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Abstract 

Understanding the inimical impacts of land use/land cover change (LULCC) on forest ecosystems is pivotal to achieve a 

sustainable environment. Land use/land cover change tremendously influence carbon emissions and storage. Despite the high 

rate of forest degradation in tropical developing countries little or no study has been conducted on the impacts of land use 

change on the carbon pools of these land use systems. The magnitude of vegetation biomass and carbon stocks of six (6) land 

use classes in the southeastern part of Osun State, Nigeria, were quantified in the following carbon pools: trees and roots. The 

aboveground carbon stocks of the different land use/land cover types decreased in the order: Dense forests (119.37 MgC ha-1) 

> light forests (90.59 MgC ha-1)> Oil Palm Plantations (67.31 MgC ha−1) > Cocoa Plantations (62.58 MgC ha−1) > Cassava 

farms (15.38 MgC ha−1) > Maize farms (13.14 MgC ha−1). Carbon stocks significantly vary 0.028 across all the considered 

land use types. Taking dense forest as threshold value, light forest, oil palm plantation, cocoa plantation, cassava farm and 

maize farm recorded carbon loss of 35.54 Mg C ha−1, 64.29 Mg C ha−1, 70.13 Mg C ha−1, 127.49 Mg C ha−1 and 131.19 Mg C 

ha−1 respectively. This result indicated that the conversion of dense forests to agricultural lands have grossly influenced carbon 

loss as larger amounts of carbon are found in the dense forests. 
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Introduction 

Climate change is a significant environmental issue in the 

21st century, with rapid population growth and agricultural 

production being the primary drivers of land use change. 

Estimating carbon stock is crucial in mitigating climate 

change. The conversion of natural ecosystems to 

agricultural lands alters vegetation carbon biomass and soil 

carbon stock, leading to declines in carbon sequestration. 

West-Africa's tropical forests are among the wealthiest 

carbon ecosystems in the world, with the highest rate of 

loss. Nigeria, a dominant tropical forest reserve in West 

Africa, is experiencing large-scale land conversion to 

different land use types. The rapid increase in human 

population has led to the growth of urban centers and high 

demand for natural resources, resulting in the degradation 

and conversion of natural forest lands into agricultural lands 

and urban centers. 

A 21% increase in agricultural lands between 2010-2050 is 

predicted, with 13.7% and 4.6% carbon loss in vegetation 

biomass and soil, respectively. This study assessed the 

impacts of agricultural land expansion on carbon storage in 

the South-Eastern part of Osun State, Nigeria. The study 

quantified the plot level of the above and belowground 

carbon stock of different land use/land cover types and 

estimated the variation in carbon storage values of four 

major arable crop types (cocoa, plantation, cassava, and 

maize) common in the study area. 

 

 
 

Fig 1: The Study Area 

 

Materials and Methods  

Landsat images of the year 2020 with corresponding path 

190 and row 055 of the WRS-2 (Worldwide Reference 

System) was obtained from the United States Geological 

Survey (USGS) and georecified to Datum WGS84 in UTM 

zone 31 at 30 meters spatial resolution. False color  

composite was generated using bands 5,4,3 that conform to  
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Near-Infrared Red (NIR), Red (R), and Green (G) bands, 

respectively, because of their usefulness in vegetation and 

land use monitoring (Lea, 2011 [22]; Lillesand and Kiefer, 

2007). Supervised classification was performed utilizing a 

maximum likelihood algorithm to obtain different land 

use/cover types in study (Bessah et al., 2016) [5]. The 

coordinates of 138 random Ground Control Points (GCP's) 

collected during reconnaissance were used in the supervised 

classification. ENVI 5.3 and ArcGIS 10.4 software were 

used to identify the various land use and land cover types. 

The satellite image was categorized into six (6) classes, 

which include urban areas, forests, plantations, croplands, 

rock outcrops, and water bodies. However, only the 

vegetation classes (Forests, Plantations, and Croplands) 

were sampled based on the focus of the study. Forests were 

reclassified into dense and light forests, while two major 

plantations (oil palm and cocoa) and cropland types 

(cassava and maize farms) were selected (Table 1). 
 

Table 1: Modified Land Use Classes 
 

Land Use Types Description 

Dense Forest 
Evergreen broadleaf forest, deciduous forest, 

dense forest coverage 

Light Forest Scattered forest, relatively light forest coverage 

Oil Palm 

Plantation 

Same species of oil palm trees planted and 

managed at the same time. 

Cocoa Plantation 
Same species of cocoa trees planted and 

managed at the same time. 

Maize Farm 
Mainly maize fields planted and managed at 

the same time. 

Cassava Farm 
Mainly cassava fields planted and managed at 

the same time. 
 

Following Assefa et al., (2013) [4] recommendation, the 

carbon values in each land use type was determined, using a 

minimum of six sample plots for each land use type except 

for cocoa and oil palm plantations, where eight plots were 

sampled each because of the high cultivation rate as 

depicted by the area cover (1,586.17sqkm of 3,240sqkm). 

The random sampling tool (create random points) in ArcGIS 

10.4 was used to pre-determine the sampling plots and 

potential locations in each land use class. Based on 

accessibility and land use types, 40 points were randomly 

selected across all the considered land use types in the study 

area in order to have an even representation. These forty 

sampling plots were assessed, and the geographical 

coordinates of plots were generated from KOBO collect 

application; a free toolkit which helps in collecting and 

storing primary data using a smartphone. In all the 40-field 

plots, 12 forests (dense and light forests), 16 plantation sites 

(cocoa and oil palm plantations), and 12 croplands (cassava 

and maize farms) were examined based on the 

methodologies proposed by Hairiah et al., (2011) [16]. In 

order to have an actual representation of the study area, we 

stratified the large area into smaller segments (Hairiah et al., 

2011) [16]. Within each quadrant, the above and belowground 

biomass was derived by using the methodologies 

recommended by Ponce-Hernandez et al. (2004). The 

measuring tape and haga altimeter were used to measure the 

height and diameter of the trees at 1.3m height. Each plot 

has a dimension of 30×30 meters to ensure that the area on 

the ground corresponds with at least one full 30m spatial 

resolution of Landsat image. This study used square plots 

because it captures the heterogeneity of the plants within the 

plots than circular plots (Assefa et al., 2013) [4]. Each square 

plot (sampling quadrats) with 30×30 meters, 10×10 meters, 

3×3 meters, and 1×1- meter dimensions was nested within 

each other. Trees with or greater than 5cm diameter at breast 

height (DBH) were measured in the 10×10 meters quadrant. 

While those with less than 5cm were measured in the 3×3 

meters quadrats (Figure 1). The cropland layer (cassava, and 

maize plants) was collected from the four 1×1-meter 

quadrats (Figure 1). Freshly weighed immediately after 

uprooting, oven-dried and then dried-weighed (destructive 

method). The above-ground and below-ground carbon 

stocks were estimated according to World Soil Resources 

Reports, (1999) [38] and United Nations Framework 

Convention on Climate Change, (2015) [34] recommended 

methodologies. 

 

 
 

Fig 2: Sampling Quadrat for Biomass Assessment 

 

Sampled points coordinates derived from Kobo collect 

application, and calculated carbon stocks for each plot were 

loaded into ArcGIS for spatial analysis. Based on the 

accuracy level as recommended by Zarco-Perello & Simões, 

(2017) [40], ordinary kriging method in ArcGIS was used to 

map the distribution of calculated carbon stocks across the 

study area. 
Vegetation biomass at each sampled plot was quantified 
under each land use, biomass in trees and roots were 
calculated. The live aboveground biomass (AGB) in trees 
and shrubs were summed to determine the Carbon (C) pool. 
While the root biomass was estimated from the AGB to 
derive the C pool in belowground biomass (BGB).  
Biomass carbon stock was calculated using the following 
equation (Orians & Millar, 1992 [28]; Walker et al., 2018) 

[36]:  
Biomass Carbon Stocks (Mg C ha-1) = Biomass × 0.471 
Assumption Carbon stock of biomass (in dry weight) is 
0.47.  
All plant Carbon pools were depicted in Mg C ha−1.  
A total of 320 trees were surveyed across all plots. The trees 
dendrometry variables were measured and the allometric 
equation was used to calculate the standing live biomass by 
aggregating the biomass of each tree (except for oil palm 
and cocoa). The biomasses of oil palm were quantified, 
using the equation proposed by World Agroforestry Centre 
(ICRAF) (Hairiah et al., 2011) [16] to convert Height to AGB 
(Kg). Tree height is used as an independent variable in 
quantifying the above-ground biomass of oil palm because 
of its physiological makeup (Yuen et al., 2016) [39]. 

AGB (Trees (Kg)) = 21.297 ─ 6.953 × DBH + 0.740 × 

DBH2 

AGB (Oil palms) = 0.0976 × H + 0.0706 

Cocoa Biomass Quantification equation developed by Yuen 

et al., (2016) [39] was applied. 

AGB (Cocoa) = 0.1208 × DBH1.98  
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Cropland (Cassava and Maize Farms) 

 
Wet Weights 

 
Dry Weights 

 
The non-destructive methods derived from the above-
ground biomass (AGB) estimates was used 

to calculate belowground biomass (BGB) as indicated in the 

literature. 

Therefore, below-ground biomass (BGB) was estimated as a 

segment of aboveground biomass 

(AGB) using Mokany et al., (2006): 

BGB = AGB × 0.235 

A total of 320 trees were sampled and measured across the 

forests (dense and light) and plantations (cocoa and oil 

palm) land use types. The dense forests are dominated by 

native deciduous trees with few exotic tree species protected 

by forest reserve agencies of the state though they 

experience minimal degradation because of illegal logging 

and mismanagement for decades. The light forests are 

dominantly scanty trees consisting of native and exotic trees 

that have been severely degraded by charcoal merchants, 

loggers, mining companies, and seldom grazing of animals 

in dry season. To combat widespread deforestation, the 

Government planted exotic tree species such as Gmelina 

Arborea and Tectona grandis for reforestation. These 

plantations are between the age of 10 to 32 years, and their 

Diameter Breast Heights ranges from 7 and 49 cm. Some of 

these two exotic plantations are in their secondary regrowth 

stage as there was evidence of frequent felling. 

Results 

Table 2 shows the aboveground live biomass mean 

calculated from the Diameter at Breast Heights and heights  

values of the vegetation across the different land uses. The 

highest biomass values were found in the dense forests, 

while the least was found in maize farms. Biomass varied 

significantly across the different land use/cover types 

considered F (5,3.682), P=0.023). The dense and light 

forests have the highest AGB values, while oil palm and 

cassava had the highest values among the plantation and 

cropland types. Considering the biomass stocks of each land 

use type, the AGB was 31.17 Mg ha−1 and 21.37 Mg ha−1 

more than BGB in the cassava and maize farms, 

respectively. 

The BGB in dense forest (59.56 Mg ha−1) were about 8 and 

6 times greater than those of cassava (9.67 Mg ha−1) and 

maize (6.56 Mg ha−1) farms, respectively. However, there 

was considerably larger BGB in light forests (45.2 Mg 

ha−1), oil palm (33.58 Mg ha−1), and cocoa plantations 

(31.22 Mg ha−1) than in cassava (9.67 Mg ha−1) and maize 

farms (6.56 Mg ha−1). The total biomass depicts an 

increasing trend from maize farms to dense forest in 

ascending order (Figure 3): maize farm (34.46 Mg ha−1) < 

cassava farm (50.81 Mg ha−1) < cocoa plantation (164.09 

Mg ha−1) < oil palm plantation (176.49 Mg ha−1) < light 

forest (196.86 Mg ha−1) < dense forest (313.01 Mg ha−1). 

However, it could be seen in Figure 3 that there was an 

abrupt increase in cassava farms to cocoa plantation (113.28 

Mg ha-1) and from light to the dense forest (116.15 Mg ha-

1), signifying two rapid biomass increments. 

 
Table 2: Biomass Across the Land Use Types 

 

Land Use Types: Mean (St. Dev) 

Biomass (Mg ha-1) Dense Forest Light Forest Oil Palm Plantation Cocoa Plantation Cassava Farm Maize Farm 

Aboveground 253.45 (  20.25) 192.34 ( 30.02) 142.91 ( 32.87) 132.87 ( 4.9) 41.14 ( 5.39) 27.9 ( 5.57) 

Belowground 59.56 (  4.76) 45.2 ( 7.06) 33.58 ( 7.72) 31.22 ( 1.15) 9.67 ( 1.27) 6.56 ( 1.31) 

Total 313.01 196.86 176.49 164.09 50.81 34.46 

 

 
 

Fig 3: An Increasing Trend of Vegetation Biomass Across the 

Considered Land Use Types 
 

The biomass carbon stock of various land use classes was 

estimated in two carbon pools, which are the aboveground 

(trees and non-trees vegetation) and belowground (roots) 

parts of the trees and non-trees vegetation. From the 

estimated carbon stocks, the aboveground carbon pool 

significantly varies F (5,2.533), P=0.022) across all the 

investigated land use types, with dense (119.37 Mg C ha-1) 

and light forests (90.59 Mg C ha-1) having the highest 

carbon values. While dense and light forests lost carbon to 

oil palm (64.29 and 28.75 Mg C ha-1), cocoa (70.13 and 

34.59 Mg C ha-1), cassava (127.49 and 91.95 Mg C ha-1) 

and maize (131.19 and 95.65 Mg C ha-1) farms, 

respectively. Larger carbon loss was recorded in cassava 

and maize farms as compared to the oil palm and cocoa 

plantations.  

 

 
 

Fig 4: Total Carbon Stock Among the Various Carbon Pool 

Compartment of Across the Considered Land Use Types 
 

Figure 4 shows that the total carbon stocks (Mg Cha−1) 

varied across the land uses studied at 95% confidence, the 

analysis of variance (ANOVA) depicted a significant 

variation F (5,3.106), P=0.028) across all the sampled land 

use/cover types but there was no significant variation in 

carbon stocks within the land use types F (5,6.564), 

P=1.33). However, the belowground carbon stock contained 
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approximately 19.03% in dense forest, light forest, oil palm 

plantation, cocoa plantation, and maize farm, while only 

cassava farm has 22.83%. There were about 7 and 6 times 

greater belowground carbon values in dense forest (24.7 Mg 

C ha−1) than in the maize (3.09 Mg C ha−1) and cassava 

(4.55 Mg C ha-1) farms, respectively. 

Furthermore, the belowground carbon stock significantly 

varies across all the land use types (p < 0.036). The total 

carbon stock (aboveground and belowground) under the 

various land use types decreased in the following order: 

dense forest > light forest > oil palm plantation > cocoa 

plantation > cassava farm > maize farm with values 147.42 

Mg C ha−1 > 111.88 Mg C ha−1 > 83.13 Mg C ha−1 > 

77.29 Mg C ha−1 >19.93 Mg C ha−1> 16.23 Mg C ha−1 

(Figure 5 and Table 3). The total carbon ranges between 

16.23 Mg C ha−1 and 147.42 Mg C ha−1 and differed 

significantly among the six (6) land use/cover types. Dense 

forests had a total carbon stock twice and thrice greater than 

cassava and maize farms, respectively (Figure 4). The total 

carbon stock of dense forest was significantly higher than 

that of cassava and maize farms, moderately higher than oil 

palm and cocoa plantations, and slightly higher than the 

light forest. Taking dense forest as the threshold value 

(147.42 Mg C ha−1), dense forests was 35.54 Mg C ha−1 

lesser than light forests and 64.29 Mg C ha−1 and 70.13 Mg 

C ha−1 lesser than oil palm and cocoa plantations, while it 

was 6 and 10 times greater than cassava and maize farms 

(19.93 Mg C ha−1 and 16.23 Mg C ha−1) respectively, 

reflecting an increase in carbon loss as agricultural practices 

have been broadly accepted in the study area. 

 

 
 

Fig 5: A Decreasing Trend of Total Carbon Stock Across the 

Considered Land Use Types 

 

The spatial distribution of carbon stock using the ordinary 

kriging is contained in Figure 6. The carbon stocks range 

from 15 Mg C ha-1 to about 150 Mg C ha-1. The least 

estimation was observed in the northern part of the study 

area. This can be attributed to the predominance of farm 

plantations which store less carbon than forests (Ane et al., 

2020) [2]. On average, the study area stores about 80 Mg C 

ha-1. There is a high probability that the study area will 

continually witness carbon loss with the current agricultural 

expansion, especially with the exponential rate of plantation 

cultivation. However, the least values were found in the 

urban area followed by the northern part, where the 

dominant land use type are urban land use, cropland, and 

plantation. 

 
 

Fig 6: Spatial Distribution of Carbon Stock 

 

Discussion 

Dense forests have a higher carbon stock (147.42 Mg C 

ha−1) compared to other land use/ cover types, while 

croplands comprising of cassava (19.93 Mg C ha−1) and 

maize farms (16.23 Mg C ha−1) had the lowest carbon 

stocks, because of the presence of abundant trees 

(Gebrewahid & Meressa, 2020) [14]. The results obtained is 

in consonance with earlier study by Martin & Thomas, 

(2011) [23], Pragasan & Karthick, (2013) [31] and Pragasan, 

(2016) [30] which attributed the large carbon biomass stocks 

between 73.7-255 Mg C ha−1 to tropical rainforests in 

African. This study found that loss of carbon storage was 

caused by the conversion of forests to agricultural land 

(Gebrewahid et al., 2018 [13]; Olorunfemi et al., 2020 [27]; 

Vicharnakorn et al., 2014) [35]. Approximately 45% of the 

total vegetation carbon stocks was found in the dense forests 

which has the least coverage. Hence, further decrease in 

dense forest areas because of agricultural land use 

expansion will lead to additional carbon loss. Rodríguez-

Veiga et al., (2017) [32] noted that forests store > 45% of 

terrestrial carbon stocks and hence, they are referred to as 

the highest yielding terrestrial ecosystems. Land use/land 

cover change (LULCC) modification appeared to be the 

causative factor of carbon loss as more carbon are contained 

in the dense forest (undisturbed and natural ecosystem). 

Similarly, IPCC, (2014) asserted that the second 

anthropogenic source of carbon emissions is land use 

change (LUC). Overall, dense forests depicted the highest 

carbon storage potential among all the considered land use 

types, while the least was found in maize farms. This is 

because of the large amount of organic concentration and 

vast litter layers which range from understory to dead roots. 

The influences of land use/land cover change on carbon 

storage and emissions accounts for about 15% in Sub- 
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Saharan Africa (SSA) compared with other regions across 

the globe (Houghton & Hackler, 2006) [17]. Since the 

industrial revolution, carbon emissions caused by human 

activities are approximately 33% because of LULCC 

(Houghton and Hackler, 1999). Similarly, from 2000 to 

2009, land use changes emitted about 12.5% carbon into the 

atmosphere (Guo et al., 2019) [15]. 

LULCC significantly influences carbon storage and 

emissions, hence disrupting the global carbon cycle balance 

(Houghton & Hackler, 2006) [17]. The incessant increase in 

the carbon concentrations resulting from LULCC constitutes 

about one-third of the total forces exacerbating global 

warming and climate change (IPCC, 2014). Therefore, 

mitigation measures (such as improving the conservation of 

carbon-enriched land use such as forests) that stores more 

carbon should be considered while developing strategies 

that could enhance carbon balance (Thomas & Martin, 2012 
[33]; Zomer et al., 2017 [41]). Additionally, land parcels 

should be considerably used in a way that carbon emissions 

can be reduced. Also, managerial failures in the forest 

resources conservation, and illegal logging should be 

addressed. Therefore, information about carbon emissions 

and storage should be adequately provided to broaden 

knowledge and define their spatial variability over time 

(Amara et al., 2020) [1]. Finally, institutional policies that 

will abate deforestation and increase afforestation and 

carbon sequestration should be implemented adequately. 
 

Conclusion 

The study attributed an apparent loss in the study area’s 

carbon storage to the agricultural land expansion. Although 

dense forest is having the least area coverage (592.61 sq km 

of 3,240 sq km) among the various land use types 

considered (light forest, oil palm plantation, cocoa 

plantation, cassava farms, and maize farms), the most 

significant biomass and total carbon stocks are found in this 

natural ecosystem. While lower carbon storage values were 

present in the agricultural land use types. Though the 

cropland and plantation lands possess low carbon stocks, 

their values varied across the crop types. More carbon 

values were discovered in the plantation, with oil palm 

possessing more carbon stock than cocoa plantation, and 

cassava farm had more carbon stocks than maize farm in the 

cropland. The conversion of dense forests to agricultural 

lands led to a loss in carbon stock as the total vegetation 

carbon stocks reduced by 81.5% (maize farm), 61% 

(cassava farm), 56.5% (cocoa plantations) and 30% (oil 

palm plantations) in the ecosystem. AGB stored a more 

significant proportion of biomass carbon than other 

compartments. Above and belowground carbon pools are 

essential components in the evaluation of carbon stocks in 

agricultural lands. Agricultural land expansion seems to be 

the primary driver of carbon loss, judging from the 

reduction in carbon values of maize farms, cassava farms, 

cocoa plantations, and oil palm plantations. However, a 

continuous expansion of agricultural land will cause 

significant carbon loss. Hence, the land use types with high 

carbon values (forest) should be protected from further 

encroachment by agricultural land. Furthermore, carbon loss 

caused by agricultural land expansion should be given 

serious attention when designing carbon sequestration 

policies. 
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