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Introduction 

Nigeria covers an area of 92.4 million hectares; out of 

this, 9.7 million hectares (about 10%) of the country, 

consists of forest reserves and only a small portion of 

this forest is lowland rainforest (Salami et al., 2016). 

In the late 1990s, it was estimated that only 1.19 

million hectares of lowland rainforest remained in the 

country about 288,000 hectares of which were 

designated as official forest reserves (Blaser et al., 

2011; Salami et al., 2016). The unique forest 

ecosystems provide several roles not only in timber 

and non-timber production for economic benefit but 

forests significantly function to form a major 

component of the carbon reserves in the world’s 

ecosystems (Trexler and Haugen, 1995). Natural 

forests store a large quantity of carbon and there is 

currently great interest in assessing that quantity 

accurately because, when forests are cleared, the 

carbon is converted to carbon dioxide in the 

atmosphere (Condit, 2008). The mass of living 

organisms in a forest is called the biomass; most of the 

biomass in a forest is in trees. Approximately 13 

million ha of world forest was lost between 2000 and 

2010, implying an increase in the amount of carbon 

dioxide in the atmosphere (Fearnside and Laurance, 

2004; Gibbs et al., 2007; Gibbs and Brown, 2007; 

Nyamugama and Kakembo, 2015). Africa’s forests are 

disappearing at a  rate approximately four times more 

than that of the world average. A study by the United 

Nations Environment Programme (UNEP) conducted 

in 2006 estimated that 70% of forests in West Africa  

would be decimated by 2040 (Nyamugama and 

Kakembo, 2015). Deforestation and forest degradation 

contribute to atmospheric greenhouse gas emissions 

through the combustion of forest biomass and the 

decomposition of the remaining plant material 

(Ramankutty et al., 2007).   

The past 10 to 20 years have brought disturbing 

evidence that human activities contribute to high 

carbon dioxide (CO2) concentrations and this might 

cause significant changes in future global climatic 

conditions (Wallington et al., 2004).  
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The study estimated the amount of carbon stock in Gambari Forest Reserve, Nigeria 

by measuring tree parameters diameter at breast height (DBH) and height in the forest 

reserve. Seven (7) sample plots (30m by 30m) were laid out in the reserve of tree 

species greater than 10 cm diameter at breast height and their total heights were 

collected. Tree attributes were measured and converted into carbon estimates using an 

allometric relationship. Regression analysis and correlation coefficient techniques were 

developed using normalized difference vegetation index (NDVI) generated from 

Landsat 8 OLI (Operational Land Imager) imagery of the year 2020 as a dependent 

variable and above-ground biomass (AGB) estimates from field plots as the 

independent variable. The estimate of AGB was 71535.989 Mg ha -1 (Metric tons per 

hectare), the carbon dioxide sequestered was 7145.0448tCO2-e ha -1 (tons of CO2/ha -1), 

the carbon dioxide emitted was 262537.08tCO-e ha -1 (tons of CO2/ha -1), and weight of 

carbon in the tree was estimated a t 1946.879 Mg ha -1 (Metric tons per hectare). The 

regression analysis between NDVI and AGB showed a value of R2 of 0.540631 which 

suggests that  NDVI predicts 54.1 % of the variation in AGB, while the correlation 

coefficient between AGB and NDVI showed a value of 0.735276 which suggests 

73.5% variation between  AGB and NDVI and equally suggests a high correlation. 

When estimated, plot 2 has the highest biomass of 20763.19 (metric tons), followed by 

plot 3 with 17347.63 (metric tons). The more parameters (heights and DBH) measured, 

the more the total above-ground biomass, weight of carbon, CO2 sequestered and 

emitted will be achieved  
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Forests, soils, oceans and atmosphere are agents for 

the storage of carbon; Forest ecosystems support a 

variety of life forms and maintain huge global 

biodiversity (Shi and Singh 2002; Khaple et al., 2016). 

The net carbon release from tropical deforestation was 

estimated at 1.6 ± 0.4 Gt C annually, accounting for 

21% of the global carbon annually which is almost 

equivalent to 20 to 65% of the emissions from fossil 

fuels (Houghton, 1991; Khaple et al., 2016). Due to 

alarming rates of anthropogenic interference, the CO2 

concentration in the atmosphere has increased by 15 to 

25% over the past 100 years (Haripriya, 2000; Khaple 

et al., 2016). 

Over the past century, human activities like burning 

fossil fuels, deforestation and urbanization have 

resulted in high concentrations of CO2 and other 

greenhouse gases in the atmosphere (Tripathi et al., 

2010). Carbon sequestration is the process of 

transferring and securing storage of atmospheric CO2 

into other long-lived carbon pools that would 

otherwise be emitted or remain in the atmosphere (Lal, 

et al., 2007; Balasundram et al., 2011). Carbon exists 

as carbon dioxide in the atmosphere and constitutes 

about 0.04% of the atmosphere (Vashum and 

Jayakumar, 2012). The carbon sequestered or stored 

on the forest trees is mostly referred to as the biomass 

of the tree or forest. 

The Kyoto Protocol and REDD+ (2009) programme 

have to some extent created a global awareness of 

carbon emission, but there is still a  lot to be done in 

taking stock of major carbon pools in different parts of 

the world. Biomass assessment is important for 

national development planning as well as for scientific 

studies of ecosystem productivity, carbon budgets, etc. 

(Parresol, 1999; Zianis and Mencuccini 2004; Zheng 

et al., 2004; Pandey et al.,2010; Devagiri et al., 2013). 

Recently biomass has been increasingly used to help 

quantify pools and fluxes of greenhouse gases (GHG) 

from terrestrial biosphere associated with land use and 

land cover changes LULC, (Cairns et al., 2003). 

Previous studies have also reviewed the application of 

RS data for qualitative change detection of 

deforestation through land use/cover classification and 

quantification of forest above-ground carbon stock 

changes, to estimate carbon stocks, for example, a  

research work on biomass estimation of Gambari 

Forest Reserve using allometric equations was made 

available by (Mbaekwe and Mackenzie, 2008).   

In Nigeria however, not so much has been done using 

GIS and RS techniques to assess Carbon pools of our 

different forest, especially in the South-western parts 

with development growing rapidly. There is an urgent 

need to take stock of our carbon pools to position us 

for the REDD + programme (Reducing Emissions from 

Deforestation and Forest Degradation) which is aimed 

at reducing global carbon emissions. This study 

focuses on carbon estimation, specifically in terms of 

above-ground biomass with the specific objectives of 

conducting a field measurement to determine tree 

parameters and comparing Carbon from the field 

measurements and estimation from satellite imageries.  

 

Study Area 

Gambari Forest Reserve has a total area of 12562 

hectares, it was from Ibadan Forest Reserve by a 

resolution of the Ibadan city council passed in 

September 1899, and the Mamu portion was later 

added by deed of gift. Both sections were consolidated 

to form the Gambari Forest Reserve in 1953 (Salami 

et al., 2016). Gambari Forest Reserve is located 

between latitude 7°10’51’’N and longitude 

3°52’34’’E. Describing the natural Forest Reserve plot 

at 6.5km from CRIN (Cocoa Research Institute of 

Nigeria), on the Idi-Ayunre-Ijebu-Ode road, Oyo 

State. (Figure 1). Gambari Forest Reserve is bounded 

up by the compass direction on South East 44o by the 

following locations Idi Ayunre, Adebayo, Ibusogboro 

and Mamu in the South. These areas are along the 

same equatorial belt as the study area with a distance 

of about 200 m to 500 m between them and an altitude 

of 147 m with a total number of 600 people as of 1996 

(Salawu, 2002; Salami et al., 2016). Gambari Forest 

Reserve has one of the most complex vegetation types 

with the highest number of plant species per unit area. 

The vegetation is dominated by woody trees to the 

exclusion of grasses; grasses are shade intolerant and 

cease to grow under such tall vegetation with a heavy 

total canopy (Whitmore, 1993). The topography of the 

study area is generally undulating with the presence of 

lianas, climbers, twiners, stranglers, scramblers and 

epiphytes which makes movement almost impossible. 

Among the valuable indigenous species are: 

Terminalia spp K. Shum (Afara), Triplochiton 

scleroxylon K. Shum (Arere, Obeche), Irvingia 

garbonensis (Oro), Treculia africana, among others. 

While exotic species such as Gmelina arborea 

(Gmelina) and Tectona grandis (Teak) are found in the 

study area.  The study area lies at an altitude between 

90 m and 147 m above sea level (Sanwo et al., 2015). 

The area is bounded by two Rivers (Rivers Ona and 

Awon). Gambari Forest Reserve’s mean annual 

rainfall ranges between 1200 mm to 1300 mm with 

two distinct wet seasons, May-July and September-

November and a short dry period in August. The major 

dry season occurs between December and March. 

Temperatures are high throughout the year with a 

mean annual value of about 27 ̊ C and an annual range 

of 30 ˚C (Larinde and Olasupo, 2011; Adedeji et al., 

2015). Monthly relative humidity at 0900 hr GMT is 

more than 80%, and at 1500 hr, the value fluctuates 

between 60 and 80% except during January and 
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February when it drops below 60% (Oyeniyi and Aweto, 1986; Adedeji et al., 2015).  

 
 

Figure 1: The map of the study area (Adapted from Adedeji et al. (2015). 

 

Materials and Methods 

Data Collection  

The materials used in this study include handheld GPS 

for navigation, location of sample plots and recording 

of coordinate points. Surveyor tape and ranging poles 

were used to measure ground distance and sample plot 

locations. Measuring tape was used to measure out the 

size of DBH, and for laying sample plots. To measure 

the heights of the trees, a  Haga altimeter was used. 

Diameter tape was used to measure the tree DBH. 
 

Data analysis 
 

Digital Image Processing 

Radiometric and geometric errors of the Landsat 

satellite image of 2020 were verified to ensure data 

quality. The acquired Landsat image was pre-

processed, where the radiometric corrections were 

carried out. The satellite image was further processed 

using ArcGIS 10.3. The normalized difference 

vegetation index (NDVI), which is highly sensitive to 

forest density and physiognomic vegetation classes, 

was used to estimate carbon from satellite images. 

NDVI was calculated below in (Equation 1) using: 

𝑁𝐷𝑉𝐼 = 
𝑁𝐼𝑅−𝑅

𝑁𝐼𝑅+𝑅
                                             (1) 

Where 𝑁𝐼𝑅 = Near Infrared Band, and R = Red Band  
 

Sampling Plot Techniques 

A non-destructive sampling approach was adopted to 

assess the above-ground biomass of trees. A 

reconnaissance survey of the reserve was carried out 

to establish the baseline. Subsequently, transects were 

cut perpendicular to the baseline. Simple randomly, 

seven (7) transects 1m x 1m were selected. The 

transect was pegged at 30 m x 30 m intervals because 

of the Landsat image resolution used.  Tree species, 

which could not be immediately identified in the field, 

were collected for identification at the  Forestry 

Research Institute of Nigeria (FRIN) Ibadan 

herbarium, with the help of a taxonomist. Height 

measurements, Diameter at Breast Height (DBH) at 

1.3 m above the ground, of all the trees with ≥10 cm 

DBH in the seven (7) sample plots were measured. 

Tree population structure was characterized using Dbh 

and total tree height size classes.  
 

Above-Ground Live Dry Biomass Calculation for 

Trees/Plot 

The above-ground live dry biomass (AGB in metric 

tons) of a single tree as derived by (Chave et al., 2005; 

Komiyama et al., 2005) can be calculated below in 

(Equation 2) as:  

𝐴𝐺𝐵 = (𝜌 ∗ 𝑒𝑥𝑝 (−1.499 +(2.148∗ln(𝐷) ))) + (0.207 ∗

𝑙𝑛(𝐷) 2 − (0.207 ∗ 𝑙𝑛(𝐷) 2 − (0.0281 ∗

𝑙𝑛(𝐷)3))
0.001

                (2)                                                                                    

 Where 𝜌 the wood density (g/cm3), 𝐷  is the diameter 

at breast height (cm). 
 

To Determine the Weight of Carbon-Dioxide 

Emitted 

According to (De Wald et al., 2005) the amount of 

carbon dioxide that would be emitted to the 
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atmosphere if trees in the sample plot were cut down 

and burned completely can be calculated below in 

(Equation 3): 

  𝐶𝑂2 =  
𝐶𝑂2

𝐶
∗ 𝐴𝐺𝐵                                                (3) 

Where 𝐴𝐺𝐵  is Above-ground Biomass (Mg ha -1) 

Metric tons per hectare, 𝐶𝑂2 (ppm) parts-per-million  

is the molecular weight of carbon dioxide (3.6744), 

and C is Carbon.                
 

To Determine the Dry Weight of the Tree 

According to (De Wald et al., 2005) the average 

percentage of dry matter in a tree in the tropical forest 

is 72.5%, while the percentage of wet matter is 27.5%. 

The dry weight of a tree can be calculated as (𝐻 ∗
0.725)  Where h is the height (cm) 

         

To Determine the Weight of Carbon in the Tree 

According to De Wald et al. (2005) and Toochi (2018), 

the average carbon content is generally 50% of the 

tree’s total volume. To determine the weight of carbon 

in the tree per plot is calculated as 

(𝐷𝑟𝑦 𝑤𝑒𝑖𝑔ℎ𝑡  𝑜𝑓 𝑡ℎ𝑒  𝑡𝑟𝑒𝑒  ∗  0.5).                        

Where 0.5 =  50% of the tree’s total volume. 

 

To Determine the Weight of Carbon-dioxide 

Sequestered 

Carbon dioxide is composed of a molecule of carbon 

and two molecules of oxygen. According to (De Wald 

et al., 2005; Toochi, 2018) to determine the weight of 

𝐶𝑂2  sequestered in trees per plot is calculated 

as(𝑊𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝐶 𝑖𝑛 𝑡ℎ𝑒 𝑡𝑟𝑒𝑒  ∗  3.67). 

 

Results and Discussion 

Determination of Above-ground Biomass and 

NDVI storage capacity of the study area. 

With the presence of more vegetation cover and 

positive correlation, the plot with the highest value of 

AGB and NDVI is plot 2 with 20763.19 (metric tons) 

and 0.623 NDVI value as shown below in (Table 1). 

NDVI = 0.4036 + 0.5 AGB this shows that the higher 

the NDVI (vegetation greenness), the higher the 

biomass (strong positive correlation values). AGB is 

predicted to increase by 9.51E-06 metric tons when 

NDVI reduces or goes down by 1 metric ton and with 

0.403559 metric tons intercept. 

H0: NDVI coefficient = 0 

H1: NDVI coefficient 

Table 1: Above-ground biomass (AGB) of trees and their NDVI 

Plots AGB ( METRIC TONS)        NDVI                    PLOT LOCATION 

1 
             5533.559 

         0.432            7◦10 '46.602 ''N      3◦52 '34.341 ''E 

                   

             20763.19 

         0.623            7◦10 '53.403 ''N      3◦52 ' 35.333 ''E 

3 
              17347.63 

          0.513             7◦11 '29.74 ''N        3◦52 ' 33.317 ''E 

4 
              7490.178 

          0.451               7◦11 '41.34 ''N        3◦52 ' 28.89 ''E 

5 
              5156.684 

          0.402               7◦11 '49.24 ''N        3◦52 ' 45.107 ''E 

6 

               8773.901 

          0.584                 7◦11 '39.504 ''N      3◦52 ' 25.27 ''E 

7 

               6470.847 

             

            0.5 

                  

                7◦11 '59.009 ''N      3◦52 ' 58.087 ''E 

 

Shown below in (Figure 2) is the NDVI classification 

of the study area generated from Landsat 8 OLI of the 

year 2020 showing each of the seven (7) sampling plot 

locations in the study area. 
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Figure 2: The NDVI of Gambari Forest Reserve, Nigeria 2020. 
 

Regression Model 

A regression model was developed as shown below 

using AGB stock estimates from field plots as an 

independent variable and NDVI values generated from 

Landsat 8 OLI of 2020 the dependent variable as 

shown below in (Figure 3). 

 

 
Figure 3: Graph showing the Relationship between AGB and NDVI  
 

Regression analysis of AGB and NDVI 

The output statistics of regression analysis, ANOVA 

and correlation coefficient between above-ground 

biomass of trees and NDVI’s are shown below in 

(Tables 2, 3 and 4). 

 

 

 

 

 

 

 

Table 2: Regression analysis between AGB and NDVI 

of Gambari Forest Reserve, Nigeria. 
  

Regression Statistics 

Multiple R 0.735276 

R Square 0.540631 

Adjusted R Square 0.448758 

Standard Error 0.059843 

Observations              7 
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Table 3: ANOVA analysis between AGB and NDVI of Gambari Forest Reserve, Nigeria  

   df       SS      MS     F Significance    F 

Regression  1 0.021073 0.021073 5.884503 0.059689 

Residual  5 0.017906 0.003581   

Total  6 0.038979       

 

Table 4: Correlation coefficient between AGB and 

NDVI of Gambari Forest Reserve, Nigeria  

  NDVI      AGB 

NDVI 1  

AGB 0.735276         1 

  

NDVI = 0.4036 + 0.5 AGB. NDVI. This revealed that 

the higher the NDVI (vegetation greenness), the higher 

the biomass (strong positive correlation values). AGB 

is predicted to increase by 9.51E-06 metric tons when 

NDVI reduces or goes down by 1 metric ton and with 

0.403559 metric tons intercept. 

Ho: NDVI coefficient = 0 

H1: NDVI coefficient ≠ 0 

0.0596P – value for the regression suggests the 

significance of the regression, P – value for the NDVI  

coefficient indicates the significance and hence shows 

evidence to reject H0. Evidence in this result showed 

confidence that NDVI has a low correlation with 

above-ground biomass. R2 value 0.540631 suggests 

that NDVI accounts for or predicts 54.1 per cent of the 

variation in above-ground biomass. The correlation 

coefficient of 0.735276 predicts a 73.5 per cent 

variation between above-ground biomass and NDVI  

which equally suggests high a correlation as shown 

above in (Tables 2 and 4). 
 

Conclusions 

Remote sensing, being an advanced technology, is 

quite useful for quick and reliable estimations of 

vegetation biomass and carbon over large areas 

Remote sensing data are most sensitive to season, tree 

phonological character and degree of crown closure. 

Spectrally-based Normalized Difference Vegetation 

Index (NDVI), derived from RS platforms, is a  

common indicator used to monitor biophysical 

conditions and vegetation cover. The synergistic role 

of RS and GIS technologies in Carbon sequestration 

management was synthesized. The above-ground 

biomass (AGB) of Gambari Forest Reserve was 

estimated in metric tons according to each sampling 

plot and land cover categories as shown in the study; 

this is based on the tree measurement carried out.  

These relatively showed the average quantities of 

carbon stock in each sampling plot. This was validated 

by using remote sensing and geographic information 

systems through geospatial mapping. The study 

revealed that the more the parameters (height and 

DBH) measured, the more total above-ground 

biomass, weight of carbon, and CO2 sequestered and 

emitted is achieved. The study recognized the AGB 

and its AVI categories. The regression analysis carried 

out between the NDVI vegetation indices and AGB 

indicates a weak relationship, where R2 value is 

0.540631 which suggests that NDVI predicts 54.1 per 

cent of the variation in above-ground biomass, 

therefore the regression shows a strong relationship. In 

the study correlation coefficient of 0.735276 between 

above-ground biomass and NDVI shows a strong 

correlation. The difference in the biomass estimates 

between the predicted and observed values was 

possibly due to the differences in the crown density 

and phonological conditions of the trees or vegetation 

types existing in the study area. 
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