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Abstract  Article Info 

Understanding and accurately quantifying carbon stocks in forest ecosystems are critical for 

climate change mitigation and sustainable forest management. This study employs a Geographic 

Information System (GIS) and remote sensing data to assess above ground biomass and carbon 

in the Yeraba State Forest, Ethiopia. The research aims to offer reliable information on forest 

carbon stocks for forest administrators, policymakers, and development agents. Through the use 

of allometric equations and advanced remote sensing techniques, specifically Sentinel-2 

imagery, the study quantifies above-ground biomass (AGB) and carbon stock. The robustness of 

various vegetation indices in estimating the carbon stock is examined, with the Variable 

Difference Vegetation Index (VDVI) showing the strongest correlation with the above-ground 

carbon stock (AGCS). The research demonstrates the efficacy of combining field-measured data 

with satellite imagery for the assessment of carbon stocks in forest ecosystems. The study 

notably provides methodological insights into the use of GIS and remote sensing for ecosystem 

service assessment and offers valuable contributions to the literature on forest carbon storage and 

dynamics. This comprehensive approach emphasizes the ecological and economic significance 

of forests and presents an essential tool for monitoring forest-based carbon sequestration as part 

of contributing to global carbon cycle understanding and achieving sustainable forest utilization 

policies. 
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Introduction 

 

Background of the study 

 

Forests encompass 4.03 billion hectares, or 31% of all 

land on Earth, and provide for 75% of total terrestrial 

gross primary output (1). They can hold more than 80% 

of all terrestrial aboveground carbon and 70% of all soil 

organic carbon. The biomass alone in the world's woods 

contains 289 gigatonnes (Gt) of carbon (2). African 

forests contribute for 21% of the world's forest biomass 

carbon pool and can store up to 630 kg of carbon per 

hectare yearly, serving as an important shock absorber 

for global climate change (3). Ethiopia's forest resources 

store an estimated 2.76 billion tons of carbon, 

contributing significantly to the country's carbon 

footprint and playing an important role in the global 

carbon (4) 

 

For long years, forests provided essential resources and 

services. They provide us with food, energy, construction 

materials, paper, recreation, and a host of other 

intangible services such as carbon sequestration, nutrient 

cycling, and water regulation (5), (6). About 50% of the 

potential worldwide mitigation of greenhouse emissions 

comes from the forest business (7)–(9), because about 
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50% of the biomass is carbon (plants store carbon in 

woody plants). Because a forest may give so many 

various goods and services, there are differing opinions 

on how it should be used. The majority of harvested 

round wood is used to make wood products, pulp, and 

paper, however there is growing interest in using woody 

resources as an energy source and substitute for fossil 

fuels (8). At the same time, other people wish to see the 

forests protected and turned into natural reserves. All of 

these interests conflict with one another to variable 

degrees, and it is impossible to satisfy all actors 

interested in the forest sector (10). However, finding a 

balance between the areas of utilization is vital, not only 

for policymakers, but also for efficient and successful 

forest management (11) 

 

The future of carbon emissions may be the most 

uncertain aspect of climate scenarios; while fossil fuel 

outputs may account for a sizable portion of global 

carbon emissions, associated deforestation and fires also 

contribute significantly to total emissions, making even 

current emissions difficult to estimate. Estimates of the 

carbon sink are highly uncertain (12), (13), and the 

fraction of secondary forest regeneration is generally 

unknown, except in a few thoroughly researched 

locations. Develop approaches for estimating biomass 

changes in land cover using remotely sensed data is one 

useful way to proceed (14), (15). A number of studies 

have provided useful approaches for estimating biomass, 

and thus carbon, related to loss from deforestation and 

subsequent use of fire to remove the vegetation for agro 

pastoral activities (12) 

 

Remote sensing data enables continuous and repeatable 

observations across wide areas, it has emerged as a 

crucial tool for global monitoring of anthropogenic and 

natural patterns, processes, and trends (16). According to 

(17), it is being utilized more and more to monitor 

ecological variables such above-ground carbon storage, 

natural region fragmentation, and vegetation biomass. 

Although the conventional approach to estimate above-

ground carbon in forests is highly accurate, it is also 

labor-intensive, costly, and time-consuming. Given that 

satellite imagery is cost-free, user-friendly, and yields 

findings that are on par with more conventional or 

traditional approaches, it is imperative that this problem 

be addressed (18) (19). Both passive optical and active 

microwave remote sensing are used to monitor the 

carbon supply and above-ground biomass in forests (20). 

In order to get spatially explicit estimates of forest AGC, 

the combination of remote sensing and sample plot data 

has gained popularity (21). 

Woody Plants of Arba Minch Ground Water Forest and 

its Variations along Environmental Gradients (22), the 

estimation and mapping of carbon stocks in the 

Menagesha Suba State Forest (23), the estimation of 

carbon stock in church forests: implications for 

managing church forests (24), and other studies 

evaluated the biomass and soil carbon sequestration, 

including the carbon stock of the various carbon pools in 

the Gerba-Dima moist Afromontane forest, South-

western Ethiopia (25). The general wood density used in 

those studies to determine the woods' AGB and carbon 

stock was constrained. Furthermore, no research on the 

carbon sink and stock values of forest ecosystems has 

been done in this field of inquiry. As a result, species-

specific allometric equations were supplied for this 

investigation and filled in using this information. The 

study aims to (1) estimate above-ground biomass/carbon, 

(2) investigate the relationship between AGB/AGC and 

vegetation indicators derived from sentinel 2, and (3) 

Create a map showing the distribution of above-ground 

carbon stocks. 

 

Materials and Methods 

 

Location 

 

Yeraba State Forest served as the study's site. The 

location is in the East Gojjam Zone of the Amhara 

National Regional State in Ethiopia, 5 km southeast of 

Debre Markos town, and 295 kilometers north of Addis 

Ababa on the route to Bahir Dar. Geographically, this 

woodland is situated at latitudes 10° 18' 35''N and 

longitudes 37° 45' 29'' E.  

 

The entire area of the woodland is 315 hectares. The 

forest is surrounded by a variety of land uses, including 

"Aygereb pasture land" in the east, "Abedeg pasture 

land" in the west, "Engich got" farm land in the north, 

the main asphalt road, and the small village of Chemoga 

in the south. The land-form of the study area is 

characterized by undulating plain topography and 

dominated by gentle slopes and a localized moderate 

steep slopes ranging from 2-15% (26). 

 

Research Methods 

 

A quantitative research approach, which is predicated on 

measuring quantity or amount, was employed by the 

researcher. It is applicable to occurrences that have a 

quantitative form. In order to assess and interpret the 

field-measured data for calculating above-ground carbon 

stock, a quantitative design was put into place. 
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Additionally, information was gathered from Sentinel-2 

imagery, quantitatively examined, and displayed in 

tables and maps. 

 

Sampling Design 

 

According to (27) a sample design is a definite plan to 

get a sample from the total population. The researcher 

was adopt a procedure in selecting a sample. For this 

study in order to select appropriate and representative 

sample from the study area and to make the findings 

more accurate, the researcher was structured the sample 

design that comprises of sampling techniques and sample 

size.  

 

Sampling Technique and sample size 

 

The process of choosing a sample from the objective 

being framed is known as sampling. The goal of the 

study and the makeup of the target population determine 

the sampling strategy to be employed. Appropriate 

sampling methods may reduce the expenses or effort 

required to collect data from the sample population and 

remove bias in the selection process (27). The population 

is more or less homogeneous with regard to the features 

under study, thus the researcher used a systematic 

sampling technique because it is impossible to measure 

or examine the entire forest, plantation, or population. 

The size and shape of the sample plots must be chosen 

with consideration for measurement time, cost, accuracy, 

and precision (28). Additionally, the plot should be big 

enough to accommodate the number of trees that need to 

be measured per plot (29). There are two kinds of plots: 

square or rectangular plots and circular plots, according 

to (27). But according to Assefa et al., (2013), square 

plots contain greater within-plot variation and can be the 

most economical, making them more representative than 

circular plots of the same area (30). Therefore, for this 

study 17 sampling plots of square shape which have 

dimensions of 20 m ×20 m (400 m2) was formed (31) 

within 428 meter distance and 0.25 intensity. 

 

Living Trees above Ground Biomass (TAGB) 

sampling 

 

In the forest, trees and their plot locations were evaluated 

jointly. Using a diameter tape, the diameter of each 

individual tree was measured at a single tree with a DBH 

larger than 5 cm. (32) state that trees with several stems 

at a height of 1.3 meters were chosen as a single 

individual, and the largest stems' DBH was collected. 

Samples of 909 trees, 16363.03 DBH (cm), and 

11423.94 m of total tree height were taken in each plot. 

White chalk was used to check off trees in order to 

identify the measurement tree. 

 

Data Sources and methods of data collection 

 

To accomplish the study's goals, both primary and 

secondary data were utilized. Nonetheless, it is heavily 

reliant on the quality of the information and the 

availability of input data. Sentinel 2 was used to estimate 

the carbon stock of the research area, and field 

measurements of the required parameters were 

performed to obtain primary data. Publicly available 

books, journals, studies, papers, websites, and other 

materials were employed as secondary data sources to 

gather reviewed information pertaining to the study's 

goals. 

 

Materials and software  

 

There are tools and materials and software’s that was 

used to collect, analyses, store and display the data for 

this study as listed in below table 

 

Method of data analysis 

 

On the Excel data sheet, the gathered field data was 

arranged and documented. Using GIS and RS tools, the 

quantitative structure analysis and the primary and 

secondary data that were gathered were examined in 

accordance with the previously stated goals. A few pre-

processing tasks were completed for Sentinel 2, 

including layer stacking (combining the various single 

bands to create a colorful image), haze correction 

(reducing the slight obscuration of the atmosphere, 

usually caused by fine suspended particles), and 

topographic correction (reducing the issues caused by the 

sun angle on the bands). Dead wood, litter, tree root, and 

soil data are the key factors used to measure the study 

area tree DBH's capacity to sequester carbon. Therefore, 

the data analysis and interpretation methods have been 

thoroughly justified. 

 

Above ground biomass carbon stock estimation 

 

Tree DBH (AGB): Following accurate recording of each 

tree's DBH in the sample plots, the above-ground 

biomass of each tree in the sample plot was determined 

using the following formula, which took into account the 

tropical forest (33). 

 

 



Int.J.Curr.Res.Aca.Rev.2025; 13(2): 75-90 

  
 

78 

Where AGB is above ground biomass in kg, ‘P’ is wood 

Density, ‘D’ is Diameter (cm) at breast height of all 

woody species measured in all sample plots with DBH 

>=5cm at 1.3m height, ‘H’ is Height (m) of each plant 

species in all sample plots. There are specific wood 

density for each tree species as follows. 

 

Accordingly, the carbon content of tree vegetation in the 

study area was estimated by following (35) which 

recommended the use of 47% (conversion factor: 0.47) 

for estimations of carbon concentration for aboveground 

biomass of tropical and subtropical forests 

 

 
 

Scaling up AGB via Remote Sensing 

 

Plot-level AGB measurements can be scaled up more 

easily because to remote sensing's fine-resolution 

mapping over a wide geographic area. The potential 

carbon store of Yeraba State Forest was estimated using 

satellite data. Information from remote sensing has 

emerged as a crucial instrument for continuous, 

repeatable observations across wide areas that monitor 

anthropogenic and natural patterns, processes, and trends 

on a global scale (36)–(38). Although there are numerous 

satellites capable of predicting biomass, their use and 

selection were limited by their cost and accessibility 

(39), (40). Recently launched free Sentinel imagery 

offers a better opportunity than other freely accessed 

satellite imageries for forest AGB mapping and 

monitoring which in turn helps to estimate the carbon 

storage (36) 

 

Using the ESA Sen2Cor 2.80 processor built into the 

Sentinel-2 satellite, the downloaded Level-1 top-of-

atmosphere (TOA) data were atmospherically adjusted, 

radiometrically calibrated, and converted to reflectance 

to produce Level-2 bottom-of-atmosphere (BOA) 

outputs. Using the ESA Sen2Cor 2.80 processor found in 

the Sentinels application platform (SNAP) 7.0 software, 

the downloaded Sentinel-2 Level-1 Top of Atmosphere 

(TOA) data were atmospherically corrected, 

radiometrically calibrated, and converted to reflectance 

to produce Bottom of Atmosphere (BOA) Level 2A 

products. The Sentinel-2 bands (2, 3 and 8) that were 

initially recorded at 10 m resolution were resampled to 

20 m using the closest neighbor method in order to 

match the resolution of the SWIR band.  

 

Sentinel-2 images were mosaicked and then cropped to 

fit the study area's perimeter. Five vegetation indicators 

were created using Sentinel-2 reflectance data in this 

study and compared to measurements of aboveground 

biomass taken on the ground to estimate AGC of the 

chosen sites. The information about vegetation indices 

chosen from the literature based on their ability to 

produce findings for aboveground biomass in the field 

that had greater coefficients of determination (R2) and 

higher correlation (r) values is shown in the table below  

 

Correlation and regression Statistical data analysis 

 

Field above ground biomass and carbon stock analysis 

was done using excel. Vegetation indices from Sentinel-

2 satellite images were calculated under ArcGIS 10.8 

software using raster calculator. Field plots laid on the 

vegetation index values using the sample plots‟ latitude 

and longitude. Since forest AGB data were recorded in 

20m*20m grid, mean values of Vegetation indices of 

each sample plot extracted using 20m*20m rectangular 

grid in ArcGIS 10.8 

 

Results and Discussion 

 

Field above ground biomass of the study area 

 

An allometric equation developed by previous 

researchers was used to determine the study area's above-

ground biomass and carbon stock after field data 

collection (33). The diameter at breast height (DBH), the 

species' individual wood densities, and the tree's required 

height are the allometric formulas used to determine the 

AGB. Using the actual biomass and carbon values for 

each plot, the field data was converted into above-ground 

biomass (t/ha) and above-ground carbon (t/ha) for each 

plot. Each sample plot's carbon content was calculated by 

summing the biomass produced by each of the species 

that were present. 

 

Utilizing the allometric derivation of the wood density of 

various species, height, and DBH data gathered from 17 

sample plots, the above-ground biomass is calculated. As 

per the IPCC recommendation, 909 trees totaling greater 

than or equal to 5 cm DBH were counted in this study 

region and measured in the field to estimate the above-

ground tree biomass and carbon.  

 

Field data's AGB value ranges from 73.79973 tons per 

plot to 2.19183 tons per plot. The greatest and minimum 

AGB are found in the second and eighth sample plots, 

respectively, out of all the plots. In contrast to the other 

six plots, which are sparse, long, and thickly vegetated, 

the seventh plot is dense, thin, short, and youthful. 
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Comparison of Vegetation indices for AGB/AGC 

estimation 

 

Using data from the relationship analysis of the Sentinel-

2 and field survey data, the researcher developed 

equations for calculating the above-ground carbon stock. 

This study used Pearson's correlation to compare the 

Vegetation Index value from Sentinel-2 with the above-

ground carbon stock (AGCS) data. It evaluates the 

degree of linear relationship between two variables. If 

the coefficient was close to 1, then there was a strong 

association between them. On the basis of an identifying 

tool, the pixel values for each sample were retrieved. 

These samples' image values were retrieved, and the 

correlation's strength, pattern, and equation were then 

examined. Model of each parameter are explained by 

using the regression correlation analysis.  

 

Regression models that are as linear as possible are 

utilized in the investigation to determine the correlation 

pattern. When vegetation canopies are not homogeneous 

in terms of species, which causes complexity and 

variance in groundcover, evaluating many vegetation 

indices is important (45). Since various ranges of 46 

biomass and groundcover have distinct indices that are 

more sensitive, factors like terrain, background soil 

reflectance, and variance in internal canopy signal 

scattering may affect the final vegetation signal. Based 

on this, the sentinel 2A MSI level 1C sensor's 

20/02/2023 reading of 5 (five) vegetation indices was 

derived as figure 5 depict 

 

Correlation of AGB/AGC with VDVI 

 

The coefficient of correlation between AGCS values and 

VDVI, as shown in Figure 10, was roughly 0.65, 

indicating that VDVI has outperformed other indices 

(NDII, NDVI, GNDVI, and ARVI). Consequently, the 

best vegetation index that matched AGCS was VDVI. 

While 35% of the data fluctuations cannot be explained 

by the VDVI regression model, 65% of the field data 

can. Overall, the results show that the above-ground 

carbon stock and VDVI have a strong positive linear 

connection. This demonstrates that the VDVI average is 

a more accurate measure of the estimated above-ground 

carbon store than the others. 

 

Correlation of AGB/AGC with NDVI 

 

The correlation between AGCS values and Vegetation 

Index (NDVI) values computed from Sentinel-2 image 

has been shown in Fig 6. As represented in the 

scatterplot; the coefficient of correlation was 0.5974 

which showed that NDVI model was capable to explain 

59.74% of field data while the remaining 40.26% of the 

data are not explained by this model. The NDVI model 

has performed well than others except VDVI. 

 

Correlation of AGB/AGC with ARVI 

 

Figure 7 illustrates the relationship between AGCS 

results and Vegetation Index (ARVI) values derived 

from Sentinel-2 images. According to the scatterplot, the 

ARVI model was able to describe 58.01% of the field 

data, while it was unable to explain the remaining 

40.26%. The coefficient of correlation was 0.5801. When 

compared to the two models mentioned above, the ARVI 

model has not done well. 

 

Correlation of AGB/AGC with NDII 

 

The correlation between AGCS values from field data 

and NDII values derived from Sentinel 2 image has been 

shown in Fig 8. As represented in the scatterplot, the 

coefficient of correlation was 0.534 which showed that 

the relationship between NDII and AGCS is not too 

much strong as compared to the rest of the indices 

(VDVI, NDVI, and ARVI), but it performs well as 

compared to GNDVI. The regression NDII model can 

explain only 53.4% of the variation in AGCS data while 

56.6 % of the data is not explained by this model. 

 

Correlation of AGB/AGC with GNDVI 

 

GNDVI derived from Sentinel-2 was computed for 

correlation with above-ground carbon stock. As a result 

Figure 14 shows the scatter plot of carbon stock versus 

GNDVI weak when it compared with the above 

remaining vegetation indices.  

 

Modeling the relationship between AGC and VIs 

 

Linear regression models were developed based on the 

integration of AGCS data and vegetation indices derived 

from Sentinel-2. The result provides a comparison of the 

best regression models identified according to a multiple 

vegetation index.  

 

The R-value of vegetation indices ranges from 0.76 to 

0.81, and R2 varied between 0.51 and 0.65. All 

vegetation indices showed a significant and positive 

correlation with AGCS. VDVI was the best vegetation 

index that corresponded to AGCS (r = 0.81 and R2= 

0.65) followed by NDVI, ARVI, NDII, and GNDVI. 
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Correlation of field AGB and predicted AGB 

 

To determine how well the model predicted AGB for 

other pixels, the predicted above-ground biomass that 

was taken from pixels at the sample site was compared to 

the observed above-ground biomass. The correlation 

coefficient (r=0.77) and coefficient of determination 

(R2=0.6) in the figure indicate a high link between the 

observed and anticipated AGB. Consequently, the final 

map of AGB for the research area was mapped using the 

model produced by linear regression. 

 

Above-Ground Carbon Stock distribution map 

 

According to (12), forest has large potential for 

temporary and long term storage of carbon. As the study 

showed that, different tree species had different carbon 

stock potential. A large amount of carbon stock has been 

observed in a species which has counted long lived in the 

study site and also species which are densely populated 

in the study area. As a result this study indicates 

unbalanced tendency of carbon stock input in the above 

ground of the site. Among 6 major tree species in the 

study site high biomass rate has been recorded by species 

such as Cupressus lusitanica, Eucalyptus globuse, 

Acacia dicurusne, Pinus patula, Acacia melanoxylon and 

Grevillea roubsta.  

 

Species-specific allometric models were applied to field 

allometric measurements to produce AGC ground truth 

estimates for each of the 17 plots and scaling up with 

sentential data. Based on the model AGB was predicted 

for the whole study sites. Finally the AGB values were 

converted in to AGC results. As the figure depict that the 

result of AGC Yeraba state forest lies between 5 

ton/pixel to 39.72 ton/pixel. Based on the result which 

illustrated in the below figure about 15.32%, 22.76%, 

39.12%,21.7% and 1.1% of the study forest has an AGC 

from 5.005-18.349 ton, 18.349-22.842 ton, 22.842 -

26.654 ton, 26.654 -31.566 ton and 31.566-39.725 per 

pixel respectively. The mean value and standard 

deviation of carbon being stored was 23.4 and 4.396 ton. 

The total carbon stored by the study forest was about 

183745.52 ton. As the figure showed that above ground 

carbon stock varied in magnitude, the highest 

concentration of AGC was concentrated southern part of 

the forest, as the area was covered with tall and long 

Eucalyptus trees on the other hand central part of the 

study forest was accounted less concentration of AGC 

due to the area was covered by sparse vegetation and 

most part of the area was occupied by grass. 

 

Woody Species Composition 

 

Acacia decurrens, Eucalyptus globulus, Acacia 

melanoxylon, Grevillea roubsta, and Pinus patula are 

among the key dominant species that define Yeraba State 

Forest. The species composition, DBH, height, density, 

and frequency of the forest vary. Furthermore, the region 

was identified by its negligible altitudinal range (2395–
2493 m) and slope inclination, which ranged from 0 to 

31%. According to (46), the woody species composition 

of the specified vegetation can be characterized by 

species richness, abundance, dominance, and frequency. 

The area was characterized by a few but high frequency 

distribution of six wood species since the study forest is 

a state forest that was planted by humans. The majority 

of the study forest was covered by Cupressus lusitanica 

(52.63%), followed by Grevillea roubsta (4.45%), 

Eucalyptus globuse (16.89%), Acacia dicurusne 

(10.39%), Pinus patula (8.22%), and Acacia 

melanoxylon (7.42%). Frequency is a measure of 

vegetative variety and homogeneity, according to (41). 

Constant or comparable composition is revealed by high 

values in higher frequency classes and low values in 

lower frequency classes. Conversely, a high degree of 

floristic heterogeneity is indicated by a low percentage of 

species in the higher frequency classes and a large 

percentage of species in the lower frequency classes. 

While species appearing in higher classes have regular 

horizontal classes, those appearing in lower frequency 

classes have erratic occurrences (41). The current study 

found that a low percentage of species are found in lower 

frequency classes and a high percentage of species are 

found in higher frequency classes. This indicates that the 

forest under the study has high degree of floristic 

homogeneity and low heterogeneity. 

 

DBH and Height Arrangement of Trees and their 

Contribution in the Studied Forest 

 

Cupressus lusitanica (14.32 cm), Acacia melanoxylon 

(22.56 cm), Acacia dicurusne (9.12 cm), Pinus patula 

(8.89 cm), Grevillea roubsta (8.79 cm), and Eucalyptus 

globuse (28.22 cm) were the tree species with the 

greatest average DBH in the study forest. Due to the fact 

that they were all recently planted, Pinus patula and 

Grevillea roubsta had minimum average DBH. The 

remainder were planted where the study forest first 

appeared.  
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Table.1 Tools and software’s with their function 

 
Tools and software’s with their function 

Tools Function 

Garmin 72 GPS Navigation and to indicate plot central coordinate  

Clinometer Tree height measurement 

Diameter tape To outline the plot 

Caliper DBH measurement 

Software’s Function 

SNAP Preprocessing sentinel data 

ARCGIS Regression and correlation analysis, mapping the result 

Excel  Field data organization 

 

Table.2 Specific wood density 

 

Species name Specific wood density (P) References 

Cupressus lusitanica  0.414 [34] 

Acacia dicurusne 0.557 [34] 

eucallyptus globuse 0.7093 [34] 

Acacia melanoxylon 0.538 [34] 

Grevillea roubsta 0.536 [34] 

pinus patula 0.45 [34] 

 

Table.3 General Information of sentinel 2A MSI level 1c spectral Vegetation indices (VI) 

 

No Vegetation indices Formula  Reference 

1 NDII/Normalized difference VI) (B8-B12)/(B8+B12) [41] 

2 ARVI /Atmospheric resistant VI) (B8-(B4-B2))/(B8+(B4) Kaufman, 1992 

3 GNDVI /Green normalized difference VI) (B8-B3)/(B8+B3) [42] 

4 VDVI (Visible band difference VI) (2*green-red-blue)/(2*green + red 

+ blue) 

[43] 

5 NDVI (Normalized difference VI)  (B8-B4)/(B8+B4)  [44] 

 

Table.4 Statistical result of the relationship between AGC and VIs 

 

No VIs R R2 significance 

1 ARVI 0.76 0.58 0.00 

2 GNDVI 0.71 0.51 0.00 

3 VDVI 0.81 0.65 0.00 

4 NDII 0.73 0.53 0.00 

5 NDVI 0.77 0.60 0.00 

 

Summary Output   

Regression Statistics   

Multiple R 0.81 

R Square 0.65 

Adjusted R Square 0.63 

Standard Error 12.68 

Observations 17 

  Coefficients Standard Error t Stat P-value Lower 95% Upper 95% Lower 95.0% Upper 95.0% 

Intercept 3.26 4.16 0.78 0.45 -5.62 12.13 -5.62 12.13 

VDVI 57.24 89.08 5.27 0.00 279.43 659.18 279.43 659.18 
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Figure.1 Map of the study area 

 

 
 

 

Figure.2 Sample plot distribution 
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Figure.3 DBH and Tree height class distribution 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure.4 VIs map of the study area 
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Figure.5 AGB and VDVI relationship 

 

 
 

Figure.6 Correlation of AGB/AGC with NDVI 

 

 
 

Figure.7 Correlation of AGB/AGC with ARVI 
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Figure.8 Correlation of AGB/AGC with NDII 

 

 
 

Figure.9 Correlation of AGB/AGC with GNDVI 

 

 
 

Figure.10 Correlation of field AGB and predicted AGB 
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Figure.11 

 

 
 

Tree species with highest average height in the study 

forest were Acacia melanoxylon (16.41m) followed by 

Eucalyptus globuse (15.74 m), Pinus patula (14.67 m), 

Cupressus lusitanica (10.74 m), Acacia dicurusne (7.72 

m) and Grevillea roubsta (5.75 m). 

  

Correlation of AGC with derived sentinel vegetation 

indices 

 

Compared to other open source sensor data products, the 

Sentinel-2A product performs effectively for biomass 

estimation due to its relatively extensive spatial coverage 

and high resolution (47), (48). The vegetation indices 

obtained from remote sensing data are associated with 

the aboveground live biomass and growing stock (49) 

and are thought to be the most sensitive to the 

photosynthetic components of the plant (50), (51).  

 

Because the red band absorbs electromagnetic radiation 

and stays constant as the canopy cover increases, 

saturation is caused by the calculation of indices using 

the NIR and Red spectral bands. As a result, at 100% 

canopy cover, red energy absorption reaches its peak 

(52), (53). Also, the soil reflectance and topography have 

impact on biomass estimation using spectral indices. 

Therefore, assessment of varieties of spectral indices is 

very useful (52). 

 

Five spectral indices were used in this study to test the 

spearman rho correlation, and the results indicated a 

strong coefficient of correlation between the spectral 

indices and the characteristics of the field measurements 

that were acquired. The correlation between field AGB 

and GNDVI yielded the lowest correlation coefficient 

value, 0.71. Between VDVI and field AGB data, the 

strongest and most consistent correlation coefficient was 

found to be 0.81. This is in contrast to the data collected 

by (54), who carried out extensive research on forest 

biomass in various European forest types, as well as by 

(55), who investigated the relationship between 

vegetation indices and above-ground biomass.  

 

The five indices' regression findings were compared to 

see how well they predicted aboveground biomass. The 

findings showed that the VDVI (R2=0.65) had the 

highest coefficients of determination, followed by the 

NDVI (R2=0.59), ARVI (R2=0.58), NDII (R2=0.53), 

and GNDVI (R2=0.50). Among the five indices, the 

VDVI with a coefficient of determination of 0.65 was 

chosen since it is more significant than the others for 

analyzing AGB. 
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Woody Species distribution 

 

Acacia decurrens, Eucalyptus globulus, Acacia 

melanoxylon, Grevillea roubsta, and Pinus patula are 

among the key dominant species that define Yeraba State 

Forest.  

 

The species composition, DBH, height, density, and 

frequency of the forest vary. Furthermore, the region was 

identified by its negligible altitudinal range (2395–2493 

m) and slope inclination, which ranged from 0 to 31%. 

According to (46), the woody species composition of the 

specified vegetation can be characterized by species 

richness, abundance, dominance, and frequency. The 

area was characterized by a few but high frequency 

distribution of six wood species since the study forest is 

a state forest that was planted by humans. The majority 

of the study forest was covered by Cupressus lusitanica 

(52.63%), followed by Grevillea roubsta (4.45%), 

Eucalyptus globuse (16.89%), Acacia dicurusne 

(10.39%), Pinus patula (8.22%), and Acacia 

melanoxylon (7.42%). Frequency is a measure of 

vegetative variety and homogeneity, according to (41). 

Low values in lower frequency classes and high values in 

higher frequency classes indicate a composition that is 

constant or comparable. A high degree of floristic 

heterogeneity, on the other hand, is indicated by a low 

percentage of species in the higher frequency classes and 

a large percentage of species in the lower frequency 

classes. According to (41), species that occur in higher 

frequency classes have regular horizontal classes, while 

those that present in lower frequency classes have 

irregular occurrence. According to the current study, a 

large percentage of species are found in higher frequency 

classes, whereas a smaller percentage of species are 

found in lower frequency classes. This suggests that the 

forest being studied has minimal floristic heterogeneity 

and a high degree of floristic uniformity. 

 

DBH and Height Arrangement of Trees and their 

Contribution in the Studied Forest 

 

Cupressus lusitanica (14.32 cm), Acacia melanoxylon 

(22.56 cm), Acacia dicurusne (9.12 cm), Pinus patula 

(8.89 cm), Grevillea roubsta (8.79 cm), and Eucalyptus 

globuse (28.22 cm) were the tree species with the 

greatest average DBH in the study forest. Due to the fact 

that they were all recently planted, Pinus patula and 

Grevillea roubsta had minimum average DBH. The 

remainder were planted where the study forest first 

appeared.  

 

Acacia melanoxylon (16.41 m) was the tree species with 

the highest average height in the study forest. Eucalyptus 

globuse (15.74 m), Pinus patula (14.67 m), Cupressus 

lusitanica (10.74 m), Acacia dicurusne (7.72 m), and 

Grevillea roubsta (5.75 m) were next in line. 

 

Correlation of AGC with derived sentinel vegetation 

indices 

 

Compared to other open source sensor data products, the 

Sentinel-2A product performs effectively for biomass 

estimation due to its relatively extensive spatial coverage 

and high resolution (47), (48). The vegetation indices 

obtained from remote sensing data are associated with 

the aboveground live biomass and growing stock (49) 

and are thought to be the most sensitive to the 

photosynthetic components of the plant (50), (51) 

Because the red band absorbs electromagnetic radiation 

and stays constant as the canopy cover increases, 

saturation is caused by the calculation of indices using 

the NIR and Red spectral bands. As a result, at 100% 

canopy cover, red energy absorption reaches its peak 

(52), (53). Additionally, biomass estimation using 

spectral indices is impacted by topography and soil 

reflectance. As a result, evaluating different spectral 

index types is quite beneficial (52). 

 

Five spectral indices were used in this study to test the 

spearman rho correlation, and the results indicated a 

strong coefficient of correlation between the spectral 

indices and the characteristics of the field measurements 

that were acquired. The correlation between field AGB 

and GNDVI yielded the lowest correlation coefficient 

value, 0.71. Between VDVI and field AGB data, the 

strongest and most consistent correlation coefficient was 

found to be 0.81. This is in contrast to the data collected 

by (54), who carried out extensive research on forest 

biomass in various European forest types, as well as by 

(55), who investigated the relationship between 

vegetation indices and above-ground biomass.  

 

Regression results of the five indices were compared to 

see their performance in predicting above ground 

biomass. The results revealed that the coefficients of 

determination of VDVI (R2= 0.65) followed by NDVI 

(R2=0.59), ARVI (R2=0.58), NDII (R2=0.53), GNDVI 

(R2=0.50). VDVI with coefficient of determination of 

0.65 was selected from the five indices as its coefficient 

of determination is significant than others to analyses 

AGB. 
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