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Kebri Dehar University Ethiopia, Department of Geography and Environmental Studies; 

tilahunabie5@gmail.com 

Abstract: By sinking and storing carbon from the atmosphere via photosynthesis, forests play a significant role 

in combating climate change. Global warming is currently the most pressing global issue. Forests play an 

important role in the global carbon cycle, covering 30% of the world's terrestrial land area and conserving 81% 

of the earth's terrestrial carbon biomass. The aim of the study was to quantify and map the Carbon Sink and 

Stock Values of the Yeraba state forest ecosystem. Primary and secondary data sources were used in this study. 

Primary data such as plot length and width, DBH (diameter at breast height), soil data, and ground control 

point (GCP) were obtained in the field using a Garmin 72 GPS, a clinometer, and a diameter tape. Diameter 

tape, caliper and Soil ogre materials. Beside from this sentimental 2 satellite image, there was also another 

important primary data. In addition to the primary data source, secondary data sources were used. It includes 

published books, journals and studies, reports, website sources, and other materials that are publicly available. 

The systematic sampling technique for identifying each intersection point in the area at regular intervals was 

the most appropriate sampling design for this study. The study used data from four forest carbon pools, 

including AGB, BGB, soil, and litter, to calculate the carbon sink and stock values of the Yeraba state forest 

ecosystem. A total of 17 quadrats, each measuring 20m x 20m and spaced 428 m apart, were used to collect 

vegetation data. For litter and soil sample collection, five 1 m x 1 m sub-quadrats were established at each 

quadrat's four corners and center. This data was correlated with five Sentinel 2A level 1c imagery data derived 

vegetation indices of 2023 to obtain a model and estimate of AGB and AGC at the study site. The total mean 

carbon stock density of Yeraba state Forest was 404.895 t/ha, with 223.656t/ha, 58.15t/ha, 3.41t/ha, and 119.679 

t/ha in the above ground carbon, below ground carbon, litter carbon, and soil carbon pools, respectively. The 

three environmental factors that influence the distribution of different carbon pools in the forest are altitudinal 

gradient, slope, and aspect. Standing from the result and inputs the researcher recommended that, Future 

research may find that using LiDAR and Radar imageries, which can address the saturation and canopy 

penetration issues, will increase the accuracy of carbon stock estimation. 

Keywords: carbon sink; Yeraba state forest; environmental factors; vegetation indices 

 

1. Introduction 

1.1. Background of the Study 

Forests cover 4.03 billion hectares, or 31% of all land on the planet, and produce 75% of all 

terrestrial gross primary production (Pan et al., 2013). They can store over 80% of all terrestrial 

aboveground carbon and 70% of all soil organic carbon. The biomass alone in the world's forests 

stores 289 gigatonnes (Gt) of carbon (Jandl et al., 2007). African forests account for 21% of the world's 

forest biomass carbon pool and can store up to 630 kg of carbon per hectare annually, acting as a 

critical shock absorber for global climate change (Nijnik & Bizikova, 2008). Ethiopia's forest resources 

store an estimated 2.76 billion tons of carbon, contributing significantly to the country's carbon 

footprint and playing a significant role in the global carbon (Kebede, 2021) 
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For many years, forests have offered valuable resources and services. They provide us with food, 

energy, building materials, paper, recreation, and a variety of other more intangible benefits 

including carbon sequestration, nutrient cycling, and water regulation (Brockerhoff et al., 2017; Taye 

et al., 2021). About 50% of the potential global mitigation of greenhouse gases comes from the forest 

industry(Graves et al., 2020; Kindler, 2016; Metz et al., 2007), because about 50% of the biomass is 

carbon (plant store carbon in the woody plant). Because there are so many different goods and 

services that a forest can provide there are also opposing views on how the forest should be used. 

Most of the harvested round wood is used in the manufacturing of wood products and for pulp and 

paper, but there is an increasing interest to use the woody resources as an energy source and 

substitute for fossil fuels(Kindler, 2016). At the same time, there are others interests that wish to see 

the forests preserved and turned into nature reserves. All of these interests are in conflict with each 

other to varying extent and it is impossible to satisfy all actors with an interest in the forest 

sector(Grundel et al., 2022). However, finding a balance between the areas of utilization is important, 

not only for policy-makers but also for an efficient and effective forest management(Giardino & Lyn, 

2021). 

Carbon, which is essential to life on Earth, is found in all living things. Carbon can be found in 

a variety of forms, the most common of which are plant biomass, soil organic matter, and gases such 

as carbon dioxide (CO2) that are dissolved in saltwater and the atmosphere. Global warming, the 

world's most feared issue, is caused in part by carbon emissions from a variety of sources. Human 

activities such as burning fossil fuels, clearing forests, and urbanization have increased CO2 and other 

greenhouse gas concentrations in the atmosphere since the turn of the century. (USGS, 2002). 

The future of carbon emissions may be the greatest source of uncertainty in 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 (Cui et al., 2021; Srikrishnan et al., 2022). There is a lot of uncertainty surrounding 

estimates of the carbon sink(Houghton, 2005; Proistosescu & Wagner, 2020), and what proportion 

comes from secondary forest regrowth is largely unknown, except in a few carefully studied areas. 

Develop approaches for estimating biomass changes in land cover using remotely sensed data is one 

useful way to proceed (Caviglia-Harris et al., 2015; Smith et al., 2021). 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 

(Houghton, 2005). 

Given the importance of forests in the global carbon cycle, particularly in terms of reducing 

carbon dioxide emissions, the ability to precisely and reliably estimate the carbon stored and 

sequestered in forests is attracting global interest (Anderson-Teixeira et al., 2021; Forests, 2020; Pugh 

et al., 2019). Estimates of carbon stocks and greenhouse gas emissions from deforestation require data 

on both the area of forest loss and the carbon stock of the cleared land (Hamilton & Friess, 2018). 

However, accurate estimation of forest biomass and carbon stocks is considered difficult. 

Remote sensing-based data has become an essential tool for worldwide monitoring of natural 

and anthropogenic patterns, processes, and trends because it allows for continuous and reproducible 

observations over large areas (Loew et al., 2017). It is increasingly being used to track ecological 

variables such as vegetation above ground biomass, natural region fragmentation, and above-ground 

carbon storage (Ayanu et al., 2012). The traditional method of estimating forest above-ground carbon 

is very accurate, but it is also time-consuming, expensive, and labor-intensive. It is critical to use 

satellite imagery to address this issue because it is free, easy to use, and produces results comparable 

to more traditional or conventional methods (Gibbs et al., 2007; Tomppo et al., 2010). Forest above-

ground biomass and carbon stock are monitored using both passive optical and active microwave 

remote sensing (Andrew, 2019). The fusion of remote sensing and sample plot data has gained 

traction for producing spatially explicit estimates of forest AGC (McRoberts et al., 2013). 
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1.2. Statement of the Problems 

The emission of carbon from many sources contributes to global warming, which is the most 

feared issue in the planet. Combined with human-made deforestation, which results in the loss of 

forest cover over an area, reduced soil fertility, increased global temperatures, irregular rainfall, 

rising sea levels, landslides, and more frequent environmental disasters than ever before, forests are 

a potential sink for CO2(Bodo et al., 2021).Even if global greenhouse gas emissions (GHG) were 

eliminated today, IPCC predicts with high certainty that global temperatures would continue to 

warm the atmosphere for the next 100 years. 

Globally, Forests are the largest store of terrestrial carbon, with more carbon contained in 

biomass (living trees and other plants), dead organic matter (deadwood, leaves), and soil than is 

contained in the atmosphere(Bodo et al., 2021; Figueres et al., 2017; Sha et al., 2022). Other ecosystems, 

such as grasslands and wetlands, are also significant carbon sinks. In most ecosystems, the majority 

of the carbon is stored belowground as roots and decaying biomass or as organic carbon in the 

soil(Mitsch et al., 2013; Zhao et al., 2020). The factors that determine whether a Forest is maintained 

as a carbon sink or as a source include vegetation changes, nutrient cycling, soil composition, rainfall 

patterns, wildfires, evaporation rates, and the interactions between them (Vasiljevic & Gavrilovic, 

2019) 

Currently, the importance of forest ecosystems are consideration in the context of climate change 

mitigation because they can act as the sinks of CO2 (Gómez-Guerrero & Doane, 2018; Stubenrauch et 

al., 2022). Carbon stock evaluation in forest helps for managing the forests sustainably from the 

economic and environmental points of view for the welfare of human society beside their aesthetic, 

spiritual, and recreational value(Machado et al., 2015). If forests are to be used in carbon sequestration 

schemes such as the CDM/REDD, it is a better option in developing countries for the dual objective 

of reducing greenhouse gas emissions and contributing to sustainable forest development and 

management (Ontl et al., 2020). 

At the beginning of the twentieth century around 420,000 square kilometers (35% of Ethiopia‘s 

land) was covered by trees but recent research indicates that forest cover is now less than 14.2% due 

to population growth(Berhanu et al., 2017). Despite the growing need for forested lands, lack of 

education among locals has led to a continuing decline of forested areas (Marigi, 2017). The rough 

estimation of Ethiopia's forests contains 272 million metric tons of carbon in living forest 

biomass(Yitebitu, 2010), which is almost 83% global annual C emission (333) mega tone C per year. 

However, Ethiopia is lacking periodic inventory data of forests and carbon stocks, and this makes the 

country fail to develop sustainable forest management planning that attracts climate finances through 

enhancing the environmental services of forests for the purpose of financing forest development 

through forest carbon finance.  

Some Studies were assess the biomass and soil carbon sequestration including Carbon stock of 

the various carbon pools in Gerba-Dima moist Afromontane forest, South-western Ethiopia (Abyot, 

2019), Woody Plants of Arba Minch Ground Water Forest and its Variations along Environmental 

Gradients (Belay Wolde et al.,2014),Estimating and Mapping of Carbon Stocks in the Menagesha Suba 

State Forest ( Mesfin,2011), estimation of carbon stock in church forests: implications for managing 

church forest (Tulu,2011). Those researches were limited on general wood density to calculate AGB 

and carbon stock of the forests. In addition to this, there is no study conducted in this study area 

regarding with carbon sink and stock values of forest ecosystems. Therefore this study was provided 

species specific allometric equations and filled regarding with this gab. 

1.3. Objective of the Study 

1.3.1. General Objective 

The overall objective of this study was quantifying carbon sequestration potential of Yeraba state 

forest Using GIS and Remote Sensing 
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1.3.2. Specific Objectives 

✓ To estimate carbon stock in above, below, litter and soil pools 

✓ To examine the correlation of AGB/AGC with sentinel 2A derived vegetation indices 

✓ To illustrate the distribution of carbon stock with surface data 

2. Materials and Methods 

2.1. Location 

The study was carried out at Yeraba state forest. The site is located 295 km North of Addis Ababa 

on the way to Bahir Dar and 5km south east of Debre Markos town, in East Gojjam Zone of Amhara 

National Regional State, Ethiopia. This forest is located at geographical reference of 10o 18’ 35’’N 

latitude and 37o 45’ 29’’ E longitudes. The forest covers a total area of 315 hectares. There are different 

land uses bordering the forest namely ‘Aygereb pasture land’ in the East, ‘Abedeg pasture land’ in 

the West, ‘Engich got’ farm land at the North and the main asphalt road and a small village 

‘Chemoga’ at 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% (Azene, 2007) 

 

Figure 1. Map of the study area. 

2.2. Research Methods 

The researcher used a quantitative research approach which is based on the measurement of 

quantity or amount. It applies to phenomena that can be expressed in terms of quantity. Therefore, 

the quantitative design was implemented to analyze and interpret the field measured data for 

estimating above ground carbon stock. Besides, data was obtained from Sentinel-2 imageries and 

analyzed quantitatively and presented by Tables and maps. 
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2.2.1. Sampling Design 

According to Kothari, (2004) a sample design is a definite plan to get a sample from the target 

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.  

2.2.2. Sampling Technique and Sample Size 

Sampling techniques are techniques used to select a sample from the target being framed. The 

sampling technique to be used depends on the objective of the study and the nature of the target 

population. Proper sampling techniques might eliminate bias in the selection process and reduce the 

costs or efforts in gathering data from the sample population (Kothari, 2004). Since entire forest or 

plantation or population cannot be measured or study therefore, researcher was followed systematic 

sampling technique as the population is more or less homogenous with respect to the characteristics 

under study area. The choice of sample plots size & shape must take into account the accuracy, 

precision, time and cost for measurement (Maleki & Kiviste, 2015). On top of that, the size of plot 

should be large enough to contain an adequate number of trees per plot to be measured (IPCC, 

2006).According to Assefa et al., (2013) there are two types of plots – circular and square or 

rectangular plots. However, as stated by (Assefa et al., 2013) the square plots can be the most cost-

efficient and they include more of within-plot heterogeneity, and thus be more representative than 

the circular plots of the same area (Hairiah et al., 2001) . 

Therefore, for this study 17 sampling plots of square shape which have dimensions of 20 m ×20 

m (400 m2)  was  formed (Pearson et al., 2005) within 428 meter distance and 0.25 intensity. In 

addition to the above plot there are also five 1 m × 1 m sub-sampling units (four at the corners and 

one center of main plot) was located for fallen litter and soil sampling. The sampling process was 

performed by using arc GIS software and create fishnet tool as indicated in the below figure 2 

 

Figure 2. Sample size distribution for the study. 

Living Trees above Ground Biomass (TAGB) sampling: - Trees with their plot location together 

were assessed in the forest. The Diameter of the individual trees was measured at an individual tree 

having DBH greater than 5cm using diameter tape. According to (De Cáceres et al., 2019), trees with 

multiple stems at 1.3 m height were selected as a single individual and DBH of the largest stems were 

taken. In all plots 909 total tree, 16363.03 total DBH (cm) and 11423.94 m total tree height samples 

were recorded. In order to identify measured tree, trees were checked off by white chalk. 

Below Ground Biomass (TBGB) sampling: - The BGB carbon pool consists of the biomass 

contained within the live roots, the carbon sequestration potential of the forest found under the roots 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 July 2024                   doi:10.20944/preprints202407.0571.v1

https://doi.org/10.20944/preprints202407.0571.v1


 6 

 

of the vegetation too. Below Ground Biomass Estimation: BGB was calculated by considering 26 % of 

the AGB (Dayathilake et al., 2020). The biomass of stock density was converted to carbon stock 

density by multiplying 0.47 fraction of IPCC (2006) default value. 

Litter sampling: - the fallen leaves; grasses and fine branches are considered as litter. Thus, 

1m*1m of plot size was estimated the biomass and carbon contents from the four corners and center 

of main plots. Moreover, the collected litters in the study area were weighted on the site using 

sensitive balance to estimate fresh weight. All samples were mixed and sub-sample taken. The sub-

samples of litters are dried and the dry weight extrapolated to sub-plots. 

Soil sampling: - carbon stock potential of the forest also exists under the soil. So, to estimate the 

carbon stock potential of the forest, soil samples taken from the forest. Thus, soil samples were taken 

from all parts of the study area. Before taking the soil samples from the sample areas in the forest, 

litter, grass and other materials on the soil surface were removed. The collection of the sample soils 

are categorized disturbed and undisturbed soil samples. The sampling of the soil was done 1m × 1m 

quadrate sub-plots at all corner and middle positions. In each sub-plot one soil sample was taken 

using auger at depth of 30cm, and then 85 soil samples from subplots and 17 Composite samples 

from each plot were collected. 

2.2.3. Data Sources and Methods of Data Collection 

For this study, both primary and secondary data was used to achieve the objectives of the study. 

However, it highly depends on the availability of input data and the quality of information. Primary 

data was obtained through field measurement on necessary parameters and Sentinel 2 that was used 

to estimate carbon stock of the study area. The secondary data sources such as published books, 

journals and researches, reports, website sources and other available materials used to collect 

reviewed information related to the objectives of the study. 

2.2.4. 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. 

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 

Soil ogre To take soil sample  

Hard plastic box  To hold the individual soil sample 

Software’s Function 

SNAP Preprocessing sentinel data 

ARCGIS Regression and correlation analysis, mapping the result 

Excel  Field data organization 

2.2.5. Method of Data Analysis 

The collected field data was organized and recorded on the excel data sheet. The quantitative 

structure analysis and the collected primary and secondary data was analyzed in line with the 

aforementioned objectives by using tools of GIS and RS. For Sentinel 2, some pre-processing activities 

such as layer stacking (combining the different single bands to get colorful image), haze correction 

(for minimizing slight obscuration of the atmosphere, typically caused by fine suspended particles) 

and topographic correction (minimizing the sun angle related problems created on the bands) was 

done. To quantify the carbon sequestration potential of the study area tree DBH, dead woods, litter, 
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tree root and soil data are the fundamental parameters. Thus, the way of the data analysis and 

interpretation have justified in detail as follows. 

2.2.5.1. Aboveground Biomass Carbon Stock Estimation 

Tree DBH(AGB): After the individual trees DBH in the sample plots were recorded properly, 

the above ground biomass of the individual tress in the sample plot by taking the consideration of 

the tropical forest was calculated using the following equation (Chave et al., 2014) 

𝐴𝐺𝐵 = 0.0559 𝑥 (𝑃 𝑥 𝐷2𝑥𝐻) … … … … . . . . . . . . . . . … … … … … … … … … … … … … … … . . (𝑒𝑞𝑢1) 

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. 

Table 2. specific wood density. 

Species name Specific wood density (P) References 

Cupressus lusitanica  0.414 (ICRAF Database - Wood Density, n.d.) 

Acacia dicurusne 0.557 (ICRAF Database - Wood Density, n.d.) 

eucallyptus globuse 0.7093 (ICRAF Database - Wood Density, n.d.) 

Acacia melanoxylon 0.538 (ICRAF Database - Wood Density, n.d.) 

Grevillea roubsta 0.536 (ICRAF Database - Wood Density, n.d.) 

pinus patula 0.45 (ICRAF Database - Wood Density, n.d.) 

Accordingly, the carbon content of tree vegetation in the study area was estimated by following 

(IPCC, 2006) which recommended the use of 47% (conversion factor: 0.47) for estimations of carbon 

concentration for aboveground biomass of tropical and subtropical forests 

𝐶 =  0.47 ∗  𝐴𝐺𝐵. … … … … … … … … … … … … … … … … … … … … . . (𝑒𝑞𝑢2) 

2.2.5.2. Belowground Biomass Carbon Stock Estimation 

To estimate the carbon stock of belowground biomass, the methodology proposed by (IPCC, 

2006), that is the application of a root to shoot ratio method was used.  

The equations that was used to calculate the belowground biomass is given below: 

𝐵𝐺𝐵 =  𝐴𝐺𝐵 ∗  0.26 … … … … … … … … … … … … … … … . (𝑒𝑞𝑢3) 

where BGB is belowground biomass, AGB is aboveground biomass; 0.26 is the conversion factor (or 

26% of AGB). The biomass of stock density was converted to carbon stock density by multiplying 

default value of 0.47 carbon fraction (IPCC, 2006) 

2.2.5.3. Estimation of Carbon in the Litter Biomass 

According to Pearson et al. (2005), estimation of the amount of biomass in the leaf litter can be 

calculated by: 

LB =
𝑊𝑓𝑖𝑒𝑙𝑑

𝐴
∗

𝑊𝑠𝑢𝑏𝑠𝑎𝑚𝑝𝑙𝑒(𝑑𝑟𝑦)

𝑊𝑠𝑢𝑏𝑠𝑎𝑚𝑝𝑙𝑒(𝑓𝑟𝑒𝑠ℎ)
∗

1

10000
… … … … … … … … . (𝑒𝑞𝑢4) 

where: LB = Litter (biomass of litter t ha-1) 

W field = weight of wet field sample of litter sampled within an area of size 1 m2 (g);  

A = size of the area in which litter were collected (ha);  

W sub-sample, dry = weight of the oven-dry sub-sample of litter taken to the laboratory to 

determine moisture content (g), and 
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W sub-sample, fresh = weight of the fresh sub-sample of litter take to the laboratory to determine 

moisture content (g). 

The percentage of organic carbon storage from the dry ash in the litter carbon pool was 

calculated as follows (Allan et al., 1986) 

%𝐴𝑠ℎ =  𝑤𝑐 − 𝑤𝑎/ 𝑤𝑏 − 𝑤𝑎 100 … … … … … … … … … … … … … … … … . (𝑒𝑞𝑢5) 

%𝐶 =  (100 −  𝐴𝑠ℎ %) 0.58 … … … … … … … … … … … … … … … … … … (𝑒𝑞𝑢6) 

This is by considering 58% carbons in ash-free soil material. 

Where, C = organic carbon (%), Wa = the weight of the crucible (g), Wb = the weight of oven 

dried grind samples and crucibles (g), Wc = the weight of ash and crucibles (g). 

Finally, carbon in litter t/ha for each sample was determined.  

 Carbon stocks in dead litter biomass 

𝐶𝐿 =  𝐿𝐵 ×  % 𝐶 … … … … … … … … … … … … . . (𝑒𝑞𝑢7) 

where CL is total carbon stocks in the dead litter in t ha-1, % C is carbon fraction determined in the 

laboratory (Pearson et al., 2005). 

2.2.5.4. Estimation of Soil Organic Carbon 

The carbon stock density of soil organic carbon was calculated as recommended by Pearson et 

al. (2005) from the volume and bulk density of the soil. 

𝑉 =  ℎ ∗ 𝜋𝑟2 … … … … … … … … … … … … … … … … (𝑒𝑞𝑢8) 

where V is volume of the soil in the soil augure in cm3, h is the height of core sampler augur in cm, 

and r is the radius of augur in cm (Pearson et al., 2005). More over the bulk density of a soil sample 

can be calculated as follows:  

 

𝐵𝐷 =
𝑊𝑎𝑣,𝑑𝑟𝑦

𝑉
… … … … … … … … … … … … … … … … … … … … … . . (𝑒𝑞𝑢9)  

where BD is bulk density of the soil sample per, Wav, dry is average air-dry weight of soil sample 

per the quadrant, V is volume of the soil sample in the core sampler auger in cm3 (Pearson et al., 

2005).  

𝑆𝑂𝐶 =  𝐵𝐷 ∗  𝑑 ∗  % 𝐶 … … … … … … … … … … … … … … . . (𝑒𝑞𝑢10) 

where, SOC= soil organic carbon stock per unit area (t ha-1),  

BD = soil bulk density (g cm-3),  

D = the total depth at which the sample was taken (30 cm), and 

%C = Carbon concentration (%)  

2.2.5.5. Total Carbon Stock Density (TCSD)  

The total carbon stock density of each site was calculated by adding the carbon stock densities 

of the individual carbon pools using the formula (Pearson et al., 2005). In addition, it is recommended 

that any individual carbon pool of the given formula can be ignored if it does not contribute 

significantly to the total carbon stock (Subedi et al., 2010) 

Carbon stock density of a study area:  

𝐶 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 =  𝐶𝐴𝐺𝐵 +  𝐶𝐵𝐺𝐵 +  𝐶 𝐿𝑖𝑡 + 𝑆𝑂𝐶 … … … … … … … … … . . (𝑒𝑞𝑢11)  
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where: C density = Carbon stock density for all pools [ton ha-1]  

C AGTB = Carbon in above -ground tree biomass [t C ha-1]  

CBGB =Carbon in below-ground biomass [t C ha-1]  

C Lit = Carbon in dead litter [t C ha-1]  

SOC =Soil organic carbon  

The total carbon stocks was then converted to tons of CO2 equivalent by multiplying it by 44/12, 

or 3.67 (Pearson et al., 2005). 

2.2.5.6. Scaling up AGB via Remote Sensing 

Remote sensing facilitates the scaling-up of the plot-level AGB measurements by fine-resolution 

mapping to a broad spatial extent. Satellite data was used to estimate the Yeraba state forest carbon 

stock potential. Remote sensing based information has become an essential tool for global monitoring 

of natural and anthropogenic patterns, processes, and trends in continuous and repeatable 

observations over large areas (Chaminé et al., 2021; Pandey & Sharma, 2021; Reddy, 2021). There are 

so many satellites that can predict biomass but, the cost and access of the imagery restricted the usage 

and selection of imageries(B. Das et al., 2021; Sousa et al., 2015). 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 (Chen et al., 2018) 

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  

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) (Hunt & Rock, 1989) 

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

    

3 GNDVI /Green normalized difference VI) (B8-B3)/(B8+B3) (Gitelson et al., 1996) 

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

red + blue) 
Wang et al., 2015 

5 NDVI (Normalized difference VI)   (B8-B4)/(B8+B4)   Rouse  et al., 1974 

2.2.5.7. Correlation and regression Statistical data analysis 

Field above ground biomass and carbon stck 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 as shown in figure below. 
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2.2.5.8. Producing Carbon Sink and Stock Potential Map of the Forest 

After the above and Below Ground SOC content of the individual plots in Yeraba state forest 

determined; the total carbon sink potential of the individual plots were also added to quantify the 

above and below carbon content. In addition, in order to produce the total carbon sink potential map 

of the forest, GCPs of the individual sample plots collected using GPS. Thus, the quantified total 

carbon sequestration potential and the GCPs of the individual ample plots were tabulated together 

and added into Arc map compatible data. After that the corresponding GCPs and quantified carbon 

sequestration potential of the whole sample plots were overlaid on the Arc map Graphic Interface by 

points. Finally the Inversed Distance weight (IDW) method of interpolation was used for estimation 

of spatial distribution of biomass by Arc map 10.8.The reason that choosing IDW interpolation is that 

the method provides accurate biomass estimation than kriging for estimating spatial distribution of 

biomass (Maleika, 2020) 

 

Figure 3. General workflow. 

3. Result and Discussion 

3.1. Results 

3.1.1. Field above Ground Biomass of the Study Area 

Following the collection of field data, the study area's above-ground biomass and carbon stock 

were calculated using an allometric equation created by earlier researchers(Chave et al., 2014). The 

allometric formula that calculates the AGB based on the tree's needed height, its diameter at breast 

height (DBH), and the species' individual wood densities. The field data was translated into above-

ground biomass (t/ha) and above-ground carbon (t/ha) for each plot using the values as true biomass 
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and carbon values for each plot. Based on biomass, the carbon content of each sample plot was 

estimated by adding the biomass produced by each species that was present there. 

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. 

  

 

Figure 4. DBH and Tree height class distribution. 

3.1.2. Comparison of Vegetation Indices for AGB/AGC Estimation 

The researcher created equations for the calculation of above-ground carbon stock using data 

from the relationship analysis of the field survey data and Sentinel-2 data.  The above-ground carbon 

stock (AGCS) value and the Vegetation Index value obtained from Sentinel-2 were compared in this 

study using Pearson's correlation.  It assesses how strongly two variables are linearly related. A close 

correlation between them can be inferred if the coefficient was near to 1. 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 (Haslwanter, 2022). 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 
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Figure 5. VIs map of the study area. 

3.1.2.1. Correlation of AGB/AGC with VDVI 

The correlation between AGCS values and VDVI as illustrated in Figure 10, the coefficient of 

correlation was approximately 0.65 which showed that VDVI has performed high as compared to 

other indices (NDII, NDVI, GNDVI, and ARVI).  Therefore VDVI was the best vegetation index that 

corresponded to AGCS the regression model of VDVI can explain 65% of field data while 35% of the 

data variations remain unexplained. In general, the result indicates that there is a strong positive 

correlation linear relationship between VDVI and above ground carbon stock. This shows that the 

VDVI average is a good indicator of the above-ground carbon stock estimation than the remaining 

one. 
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Figure 6. AGB and VDVI relationship. 

3.1.2.2. 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 Figure 11. 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. 

 

Figure 7. Correlation of AGB/AGC with NDVI. 

3.1.2.3. Correlation of AGB/AGC with ARVI 

The correlation between AGCS values and Vegetation Index (ARVI) values computed from 

Sentinel-2 image has been shown in Figure 12. As represented in the scatterplot; the coefficient of 

correlation was 0.5801 which showed that ARVI model was capable to explain 58.01% of field data 

while the remaining 40.26% of the data are not explained by this model. The ARVI model has not 

performed well when it compared with the two above models. 
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Figure 8. Correlation of AGB/AGC with ARVI. 

3.1.2.4. 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 Figure 13. 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. 

 

Figure 9. Correlation of AGB/AGC with NDII. 

3.1.2.5. 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.  
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Figure 10. Correlation of AGB/AGC with GNDVI. 

3.1.3. 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. 

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 

𝐿𝑜𝑔(𝐴𝐺𝐵) = (𝑉𝐷𝑉𝐼 ∗ 57.24) + 3.26 … … … … … … … … … … … … . . (𝑒𝑞𝑢 12) 
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𝐿𝑜𝑔(𝐴𝐺𝐶) = (𝑉𝐷𝑉𝐼 ∗ 57.24) + 3.26 + 0.47 … … … … … … … … . . (𝑒𝑞𝑢 13) 

3.1.4. Correlation of field AGB and Predicted AGB 

Predicted above ground biomass extracted from pixels at the samples location was correlated 

with the observed above ground biomass to decide the effectiveness of the model to predict AGB for 

other pixels. According to figure, the coefficient of determination (R2=0.6) and correlation coefficient 

(r= 0.77) shows strong relationship between the observed and predicted AGB. As a result the model 

generated through linear regression was used to map the final map of AGB for the study area. 

 

Figure 11. Correlation of field AGB and predicted AGB. 

3.1.5. Above-Ground Carbon Stock distribution map 

According to Houghton (2005), 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. 
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Figure 12. Above-Ground Carbon Stock distribution map. 

3.1.6. Below Ground Carbon Potential 

Below ground carbon is another forest carbon pool which derivate from the AGC. As a result 

the pattern of distribution is similar with AGC except its value dedication. Similarly, BGC also varied 

in terms of magnitude. The highest concentration of BGB was concentrated around northern and 

southern central part of the study forest on the other hand central part of the study area was less 

concentration of BGC. As the figure illustrated that, the result of BGC vary from 1.031 ton/pixel to 

10.326 ton/pixel. The mean value, standard deviation and total carbon being stored was 6.121, 1.142 

and 47637.336 ton. Based on the result which present in the below figure, about 15.6%, 22.96%, 

39.14%,21.2% and 1.1% of the study forest has an AGC from 1.301-4.806 ton, 4.806 -5.974 ton, 5.974 -

6.965 ton, 6.965 -8.24 ton and 8.24 -10.328 per pixel respectively. 
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Figure 13. Below Ground Carbon Potential. 

3.1.7. Litter Carbon Stock Potential 

The forest carbon is found in all living/ dead erected trees, roots, herbaceous trees and litters. All 

the fallen leaves, grasses and fine branches found in the study were considered as litter. The collected 

samples of 1m*1m size in five points of a plot and mixed to one sample resulting 17 litter samples 

were gathered and tested in laboratories. The highest and lowest carbon stock was observed in plot 

7 and plot 14 with carbon stock of 4.58 ton and 2.7 ton respectively. 

 

Figure 14. Litter Carbon Stock Potential. 

3.1.7. Estimation of Carbon Stocks in (SOC) 

3.1.7.1. Bulk Density 

The bulk density was computed on the soil profile. The bulk density of the study soil was 0.377 

gcm-3 minimum value and 0.44g cm-3 maximum value with a mean value of 0.408 g cm-3. Generally 

there is no siginicant difference between maximum and minimum bulk density. 

3.1.7.2. Soil Organic Carbon 

The laboratory results for the organic carbon of the sample soils are shown in (Appendix ). The 

result showed that, the highest percentage of organic carbon was 12.63% which observed at plot 2: 

whereas, 8.25% is the lowest  value which indicated at plot 3 and the mean percentage value of 

organic carbon in this pool is 9.77.  

3.1.7.3. Soil Carbon Stock 

In the study area the minimum and maximum carbon stock in the soil was 95.153ton/plot which 

locate at plot 15 and 157.978 ton/plot at plot 2 with mean total carbon stock of 119.679 ton/plot. 
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Figure 15. Soil Carbon Stock Map. 

3.1.8. Total Carbon Stock of Yeraba state Forest 

The total carbon stock of the study area was done by summing up all the carbon value of each 

pool (above ground and belowground carbon, litter carbon and soil organic carbon) for all plot 

samples of the study area by using weighted sum overlay technique. The carbon values of the study 

Forest ranged from a minimum of 191.93 to a maximum of 625.79 ton /hectare. The average carbon 

density in all carbon pool of the study area was 408.86 ton /hectare.  
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Figure 16. Total Carbon Stock of Yeraba state Forest. 

3.1.9. Influences of Environmental Factors on Carbon Stock 

3.1.9.1. Variation of Carbon Stock along Altitudinal Gradient 

The variety, biomass, and carbon stock in forest ecosystems are known to be significantly 

influenced by altitude (Alves et al., 2010; Mooser et al., 2014; Waqar Ahmed Khan et al., 2021) 

Although there is a slight differential in carbon stock with respect to the altitudinal gradient in this 

study region, there is no discernible altitudinal variation. The highest elevation class of the study 

region was where the largest AGC values were found, while the lowest elevation class was where the 

least AGC values were found. The mean value of the AGC decreased from the highest to the lowest 

elevation when we compared the mean values in terms of altitudinal variance. The same is true of 

BGC, which is an ancestor of AGC. Because a few large individuals can account for a significant 

amount of the quadrats above and below ground carbon, the presence of species with large 

individuals at high altitudes may have an impact on AGB and carbon stock (Ekoungoulou et al., 2014) 

The mean carbon density in litter pool and soil pool of the present study was not showed clear 

pattern with altitude, but they had showed relatively an increasing trend with increasing altitude 

though there was no significant variation due to the elevated area of the study part was characterized 

by sparse, tall, and tick tress and their leaves can fall down easily towards the ground. The detail 

values were presented below table. 
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Figure 17. Elevation class of the study area. 

Table 5. Each Carbon pool statistical values with elevation class/ton. 

Each Carbon pool statistical values with elevation class/ton 

Elevation Class MIN MAX RANGE MEAN STD SUM 

AGC 

2395 - 2427m 6.71 34.64 27.93 21.88 3.75 38930.67 

2427 - 2460m 11.06 32.96 21.90 23.22 4.17 99346.66 

2460 - 2493m 13.72 39.73 26.00 26.65 3.95 44671.82 

      BGC      

2395 - 2427m 1.75 9.01 7.26 5.69 0.97 10121.97 

2427 - 2460m 2.88 8.57 5.69 6.04 1.09 25830.13 

2460 - 2493m 3.57 10.33 6.76 6.93 1.03 11614.67 

      LC       

2395 - 2427m 2.75 4.30 1.55 3.38 0.34 6018.19 

2427 - 2460m 2.43 4.52 2.09 3.38 0.45 14471.04 

2460 - 2493m 2.54 4.58 2.04 3.57 0.47 5985.56 

SOC 

2395 - 2427m 95.23 151.58 56.35 119.27 11.26 212057.59 

2427 - 2460m 104.15 157.98 53.83 120.28 8.03 514557.53 

2460 - 2493m 99.21 153.78 54.57 121.38 10.66 203429.42 

      TC       

2395 - 2427m 213.78 574.40 360.62 398.42 50.10 708385.25 

2427 - 2460m 262.04 540.99 278.94 416.19 53.11 1780063.00 

2460 - 2493m 296.73 625.79 329.06 460.79 47.75 772279.93 
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3.1.9.2. Distribution of Carbon Stock along Slope Gradient 

Slope is also one of the environmental factors that influence the distribution of carbon density 

(Zhuo et al., 2022). As indicated in (Zhu et al., 2011), the carbon partitioning among forest carbon 

pools along slope gradients is important in knowing possible change in carbon stock and thus carbon 

stock potential in response to the future climate change in mountain regions. The maximum above 

ground carbon was recorded at the lowest slope class (0-10%) followed by middle class (10 – 20%) 

and the higher class (20 – 31%) on the other hand minimum AGC was located at the middle class of 

slope (10 – 20%), followed by lowest slope class (0-10%) and higher class (20 – 31%) and its mean 

AGC carbon stock value is similar pattern as indicated in the following table. The same is true for 

BGC stock of the study area.  

Litter carbon and soil carbon stock also insignificant variation along slope inclination, but the 

minimum and maximum carbon stock for litter carbon pool was found in middle class followed by 

lower and upper class on the other hand the maximum carbon stock for this pool also recorded at 

middle class followed by upper and lower class. The values of SC in this study area also have slit 

greater the lower part of the study area as the transported soil accumulated in flat surface. The 

maximum TC was recorded at the middle class next at lower and upper class. 

 

Figure 18. Slope Class of the Study Area. 

  Each Carbon pool statistical values along Slope gradient 

Slope Class COUNT MIN MAX RANGE MEAN STD SUM 

AGC 

0 - 10% 4323 12.23 39.73 27.50 23.61 4.44 102052.88 

10 -20% 2929 11.72 35.73 24.01 24.10 4.16 70591.83 

20 -31% 164 12.45 30.72 18.26 23.46 4.26 3847.12 
   BGC     

0 - 10% 4323 3.18 10.33 7.15 6.14 1.15 26533.75 

10 -20% 2929 3.05 9.29 6.24 6.27 1.08 18353.88 

20 -31% 164 3.24 7.99 4.75 6.10 1.11 1000.25 
   LC     
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0 - 10% 4323 2.45 4.54 2.09 3.36 0.46 14535.31 

10 -20% 2929 2.43 4.58 2.15 3.51 0.41 10272.43 

20 -31% 164 2.85 4.56 1.71 3.68 0.39 603.47 
   SOC     

0 - 10% 4323 95.23 157.98 62.75 120.75 9.32 522010.54 

10 -20% 2929 96.48 156.41 59.92 119.87 9.61 351086.67 

20 -31% 164 97.95 151.78 53.83 120.10 11.95 19695.93 
 TC 

0 - 10% 4323 274.51 625.79 351.28 421.56 57.11 1822412.12 

10 -20% 2929 277.16 575.52 298.36 427.05 52.57 1250816.17 

20 -31% 164 279.69 505.76 226.07 419.35 55.25 68773.12 

3.1.9.3. Distribution of Carbon Stock in the Aspects (Slope Facings) 

Aspect is one of environmental factors that can affect the carbon stock of forests in different 

carbon pools (Fang et al., 2018) and thus, it can be used as a useful variable to forecast the forest 

carbon stock in different carbon pools. Aspect has significant relationship with bio-mass carbon in 

forest areas due to the interaction between solar radiation and soil properties. As below table 6 depict 

that the maximum values of AGC and BGC were recorded towards northeastern aspect part of the 

study whereas the lowest values of  the above carbon pool values were located towards western part 

of the study site.  This may be related to the timing of sunlight that the vegetation can absorb. That 

means the vegetation that have been grown in the East direction receive sunlight earlier than 

vegetation in West and other directions. 

 

Figure 19. Aspect Class of the Study Area. 
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Table 6. Each Carbon pool statistical values along aspect variation. 

  Each Carbon pool statistical values along aspect variation  

Aspect Class COUNT MIN MAX RANGE MEAN STD SUM 

  AGC             

North (0-22.5) 941 13.09 39.30 26.21 24.22 4.01 22789.92 

Northeast (22.5-67.5) 347 13.77 39.73 25.95 23.29 4.39 8081.37 

East (67.5-112.5) 652 12.81 39.42 26.61 23.96 4.34 15621.87 

Southeast (112.5 - 157.5) 1049 13.65 38.90 25.25 23.97 4.33 25148.79 

South (157.5-202.5) 1106 12.86 38.55 25.69 24.00 4.25 26548.40 

Southwest (202.5-247.5) 781 13.07 38.18 25.11 23.68 4.30 18492.21 

West (247.5-292.5) 651 12.23 39.22 26.99 23.88 4.64 15543.93 

Northwest (292.5-337.5) 1105 12.68 39.11 26.43 23.76 4.32 26253.56 

North (337.5-360) 423 12.42 39.52 27.10 23.81 4.75 10073.71 

  BGC             

North (0-22.5) 941 3.40 10.22 6.82 6.30 1.04 5925.38 

Northeast (22.5-67.5) 347 3.58 10.33 6.75 6.06 1.14 2101.16 

East (67.5-112.5) 652 3.33 10.25 6.92 6.23 1.13 4061.69 

Southeast (112.5-157.5) 1049 3.55 10.12 6.57 6.23 1.13 6538.68 

South (157.5-202.5) 1106 3.34 10.02 6.68 6.24 1.10 6902.58 

Southwest (202.5-247.5) 781 3.40 9.93 6.53 6.16 1.12 4807.97 

West (247.5-292.5) 651 3.18 10.20 7.02 6.21 1.21 4041.42 

Northwest (292.5-337.5) 1105 3.30 10.17 6.87 6.18 1.12 6825.92 

North (337.5-360) 423 3.23 10.28 7.05 6.19 1.23 2619.16 

LC               

North (0-22.5) 941 2.47 4.58 2.11 3.39 0.47 3187.11 

Northeast (22.5-67.5) 347 2.48 4.53 2.04 3.39 0.44 1177.74 

East (67.5-112.5) 652 2.53 4.47 1.93 3.42 0.45 2232.40 

Southeast (112.5-157.5) 1049 2.45 4.47 2.03 3.39 0.44 3560.57 

South (157.5-202.5) 1106 2.45 4.51 2.06 3.44 0.43 3804.26 

Southwest (202.5-247.5) 781 2.43 4.54 2.11 3.43 0.46 2680.44 

West (247.5-292.5) 651 2.44 4.57 2.13 3.42 0.46 2228.05 

Northwest (292.5-337.5) 1105 2.45 4.57 2.13 3.49 0.44 3861.01 

North (337.5-360) 423 2.47 4.55 2.08 3.45 0.45 1459.89 

  SC             

North (0-22.5) 941 95.65 157.60 61.95 120.78 10.00 113650.46 

Northeast (22.5-67.5) 347 99.27 154.69 55.42 119.80 9.49 41571.57 

East (67.5-112.5) 652 99.98 156.23 56.24 120.06 8.28 78281.59 

Southeast (112.5-157.5) 1049 97.76 157.23 59.47 121.39 9.64 127342.39 

South (157.5-202.5) 1106 97.68 157.55 59.86 120.96 9.90 133785.82 

Southwest (202.5-247.5) 781 95.25 157.98 62.72 119.45 8.94 93288.99 

West (247.5-292.5) 651 96.00 157.13 61.12 119.68 8.72 77913.60 

Northwest (292.5-337.5) 1105 95.27 157.63 62.36 121.00 10.10 133699.80 

North (337.5-360) 423 100.16 153.04 52.88 119.51 8.84 50552.12 

    TC           

North (0-22.5) 941 287.72 620.17 332.45 429.32 51.38 403990.59 

Northeast (22.5-67.5) 347 296.00 625.79 329.79 416.64 55.46 144574.59 

East (67.5-112.5) 652 284.38 621.83 337.45 425.38 55.47 277349.56 

Southeast (112.5-157.5) 1049 293.28 614.81 321.54 426.86 55.65 447777.69 

South (157.5-202.5) 1106 283.16 609.98 326.82 426.85 54.35 472099.97 

Southwest (202.5-247.5) 781 284.67 605.63 320.96 421.22 54.91 328971.22 
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West (247.5-292.5) 651 274.51 619.17 344.67 423.96 59.10 275995.20 

Northwest (292.5-337.5) 1105 278.94 618.39 339.45 423.85 55.47 468355.60 

North (337.5-360) 423 279.66 623.70 344.03 423.03 60.25 178940.77 

3.2. Discussion 

3.2.1. Woody Species Composition 

Yeraba state Forest is characterized by major dominant species like, Acacia decurrens, Eucalyptus 

globulus, Acacia melanoxylon, Grevillea roubsta and Pinus patula and it had different species 

composition, DBH, height, density and frequency. In addition, the area was characterized by 

insignificant altitudinal range that lies (2395-2493 m) and its slope inclination found between 0 and 

31%. 

Woody Species composition of the given vegetation can be described in terms of its richness in 

species, abundance, dominance, and frequency (Mucheye & Yemata, 2020). As the study forest is 

state forest (planted by human intervention) the area was characterized by a few but high frequency 

distribution of six wood species. The study forest was covered with a great proportion of  Cupressus 

lusitanica (52.63%) followed by Eucalyptus globuse (16.89%), Acacia dicurusne (10.39%), Pinus patula 

(8.22%), Acacia melanoxylon (7.42%) and Grevillea roubsta (4.45%). According to Lambrecht (1989), 

frequency is the indication of homogeneity and heterogeneity of vegetation. High value in higher 

frequency and low value in lower frequency classes reveal constant or similar composition. On the 

other hand, high percentage of number of species in the lower frequency classes and low percentage 

of number of species in the higher frequency classes indicates a high degree of floristic heterogeneity. 

The species that appear in lower frequency classes have irregular occurrence whereas those 

appearing in higher classes have regular horizontal classes (Lambrecht, 1989). The present study 

revealed that there is high percentage number of species in higher frequency classes and low 

percentage number of species in lower frequency classes. This indicates that the forest under the 

study has high degree of floristic homogeneity and low heterogeneity. 

3.2.2. DBH and Height Arrangement of Trees and their Contribution in the Studied Forest 

Trees species with the highest average DBH in the study forest were like Eucalyptus globuse (28.22 

cm) followed by Acacia melanoxylon (22.56 cm), Cupressus lusitanica (14.32cm), Acacia dicurusne (9.12 

cm), pinus patula (8.89 cm), and Grevillea roubsta (8.79 cm). The reason why Pinus patula and Grevillea 

roubsta were minimum average DBH is that all are young as they were planted recent. The remaining 

were planted at the begening where the study forest was emerged.  

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)  

3.2.3. Correlation of AGC with Derived Sentinel Vegetation Indices 

The Sentinel-2A product has comparatively large spatial coverage and high resolution to 

perform efficiently for estimation of biomass than other open source sensors data products 

(Majasalmi & Rautiainen, 2016; Vanino et al., 2018). The vegetation indices derived from remote 

sensing data are considered to be the most sensitive to the photosynthetic parts of the plant (Verrelst 

et al., 2008; Xue & Su, 2017) and are related to the aboveground live biomass and growing stock 

(Sibanda et al., 2015). That reason of saturation is the computation of indices through NIR and Red 

spectral band and the red band absorb electromagnetic radiation and remains constant while the 

canopy cover increases hence in result at 100% canopy cover  red energy absorption reaches to peak 

(Barstow, 2019; Mondal & Singh, 2022). Also, the soil reflectance and topography have impact on 

biomass estimation using spectral indices. Therefore, assessment of varieties of spectral indices is 

very useful (Barstow, 2019). 
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In this study spearman rho correlation was tasted with five spectral indices and results showed 

high coefficient of correlation between the obtained characteristics of the field measurements and 

spectral indices. 0.71 was the lowest correlation coefficient value obtained from the correlation of 

GNDVI and field AGB. The highest and most robust correlation coefficient was observed between 

VDVI and field AGB data was 0.81. This is differ from the data obtained by (Salas et al., 2021) and Ali 

et al (2018), who conducted large-scale studies on forest biomass in different types of forest in Europe 

and with  (S. Das & Singh, 2012) who studied the correlation of vegetation indices with 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. 

3.2.4. Carbon Stock in Different Pools 

According to Houghton (2005), 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 site. As a result this study 

indicates unbalanced tendency of carbon stock input in the above ground of the site. 

While comparing with other studies, the mean carbon stock in above and belowground biomass 

of the study forest was lower than Arba Minch Water Forest (Wolde et al., 2014) 414.7 ton/hectare, 

Tara Gedam Forest (Gedefaw et al., 2014) 306.36 ton/hectare, Egdu Forest (Gubena & Teshome, 2017) 

278.08 ton/hectare and Danaba Community forest (Muluken et al., 2015) 277.78 ton/hectare  but 

greater than Biheretsige and Central Closed Public Park (MarshetTefera & TeshomeSoromessa, 2015) 

25.4 ton/hectare, Bangladesh forest  (Islam et al., 2017) 96.13 ton/hectare,  Selected Church Forest 

(Soromessa & Eshete, 2022) 122.85 ton/hectare, Gendo Forest (Nigussie, 2016) 128.6 ton/hectare and 

Menagesha Suba State Forest (Sahle, 2011) 133 ton/hectare. Generally, the mean above ground carbon 

values recorded in the study sites were above two fold the values recommended by IPCC for tropical 

dry forest 65.00 t/ha. According to different literature, global above ground carbon in tropical dry 

and wet forests ranged between 13.5-122.85 t/ha and 95-527.85 t/ha, respectively (Ma et al., 2021). As 

BGC was obtained from AGC its increment and decrement is similar with AGC. 

The amount of litter fall and its carbon stock of the forest can be influenced by the forest 

vegetation (species, age and density) and climate (Giweta, 2020). Similarly, the tree stands in the 

forest area were relatively still young and this could result in low amount of litter fall. In addition, 

since the study area is located in tropical areas, the rate of decomposition is relatively fast (Powers et 

al., 2009). Thus, the lowest carbon stock in litter pool could probably be due to the high decomposition 

rate and less amount of litter fall. As Table 8 below illustrated that like AGC and BGC the values of 

LC and SOC also vary from other studies.  

According to Brown and Lugo (1982) litter fall in dry tropical Forests range between 2.52- 3.69 t 

/ha. The dead litter carbon stock estimated in Addis Ababa church Forests ranged from 3.37 to 7 t/ ha 

(Tura et al., 2013). Carbon stock of metti mountain forest-wechecha, west oromia, Ethiopia  ranged 

from 6.1- 15.7 tons (h/michael, 2015). Dead litter carbon in the present study range from 2.53 – 4.58. 

Forest which is higher than the values reported for dry tropical Forests (Brown and Lugo, 1982) 

whereas less than the remaining which is listed above. The amount of litter fall and its carbon stock 

of the forest can be influenced by the forest vegetation (species, age and density) and climate (Domke 

et al., 2016). 
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4. Conculsions and Recommandetions 

4.1. Conculsions 

From this study, it has been found that the study forest has limited woody Plant species with 

diversified vegetation character like DBH, tree height, density and the like. The researcher designed 

measurable objectives by stating objectives: - to estimate carbon stock in above, below, litter and soils, 

Assess the correlation of AGB/AGC with sentinel 2A derived vegetation indices, Produce carbon 

stock potential map for the study area, to illustrate the distribution of carbon stock with surface data. 

The heterogeneous carbon stock in this forest area can be attributed to the difference in specific wood 

density, tree height, DBH as well as in other biotic and abiotic factors affecting the tree growth. 

Average carbon stocks of the different carbon pools of this study was comparatively similar with 

most researches done in Ethiopia in carbon stock potentials of forests. 

Altitudinal gradient has insignificant impact over forests above ground biomass as well as tree 

species diversity as the area is characterized insignificant altitudinal variation. Even the study forest 

has a little elevation range, the highest elevation class of the study region was contain the largest 

AGC values were found, while the lowest elevation class was stored the least AGC values were 

found. The mean carbon density in the soil and litter pool of the current study did not show a clear 

pattern with altitude. Slope and slope aspect also influence the distribution of carbon stock potential 

of the study area. 

4.2. Recommendations 

The integration of remote sensing and ground based data to estimate carbon stock potential of 

the study area provide plausible output in this study.  But for further improvement on the following 

points are recommended by the researcher. 

❖ Estimating forest carbon stocks using optical images may be subject to the saturation problem 

because of the density of the forest. Furthermore, the canopy penetration capabilities of 

Sentinel2A and Landsat 5 images are inadequate.  The effectiveness of carbon stock estimation 

for future studies may be improved by the use of LiDAR and Radar imageries that can tackle 

the saturation and canopy penetration problems. 

❖ Research findings, such as socioeconomic, ethnobotanical, and in-depth ecological studies in 

relation to various environmental aspects, such as soil type and characteristics, should aid in the 

development and management of the Forest. In contrast, basic and applied research into the soil 

seed bank, seed physiology, population dynamics, the biology and ecology of endangered 

species, as well as the forest as a whole, should be done to fill the gaps in this effort. 
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