 16.63, with a biomass
content of 90.64. The coordinates of this plot are
3043°05.75° N, 98086’6.686° W. According to re-
search conducted by Anchopa and Lilian, 16-year-old
rubber plants of clone PB 217 exhibit the largest stem
diameter, measuring 94.92 cm. The carbon content
in the biomass of rubber plants ranges from 45% to
50% of the dry matter. During a single planting cycle,
rubber trees can absorb up to 97.65 tons of CO; per
hectare, which includes 32.59 tons of CO; per hectare
from litter and plant biomass. The determination of
biomass is based on the stem diameter.®' The spatial
model of carbon content distribution in rubber is pre-
sented below.

Normal Probability Plot
Carbon Uptake

0 50 100 150

Sample Percentile

Fig. 3. Normality of carbon uptake.

Normal Probability Plot

biomass
0.84 prEeeey
5 0.82 .
0.8 ...
0 50 100 150

Sample Percentile

Fig. 4. Biomass normality.
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Table 6. Regression equation model for carbon estimation based on vegetation.

2021 2022 2023 2024

Regression Sig R Square Sig R Square Sig R Square Sig R Square
Model Code Anova (R2) Anova (R2) Anova (R2) Anova (R2)
linier (NDVI) Al 0.887 0.001 0.309 0.037 0.182 0.063 0.077 0.105
Logarithms (NDVI) A2 0.899 0.001 0.127 0.081 0.004* 0.256 0.303 0.038
Quadratic (NDVI) A3 0.072 0.117 0.241 0.1 0.009* 0.292 0.15 0.131
exponential (NDVI) A4 0.873 0.001 0.209 0.056 0.214 0.055 0.079 0.106
linier (GNDVI) A5 0.093 0.097 0.166 0.067 0.110 0.297 0.211 0.055
logarithms(GNDVI) A6 0.020* 0.187 0.043* 0.139 0.009* 0.217 0.032* 0.154
Quadratic (GNDVI) A7 0.011* 0.285 0.021* 0.249 0.001* 0.412 0.008* 0.303
exponential (GNDVI) A8 0.104 0.092 0.185 0.062 0.120 0.084 0.230 0.051
linier (SAVI) A9 0.057 0.357 0.013* 0.202 0.272 0.043 0.000* 0.361
logarithm(SAVI) Al0 0.055 0.125 0.000* 0.36 0.007* 0.231 0.010* 0.213
Quadratic (SAVI) All 0.000* 0.447 0.008* 0.304 0.000* 0.464 0.002* 0.374
exponential (SAVI) Al2 0.055 0.125 0.012* 0.205 0.308 0.037 0.000* 0.361

Note * : significance at 5% error rate

Normal Probability Plot
Density

s e ORI DED

0 20 40 60 80
Sample Percentile

100 120

Fig. 5. Normality of tree density.

Based on Table 6, the ANOVA test results at a
5% significance level (sig ANOVA < 0.05) indicate
that the following equation models are significant:
in 2021 the NDVI logarithm, quadratic NDVI, and
quadratic SAVI equation models; in 2022 the GNDVI
logarithm, quadratic GNDVI, linear SAVI, logarithmic
SAVI, quadratic SAVI, and exponential SAVI mod-
els; in 2023 the NDVI logarithm, quadratic NDVI,
logarithmic GNDVI, quadratic GNDVI, logarithmic
SAVI], and quadratic SAVI models; and in 2024 the
logarithmic GNDVI, quadratic GNDVI, linear SAVI,
logarithmic SAVI, quadratic SAVI, and exponential
SAVI models. The R-Square (R2) values range from
0.001 to 0.447 in 2021, 0.037 to 0.304 in 2022, and
0.037 to 0.464 in 2023. In 2021, the quadratic model
(SAVI) had the highest coefficient of determination
(R2 = 0.447). In 2022, the quadratic model (SAVI)
had an R? value of 0.367, followed by R? = 0.464
in 2023 and R? = 0.374 in 2024. This indicates that
the quadratic model explains the influence of the in-
dependent variable (X), namely the vegetation index,
on the dependent variable (Y), carbon, by 44.7% in
2021, 36.7% in 2022, 46.4% in 2023, and 37.4% in
2024. Among the regression models tested, the SAVI
quadratic regression model exhibited the highest co-

efficient of determination: 0.447 in 2021, 0.367 in
2022, 0.464 in 2023, and 0.374 in 2024. According to
Yang et al,>? the coefficient of determination ranges
from O to 1, where a value closer to 0 indicates a
weaker effect.

Modelling is conducted to facilitate the develop-
ment of regression models. This process aims to
visualize the difference in vegetation index distri-
bution within the image display, which serves as a
reference for selecting an appropriate carbon estima-
tion model. The distribution of the vegetation index
distribution is presented in Figs. 6 to 8, as presented
below:

c. Model validation test

The validation test for the regression equation
model was conducted using 20 samples. The results
of the validation test are presented in Table 7, as
follows:

The regression equation models for the NDVI and
GNDVI vegetation indices, as well as SAVI, passed
the significance test in ANOVA, allowing all models to
proceed to validation. The validation test assessed the
deviation of carbon estimates from each regression
model compared to the actual carbon values. The val-
idation test aims to identify the best regression model
among those developed. According to Legesse et al, >
the purpose of validation is to assess the accuracy of
estimated data against theoretical data to construct a
model for estimating carbon potential in real-world
conditions.

Table 7 shows that the highest R-squared (R2) val-
ues were observed in the 2021 exponential NDVI
(R2 = 0.124), the 2022 exponential SAVI (R2 =
0.003), the 2023 exponential NDVI (R2 = 0.095),
and the 2024 exponential SAVI (R2 = 0.002). The



BAGHDAD SCIENCE JOURNAL 2026;23(1):204-218 211

(a) Landsat 9 NDVI 2021

Carbon Distribution Medium to High

(b) Landsat 9 GNDVI 2022
Carbon Distribution Very Low to Low

(c) Landsat 9 NDVI 2023
Carbon Distribution Low to Very High

(d) Landsat 9 NDVI 2024
Carbon Distribution Very Low to Low

Fig. 6. Map of NDVI value distribution in rubber land areas.

selection of the model is based on both R2 and RMSE
values.

d. Vegetation index distribution map on the se-
lected regression model

The distribution map model selected based on R2
and RMSE values from 2021 to 2024 is predominantly
represented by SAVI models. Therefore, the distribu-
tion map for the selected SAVI vegetation index is
presented in Fig. 9 as follows:

The vegetation index distribution is based on the
selected regression model that passed the validation
test. The validation process included a paired-sample
t-test to assess a significant difference between two re-
lated variables and a Root Mean Square Error (RMSE)
test to measure the error rate in the regression model
calculations. The vegetation index map from the se-
lected model is used to assess how well it represents
the actual vegetation conditions in the field. The dis-
tribution based on the selected model is shown in
Fig. 6.

The Soil-adjusted Vegetation Index (SAVI) is an
algorithm used to calculate or estimate vegetation
index values from satellite images. This calculation
utilizes bands 5 and 4 of the Landsat satellite. SAVI

index values have demonstrated a strong and reli-
able correlation with biomass and carbon estimation,
primarily due to their ability to minimize soil back-
ground interference in satellite images. This makes
SAVI a suitable choice for biomass estimation across
various land cover conditions. Fig. 4 illustrates the
distribution of vegetation indices in rubber planta-
tions, with index values ranging from 0.1 to 0.4.
Within this range, variations in vegetation index val-
ues are observed. As shown in Fig. 9, the dominant
vegetation index values range from 0.2 to 0.4, in-
dicating relatively high vegetation canopy density.
This aligns with the findings of Candra and Arsana,>*
who stated that dense vegetation cover corresponds
to a high SAVI index value, while sparse vegetation
cover results in lower values. The SAVI value reflects
the presence of vegetation on the Earth’s surface and
serves to describe plantation conditions. A higher
vegetation index value indicates greater vegetation
density or land cover with green vegetation.

e. Map of carbon potential distribution using the
selected estimation model

The selected model in this research is a quadratic
model. Based on the determination of values in 2021,
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(a) Landsat 9 GNDVI 2021
Carbon Distribution Low

(c) Landsat 9 GNDVI 2023
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(b) Landsat 9 GNDVI 2022
Carbon Distribution Medium to High

(d) Landsat 9 GNDVI 2024
Carbon Distribution Very Low to High

Fig. 7. Map of GNDVI value distribution in rubber land areas.

the highest R2 value for the quadratic SAVI model
is 0.447, the lowest RMSE value is 0.000, and the
significance level (p-value) for biomass and C-organic
(two-tailed) is 0.000. In the 2022 quadratic Savi
model, the highest R2 value is 0.304, the lowest RMSE
value is 0.000, and the significance level (p-value)
for biomass and C-organic (two-tailed) is 0.000. In
the 2023 quadratic SAVI model, the highest R2 value
is 0.464, the lowest RMSE value is 0.000, and the
significance level (p-value) for biomass and C-organic
(two-tailed) is 0.000. In the 2024 quadratic SAVI
model, the highest R2 value is 0.374, the lowest RMSE
value is 0.000, and the significance level (p-value) for
biomass and C-organic (two-tailed) is 0.000. There-
fore, the null hypothesis HO is rejected, indicating
a significant difference between the estimated and
actual carbon values. This model will be used to ana-
lyze carbon distribution at the research site using the
following in Eq. (16):
Y=-2733E—-5+ 0.81 x2 (16)
Based on calculations using the selected quadratic
SAVI model (A3), the carbon distribution derived

from field data ranges from 0.003 to 40 in areas with
low carbon distribution and from 41 to 82 in areas
with moderate carbon distribution. According to soil
C-organic values, carbon distribution is classified as
follows: 0.00002 tol indicates very low distribution,
1 to 2 indicates low distribution, and 2 to 3 indicates
medium distribution.

The carbon content in a tree is influenced by its
biomass, as a higher biomass in a rubber tree corre-
sponds to a greater carbon value. This aligns with the
statement by Sulistiyono and Hudjimartsu,*?> which
suggests that biomass content in trees, soil fertility,
and vegetation uptake impact carbon storage. Ad-
ditionally, higher biomass in vegetation is directly
related to increased carbon content. Thus, an increase
in the biomass of rubber vegetation corresponds to
greater carbon storage within the vegetation. One of
the factors influencing biomass value is age, as plant
age is directly proportional to the diameter of rubber
trees. Carbon storage in rubber plants is determined
by various factors, including tree age, stem diame-
ter, plant height and density, soil fertility, and the
cultivation system used. Forest biomass components
consist of aboveground biomass (AGB), belowground



BAGHDAD SCIENCE JOURNAL 2026;23(1):204-218

r AV CAREBON
Q o non e (@5
TS LAPeiRT 3 I
S P
wESCARCH T

B ]
Rt | BT (v
Ll ]
a1marn

2

(a) Landsat 9 SAVI 2021

Carbon Distribution Verry Low to High

(c) Landsat 9 SAVI 2023

Carbon Distribution Verry Low to Low

213

(b) Landsat 9 SAVI 2022
Carbon Distribution Low to Medium
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(d) Landsat 9 SAVI 2023
Carbon Distribution Low to Medium

Fig. 8. Map of SAVI value distribution in rubber land areas.

Table 7. Validation test result.

2021 2022 2023 2024
Regression Model Code Sig T RMSE Sig T RMSE Sig T RMSE Sig T RMSE
linear (NDVI) Al 0,000 0.031 0.586 0,000 0,000 0.019 0.345 0,000
logarithm(NDVI) A2 0,000 0.055 0.875 0,000 0.001 0.031 0.276 0,000
Quadratic (NDVI) A3 0,000 0.020 0.373 0,000 0,000 0.013 0.525 0,000
exponential (NDVI) A5 0,000 0.124 0.626 0.001 0,000 0.095 0.346 0.001
linear (GNDVI) A6 0.221 0,000 0.365 0,000 0.429 0,000 0.22 0,000
logarithm(GNDVI) A7 0.067 0,000 0.137 0,000 0.098 0,000 0.054 0,000
Quadratic (GNDVI) A8 0.346 0,000 0.523 0,000 0.309 0,000 0.24 0,000
exponential (GNDVI) Al10 0.213 0.001 0.341 0.002 0.408 0.002 0.212 0.001
linear (SAVI) All 0.057 0.001 0.182 0.000 0,000 0,000 0.001 0,000
logarithm(SAVI) Al12 0.143 0.001 0.624 0.000 0.002 0,000 0.007 0,000
Quadratic (SAVI) Al13 0.124 0.001 0.03 0.000 0,000 0,000 0.004 0,000
exponential (SAVI) Al15 0.061 0.005 0.169 0.003 0,000 0.003 0.001 0.002

biomass (BGB), dead organic matter, and soil organic
carbon.>® Aboveground biomass comprises trees and
plants, including trunks, branches, bark, and leaves
that grow above the ground. The stage of a tree’s de-
velopment influences biomass distribution in an area,
as reflected in variations in biomass across different
tree diameters. Compared to belowground biomass,
aboveground biomass contributes the most to total

biomass and has a broader distribution. The contri-
bution of biomass from each tree component varies
significantly.®® Time series analysis enables tracking
variations in carbon sequestration over time, offering
valuable insights into the impact of rubber plantation
expansion and management strategies on regional
carbon budgets. !”
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Fig. 9. Map of SAVI value distribution in rubber land areas.

Conclusion

The highest carbon reserves and the largest average
stem diameter are found in plot 11, with an average
diameter of 16.63 cm and a biomass content of
90.64 kg/ha. The best model, the quadratic SAVI
model, has the highest coefficient of determination
(R-square) values: R2 = 0.447 in 2021, R2 = 0.303
in 2022, R2 = 0.464 in 2023, and R2 = 0.374 in
2024. The carbon distribution is determined based on
calculations using the selected SAVI (A13) quadratic
model.
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