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Abstract 

The increased adoption of climbing bean varieties in Uganda has led to increased demand for 

staking materials since these varieties can’t grow well without staking. However, limited 

research has been done on the environmental impact of the use of stakes for bean growing 

activities. In particular, there is paucity of information on the carbon footprint of bean growing 

activities that involve the use of staking in Uganda. This study, therefore, determined the annual 

material flow and carbon footprint of bean-staking activities. 

Sentinel-2 satellite images for 2019, Landsat 8 images for 2013, Landsat 7 images for 2007, 

were derived from Google Earth Engine. Land classification was categorized into three major 

classes that is; forests, subsistence farmland and barren land. Via Google Earth Engine two 

machine learning classification models (Random Forest and Gradient Tree Boost) were trained 

using the collected data and accuracy obtained was above 90% thus continued to spatial analysis 

since the classification process was accurate. Land use land cover maps for the years 2007, 

2013 and 2019 were exported to ArcGIS to determine change detection, annual flow of staking 

materials and to carbon InVEST model to quantify the biomass estimation and carbon footprint. 

It was found that the total carbon stock decreased from 8,351,361.43 Mg of C in 2007 to 

5,730,093.98 Mg of C in 2013 and then 3,734,246.88 Mg of C in 2019. The difference in total 

carbon was found to be 2,619,689.79 Mg of C between 2007 and 2013, 1996,839.97 Mg of C 

between 2013 and 2019 due to increased subsistence farmland from 19.41% in 2007 to 31.7% 

in 2013 and 62.63% in 2019 and reduced forests from 72.07% in 2007 to 42.8% in 2013 28.74% 

in 2019.  The stake contribution to carbon footprint was calculated using 𝑌 =

10{−0.535+𝑙𝑜𝑔10(𝐵𝐴)} … … .. 3.2  as proposed by Martinez-yrizar et al.,(1992) as 2,378,441.63 

Mg of CO2 (7.77%) in 2007, 4,539.956.14 Mg of CO2 (21.62%) in 2013 and 7,675,981.07 Mg 

of CO2 (56.1%) in 2019 thus an overall difference of 5,297,539.44 Mg of CO2 (31.31%).  

Results from the study show that there is a significant contribution of bean staking activities 

that is about 31.31% to carbon footprint. Therefore, proper land use management strategies 

within the umbrella of forests and environmental plans need to be established soon.  

Keywords; Carbon footprint, Bean staking, GEE, InVEST model.  
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Chapter 1 :  Introduction  

1.1 Background 

The common bean (Phaseolus vulgaris L.) is an important staple crop in the East African 

highlands providing an important source of protein, calories, minerals and vitamins. Climbing 

bean varieties were introduced through a targeted breeding programme in Rwanda since the 

mid-1980s (Ronner et al., 2018).  Beans are classified according to the growing styles, which 

include bush beans and climbing beans. Compared to bush beans, climbing beans reduce soil 

erosion, water loss and nutrient losses because they have a greater soil cover. Gichangi et al. 

(2012) reported that climbing beans are capable of producing two to four times the yield of 

bush beans, have a higher symbiotic nitrogen fixation and higher soil fertility rate effect on the 

soil since they have large biomass production. 

Rose et al. (2018) reported that climbing bean pods, both fresh and dry have ready market and 

higher prices compared to bush beans. Kahan (2003)  described the economic benefit of farm 

produce as the ability of a farmer to obtain maximum yields with minimal farm input. In south 

western Uganda, there is land fragmentation which favours the growing of climbing beans. For 

bush beans to obtain the same yields as climbing beans, bigger plot size is required compared 

to climbing beans which grow vertically with increased number of pods on a smaller plot size. 

Beans are usually intercropped with cereals. Beans can be staked with sorghum and maize 

leading to intercropping. Intercropping with beans reduces soil erosion through improved soil 

structure and reduces pest and disease risks (Mbugua, 2016).  

The tree variety and size of the stake determines the number of times (seasons or years) they 

will be used or reused. The breaking of stakes due to heavy pod load, transportation to and from 

the field and effect of termites during stake storage increase the rate of tree cutting for fresh and 

new staking materials. Eucalyptus trees are the most commonly used stakes (92.7%) in Kabale, 

in Kisoro, it is stems of elephant grass (62%) followed by long-term maturing trees (50.6%), 

shrubs mainly vernonia (30%) and maize plant, maize and sorghum stover (22%) (Rose et al., 

2018).  Increased demand for stakes reduces the carbon sinks thus accumulation of carbon 

dioxide and other greenhouse gases. This causes global warming through increased solar energy 

within the earth system and eventually altered climatic conditions  (Mackey, 2014). Therefore, 

this work intends to evaluate the carbon footprint of bean staking activities. 
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1.2 Problem statement 

Increased adoption of climbing bean varieties in the high altitude and cooler climatic conditions 

of south western Uganda that require staking has intensified the cutting of trees from plantations 

and naturally occurring shrubs thereby reducing carbon sinks. This has led to deforestation 

which accounts for one third of total anthropogenic carbon dioxide emission (Ajay, 2012). 

However, limited research has been done on the environmental impact of the use of stakes for 

bean growing activities. In particular, there is paucity of information on the carbon footprint of 

bean growing activities that involve the use of staking in Uganda. This study aimed at 

evaluating the carbon footprint of bean staking activities so as to provide accurate information 

for policy makers and environmental conservation bodies thus effective control on continued 

deforestation arising from bean staking activities. 

1.3 Objectives 

1.3.1 Main Objective 

To evaluate the carbon footprint of bean staking activities in South Western Uganda. 

1.3.2 Specific objectives 

i. To determine annual flow of bean staking materials. 

ii. To determine the carbon footprint of bean staking operations. 

1.4 Justification 

Evaluating the carbon footprint of bean staking activities will influence policy making through 

developing strategies for land planning and management so as to reduce the cutting of young 

trees. This slows down deforestation leading to increased carbon reserves and thus reduced 

global emissions with biological diversity and sustainable development (Gregory, 2008). 

Carbon sequestration will mitigate CO2 emissions, stabilize atmospheric CO2 levels and in the 

long term reduce the effects of climate change (Behera et al., 2020). 
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1.5 Scope 

This study was limited to determining the annual flow of bean staking materials and 

determining the carbon footprint of bean staking operations thus evaluating the effect of bean 

staking materials on the carbon footprint in Rukiga district located in the south western region 

of Uganda.  
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Chapter 2 :   Literature review 

2.1 Common types of beans 

There are two types of common beans grown in Uganda, determinate and indeterminate. 

Determinate beans are the bush beans like Nabe4, Nabe 15, NAROBEAN 1, 2 and 3 and are 

favoured by low altitude characterized by most of the regions in the country (MAAIF,2018) 

They grow into small bushy shape and are usually two feet tall or less. On the other hand, 

indeterminate beans are the climbing beans such as Nabe 12C, NAROBEAN 4C and 5C that 

are grown in altitudes as high as 2,000 m above sea level as they are suitable for the cooler 

climatic conditions (MAAIF, 2018). They have tendrils that require mechanical staking to 

provide support and enable them grow vertically (Takusewanya et al., 2017). This vertical 

growth of climbing beans, allows them to access light hence growing faster and healthier. It 

also leads to increased yields per unit area due to the tendency of tendrils twisting along the 

stakes allowing them to produce more branches and pods. Staking should be done when tendrils 

for climbing start forming. Climbing beans are usually planted in rows thus increased aeration. 

Staking of beans allows the plants to be spaced enough reducing the risks of being uprooted 

during weeding and being stamped on during spraying compared to broadcasting in bush beans. 

This also reduces the pest and disease influence. The common stakes used are wooden 

materials, wires, maize stalks and fibres. Wooden materials include the common tree species; 

bamboo, Acacia mearnsii (black wattle), Calliandra spp, Eucalyptus spp, Markhamia lutea, 

and Sesbania sesban (MAAIF, 2018). Mukamuhirwa et al.,(2014) reported that inadequate 

staking causes a yield loss of 50-90% indicating the importance of staking. However, staking 

of beans using trees involves many challenges as reported by Roses et al.,(2018). These 

challenges include costly stakes, breaking of stakes due to heavy pod load or becoming old, 

theft, multiple uses of stakes (fire wood, building), termites and the cumbersome activities 

(cutting, transporting). Stakes are obtained through thinning, cutting young trees, branches or 

bushes. This determines the size of the stakes and the number of times (seasons) they will be 

used. The less the number of seasons the stakes are reused the more trees are cut to replace the 

lost stakes. This cutting of trees to be used as stakes may lead to deforestation. Deforestation 

accounts for one third of total anthropogenic carbon dioxide emission (Ajay, 2012). Carbon 
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dioxide accounts for about three-fourths of total greenhouse gas emissions (Indicators et al., 

2016) 

2.2 Carbon footprint 

John & Growcom, (2008) defined carbon footprint as the direct measure of greenhouse gas 

emissions (expressed in tonnes of carbon dioxide [CO2] equivalents) caused by a defined 

activity. Bean staking activities may lead to the increase of carbon dioxide emissions into the 

atmosphere as more people adapt to planting climbing beans since more trees will be cut thus 

accelerating deforestation. Most of the trees cut for bean staking are young and growing trees 

which have the greatest net carbon uptake (Sedjo & Sohngen, 2012). Cutting of young and 

growing trees for bean staking largely contributes to the decrease in carbon sequestration thus 

destabilizing levels of carbon dioxide and increases the effects of climate change. Carbon 

sequestration is the process by which carbon dioxide is captured from the atmosphere and stored 

in oceans, terrestrial ecosystem and geological formations (Keenan & Williams, 2018). Carbon 

sequestration aims at reducing global climatic change by decreasing the net flux of CO2. 

2.3 Effect of trees on carbon sequestration 

Trees are important sinks for atmospheric carbon i.e., CO2, since 50 per cent of their standing 

biomass is carbon itself (Behera et al., 2020). The net exchange of carbon between the land and 

atmosphere depends on the balance between gross photosynthesis, total plant and soil 

respiration. The below ground biomass which constitutes all the live roots plays an important 

role in the carbon cycle by transferring and storing carbon in the soil. The dead mass of litter 

and woody debris are not a major carbon pool as they contribute merely a small fraction to the 

carbon stocks of forests. Soil organic matter is also a chief contributor to the carbon stocks of 

trees next only to the above-ground biomass and soils are a major source of carbon emissions 

following deforestation. The amount of carbon dioxide absorbed depends on the tree species, 

trunk diameter, cover density, location and forest status. In order to sequester more carbon, the 

trees used for bean staking should be replaced with fast growing species such as eucalyptus 

trees that sequester carbon rapidly with a series of rotations having a harvesting period equal to 

or exceeding the length of rotation. The newly replaced trees store and sequester more carbon 

through rapid growth of canopy cover and above ground biomass (Behera et al., 2020). The fast 

growth of the trees can be accelerated by planting them on soils with high organic matter. 



6 

 

Compared with other species, eucalyptus captures CO2, fixes carbon and generates oxygen 

because of its high growth rate and denser wood capable of accumulating more carbon per unit 

of volume (Grossberg, 2009). 

2.4 Effect of trees on the carbon cycle 

Trees function as carbon reservoirs since they are capable of capturing billions of tons of CO2 

to the stored carbon pools. Carbon sinks are reservoirs that absorb and sequester more carbon 

than that released so as to outweigh greenhouse gas emissions and reduce global warming and 

climate change since mature and growing trees store a quarter of total anthropogenic emissions 

into their wood and soils per year (Bellassen et al., 2009). Carbon sources are components that 

lead to carbon emission accumulation majorly by anthropogenic activities such as tree cutting 

(University of New Hampshire, 2014). Biomass refers to all dry weight of trees. It includes both 

above ground biomass and below ground biomass, both living and dead including soil organic 

matter, dead wood and litter. The carbon dioxide fixed by plants during photosynthesis is 

transferred across the different carbon pools. The above-ground biomass of a tree constitutes 

the major portion of the carbon pool and it is the most important and visible carbon pool of the 

terrestrial forest ecosystem. This will include all carbon estimation through land cover changes 

due to tree cutting so as to acquire bean staking materials. That is, deforestation so as to acquire 

land for bean cultivation, thinning of trees, selective cutting and branch cutting to obtain stakes 

encouraging forest degradation. Above ground biomass is estimated by remote sensing which 

is affected by sensor type, spatial and temporal resolutions, scale, field data, errors that lead to 

difficulty in statistical evaluation of the final map. Old trees and young trees function as 

effective carbon sinks whereas young trees have more ability to sequester a relatively larger 

bulk of carbon compared to the older trees. Therefore, old trees should be used as bean staking 

materials other than young trees since older ones may not engage in further new carbon 

sequestration while they remain to store an enormous amount of carbon as biomass.  

2.5 Machine learning 

Machine learning (ML) is the scientific study of algorithms and statistical models that computer 

systems use to perform a specific task without being explicitly programme. These algorithms 

are used for various purposes like data mining, image processing, predictive analytics and 

image filtering. The kind of algorithm employed depends on the kind of problem you wish to 
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solve, the number of variables, the kind of model that would suit it best  (Batta, 2020). Machine 

learning handles data more efficiently producing supervised and unsupervised classification 

with high accuracies from machine learning models such as Support vector Machine, Random 

Forests, Navie Bayes and Gradient Tree Boost. Ensemble learning which is the process by 

which multiple models, such as classifiers or experts, are strategically generated and combined 

to solve a particular computational intelligence problem through boosting which refers to a 

family of algorithms that convert weak learners into strong learners so as to decrease bias and 

variance. Ensemble learning is primarily used to improve the performance of a model, fuse data 

or reduce the likelihood of an unfortunate selection of a poor one (Batta, 2020). Ensemble is 

usually used to output a map whose confidence and decision on classification is accepted by 

two or more machine learning models.  

2.6 Change detection using remote sensing 

Change detection is the technique, which is used for the assessment of resources, where multi-

date images are compared to find out the type and amount of change have occurred. Satellite 

remote sensing imagery is a viable source of gathering quality land cover information at local, 

regional and global scales (Yacouba et al., 2010). Remote sensing acquires data from a distance 

of an object, area or a phenomenon by analyzing the data through instruments without being in 

contact with the object or area which is being examined. Remote sensing technology provides 

a synoptic view of the surface area of interest, thereby capturing the spatial variability in the 

attributes of interest. Remote sensing technology obtains information about an area of interest 

on large scale and is cheaper compared to fieldwork. Remotely sensed images have been 

extensively utilized to monitor and analyze Earth surface changes over time and forest biomass 

estimation. The Land use land cover change maps obtained using remote sensing are used as 

input data for ArcGIS and InVEST model to quantify the biomass estimation and determine the 

change detection. 

2.7 Carbon stock modelling  

In the twentieth century, climate change has become one of the most severe environmental 

threats in the world. Carbon sequestration and storage by natural forests are considered as one 

of the most vital ecosystem services that reduce atmospheric CO2 which accelerates climate 

change. Therefore, modeling the spatial distribution of carbon storage is necessary when 
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combating climate (Piyathilake et al., 2021). Estimating forest carbon stocks is important in 

assessing the magnitude of carbon exchange between the forest ecosystem and the atmosphere. 

The amount of carbon sequestrated by a forest gives an estimate of the carbon emitted into the 

atmosphere when a particular forest area is forested or degraded. It also helps to understand the 

current status of carbon stocks and also derive the near-future changes in the carbon stocks 

(Vashum, 2012). The Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) 

Carbon storage and sequestration model is one of the prominent models that has been widely 

applied in different scenarios in the world to estimate carbon storage in a particular area. 

InVEST is a series of models that have been developed by the Natural Capital Project (NatCap). 

All the developed InVEST models are available as stand-alone softwares which can be run 

through a graphical user interface. It  is essential to use a mapping software via ArcGIS or QGIS 

to prepare certain inputs to carry out further analysis (Piyathilake et al., 2021). 

The InVEST model utilizes LULC maps of a particular area along with carbon stocks data in 

four carbon pools (aboveground biomass, belowground biomass, soil, and dead organic matter) 

to estimate the amount of carbon currently stored in a landscape or the amount of carbon 

sequestered over time. Any changes in the land use system like forest degradation and 

deforestation has a direct impact on this component of the carbon pool. The model works by 

integrating the LULC raster datasets and CSV file containing carbon pool data and then running 

the model by InVEST software to produce final maps and data tables that are found within a 

user-defined workspace folder for this model run. 

Essentially, InVEST model provides information about how changes in ecosystems are likely 

to lead to changes in the flows of benefits to people and thus provides information necessary 

for decision makers to mitigate changes brought about by LULC changes. 

2.7.1 Estimating carbon stock change using InVEST   

Land use land cover change is one of the major factors influencing the storage of ecosystem 

carbon therefore, the conversion of forest ecosystems into various land uses and land cover 

changes is believed to be one of the major sources of greenhouse gases (GHGs) emissions in 

the atmosphere (Zhao et al., 2018). Carbon storage on a land parcel largely depends on the sizes 

of four carbon “pools:” aboveground biomass, below-ground biomass, soil, and dead organic 

matter. The InVEST Carbon Storage and Sequestration model aggregates the amount of carbon 
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stored in these pools according to the land use maps and classifications produced by the user. 

The model uses grid land cover data and a look-up table of the four pools (above ground 

biomass, below ground biomass, soil carbon and dead organic matter) as input.  Using maps of 

land use and land cover types and the amount of carbon stored in carbon pools, this model 

estimates the net amount of carbon stored in a land parcel over time and the market values of 

the carbon sequestered in remaining stock. Limitations of the model include an oversimplified 

carbon cycle, an assumed linear change in carbon sequestration over time, and potentially 

inaccurate discounting rates. Biophysical conditions important for carbon sequestration such as 

photosynthesis rates and the presence of active soil organisms are also not included in the model 

(Bagstad et al., 2013). The model maps carbon storage densities to land use/landcover (LULC) 

rasters which include types such as forest, pasture, or agricultural land. The model summarizes 

results into a raster output of the spatial distribution of carbon storage (Piyathilake et al., 2021).  

2.7.2 Interpretation of Carbon InVEST model results 

Understanding of the model results is usually by exploring the Report.html which presents a 

summary of all data computed by the model and description of other output files. The 

tot_c_cur/tot_c_fut raster, the sum of all carbon pools provided by the biophysical table 

represents the amount of carbon currently stored in Mg in each grid cell. The delta_cur_fut 

raster represents the difference in carbon stored between the future LULC map and current 

LULC map in Mg per grid cell. Positive values in the map represent sequestrated carbon 

whereas negative values represent carbon that was lost (Oyěwùmí et al., 2016).  

2.8 Biomass regression equations 

The method basically involves estimating the biomass per average tree of each diameter (dbh) 

class of the stand table, multiplying by the number of trees in the class, and summing across all 

classes where choice of the average diameter to represent the dbh class is a major issue. 

Equations were developed from a database including various species from three tropical regions 

for dbh range of 5 to 148 cm. The biomass regression equations shown in Table 2-1 provide 

estimates of biomass per tree. The data base was stratified into three main climatic zones, 

regardless of species: dry (rainfall <1500mm rain/year), moist (1500 -4000 mm rain/year) and 

wet (4000 mm rain/year) (Martinez-yrizar et al.., 1992). 
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Table 2-1 Biomass regression equations 

Climatic zone Equation Range in dbh (cm) 

Dry Y = exp{-1.996+2.32*ln(D)} 5-40 

 Y =10^{-0.535+log10(BA)} 3-30 

Moist Y = 42.69-12.800(D)+1.242(D2) 5-148 

 Y = exp{-2.134+2.530*ln(D)}  

Wet Y = 21.297-6.953(D)+0.740(D2) 4-112 

Where; Y= biomass per tree in kg, D = dbh in cm, and BA = basal area in cm2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



11 

 

Chapter 3 :  Methodology 

3.1 Study area 

The study was conducted in Rukiga district located in the South western region of Uganda from 

March 2021 to December 2021. Figure 3.1 shows Rukiga district which has an elevation of 

1891m (6205ft). In terms of geographical co-ordinates, Rukiga district is located at latitude: 

1°08’13.8” S and longitude: 30°02’30.8” E. The South western region is characterized by a 

bimodal rainfall pattern, sufficient for two crop seasons per year and intensive farming 

practices. Rukiga district consists of Kashambya, Bukinda, Kamwezi, Rwamucucu sub 

counties, Muhanga and Mparo town councils. 

The vegetation was characterized by montane forests but a series of human interference has led 

to serious degradation and in some cases depletion of vegetation cover. Except for the few 

natural vegetation patches surviving under legislative protection, the rest of the vegetation cover 

in the highlands is either very poor or long gone due to the high population that has put an 

enormous pressure on the land cover and land use in this region, leading to resource overuse 

and subsequent degradation (Nseka et al., 2021) 
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Figure 3.1 Location of Rukiga district in Uganda and its Parishes 
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3.2 Study design  

This shows the ways in which the study area data was acquired and the different procedures 

followed to acquire the annual flow of bean staking materials. The flow chart in Figure 3.2 

briefly describes step by step methods that were used for this objective. The methods are 

categorized into data preprocessing, processing result acquisition.  

 

Figure 3.2 Methodological flow chart for annual flow of staking materials 

3.3 Determining annual flow of bean staking materials 

3.3.1 Data collection 

The input data that was used were the Sentinel-2 (S2) satellite images of March 2019, Landsat 

8 images of 2013 and Landsat 7 images for 2007 since they had the least cloud cover, relatively 

consistent data and suitable for LULC classification and change detection. 

Machine learning via Google Earth Engine was used for cloud masking, Image Compositing, 

date filtering, clipping out Rukiga district boundaries and in image pre-processing. Via Google 
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Earth Engine, training samples for the LULC classes (forests, subsistence farmland, barren 

land) were collected and used for accuracy assessment for the machine learning models (RF, 

GTB) so as to determine the model with the highest accuracy. Land cover maps of 2007, 2013 

and 2019 in Figure 4.1  (RF classified maps) were produced with three classes of land cover 

that is forests, Subsistence farmland, barren land and exported from google earth engine to aid 

in calculating respective areas covered by each LULC class using GIS software. The exports 

were in Geotiff format (.tif)  

3.3.2 Accuracy assessment  

Accuracy Assessment was carried out to determine the accuracy of the classification process. 

The Validation overall accuracy, training overall accuracy and training Kappa for Random 

Forest for the years 2007, 2013 and 2019 were obtained and represented inform of confusion 

matrices. 

3.3.3 Area calculation 

Using ArcGIS, the exports were loaded into the map layer section where the software 

automatically built pyramids to display the maps. The exports were then copied using the Copy 

raster tool in the ArcGIS toolbox so as to remove borders with no values completely. The 

attribute table was generated by adding unique values and projecting the map to required UTM 

zone of Uganda i.e.  WGS_1984_UTM_Zone_36N. The area in square meters covered by the 

different classes was calculated by multiplying the individual class pixel count by the pixel size. 

The area was then converted into acres by dividing area in square meters by 4047 for graphical 

representation and calculation of bean staking materials.  

3.3.4 Calculation of bean staking materials  

According to (MAAIF, 2018), using a spacing of 60cm (between row) and 20cm (between 

plants) for climbing beans, about 18,220 stakes are required per acre.  This was used to calculate 

the number of stakes for total Subsistence farmland area for the years 2007, 2013 and 2019 

using 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑡𝑎𝑘𝑒𝑠 = 𝑡𝑜𝑡𝑎𝑙 𝑠𝑢𝑏𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑒 𝑓𝑎𝑟𝑚𝑙𝑎𝑛𝑑 𝑎𝑟𝑒𝑎 (𝑎𝑐𝑟𝑒𝑠) × 18,220 𝑠𝑡𝑎𝑘𝑒 

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑡𝑎𝑘𝑒𝑠 = 𝑡𝑜𝑡𝑎𝑙 𝑠𝑢𝑏𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑒 𝑓𝑎𝑟𝑚𝑙𝑎𝑛𝑑 𝑎𝑟𝑒𝑎 (𝑎𝑐𝑟𝑒𝑠) ×

18,220 𝑠𝑡𝑎𝑘𝑒𝑠………………… 3.1 
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3.4 Determining the carbon footprint of the bean staking operations 

3.4.1 Calculation of the total amount of carbon stored in stakes 

Using 𝑌 = 10{−0.535+𝑙𝑜𝑔10(𝐵𝐴)} … … .. 3.2, the biomass regression equation that provides 

estimates of biomass per tree by Martinez-yrizar et al., (1992) for the dbh range (3-30cm) and 

average dbh of 2.75cm, the amount of carbon stored in the total number of stakes for each year, 

2007, 2013 and 2019 was calculated.  

𝑌 = 10{−0.535+𝑙𝑜𝑔10(𝐵𝐴)} … … .. 3.2 

Where; Y= biomass per tree in kg and BA = basal area in cm2   determined using 

𝐵𝐴=𝜋𝑟2 … … … … … 3.3 

𝐵𝐴 = 𝜋𝑟2 … … … … … 3.3 

The biomass per tree was then multiplied by the total number of stakes used for the years 2007, 

2013, and 2019 to determine the amount of carbon stored in the stakes and the biomass obtained 

in kg of carbon was converted to Mg of C. 

3.4.2 Methodological flow chart for carbon footprint of bean staking operations 

The flow chart in Figure 3.3 briefly describes step by step methods that were used for this 

objective. The methods are categorized into data acquisition, preprocessing, processing and 

result acquisition.  
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Figure 3.3Methodological flow chart for carbon footprint of bean staking operations 

3.4.3 Generation of carbon stock maps using the Carbon InVEST model 

LULC Geotiff exports were projected to the Uganda UTM zone WGS_1984_UTM_Zone_35N. 

Uniform cell sizes for the LULC Geotiff exports were generated using the resample tool under 

Data management tool in the ArcTool box in order to avoid errors. Estimate values of biomass 

of the four pools (aboveground biomass, belowground biomass, soil, and dead organic matter) 

for each land cover class and referring specifically to forests, subsistence farmland and barren 

land Table 3-1 were acquired from (Oyěwùmí et al., (2016); Penman et al., (2003) A CSV file 

for biomass values of all the carbon pools for each class was created and together with the 

LULC maps used as input data for the carbon InVEST model (InVEST_3.9.2_×64_Setup.exe).  

The model was then run and results obtained in the folder provided in the selected file chosen 

in the workspace section.  

Table 3-1 A table showing biomass values of all the carbon pools for each class 

Land 

cover code 

Land cover name C_above C_belo

w 

C_soil C_dead 

1 Forests 140 70 35 12 

2 Subsistence 

farmland 

25 40 25 6 

3 Barren Land 0 0 5 2 
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3.4.4 Estimation of carbon storage by Invest model 

According to Piyathilake et al., (2021), the  model calculated the carbon density of each LULC 

class using 𝐶𝑖 =  𝐶𝑖  (𝑎𝑏𝑜𝑣𝑒) + 𝐶𝑖 (𝑏𝑒𝑙𝑜𝑤)  + 𝐶𝑖 (𝑑𝑒𝑎𝑑) + 𝐶𝑖 (𝑠𝑜𝑖𝑙) ……. 3.4 

𝐶𝑖 =  𝐶𝑖  (𝑎𝑏𝑜𝑣𝑒) + 𝐶𝑖 (𝑏𝑒𝑙𝑜𝑤)  + 𝐶𝑖 (𝑑𝑒𝑎𝑑) + 𝐶𝑖 (𝑠𝑜𝑖𝑙) ……. 3.4 

where, Ci (above) is the carbon density of aboveground biomass in the ith LULC class (tons/ha), 

Ci (below) is the carbon density of belowground biomass in the ith LULC class (tons/ ha), Ci (dead) 

is the carbon density of dead organic materials in the ith LULC class (tons/ha), and Ci (soil) is 

the carbon density of soil in the ith LULC class (tons/ha). The total carbon storage of the study 

area was then calculated by the model software based on Ctotal  =  ∑𝑖
𝑛 𝐶𝑖  +  𝐴𝑖 … … … 3.5 

Ctotal  =  ∑𝑖
𝑛 𝐶𝑖  +  𝐴𝑖 … … … 3.5 

  where, Ctotal is the total carbon stored in the study area (tons), n is the number of LULC classes 

in the study area, and Ai is the area of each LULC class (ha). 

3.4.5 Determination of carbon footprint  

Carbon stock maps were produced to find out how much carbon has been lost over the 

observation years and the carbon estimate values in Mg of C from the Report.html from the 

invest model were extracted and used to calculate the percent contribution of stakes to carbon 

loss. 

According to DKeilany, (1978), 1 g C = 0.083 mole CO2 = 3.664 g CO2. Therefore, the Mg of 

C were converted into Mg of CO2 so as to obtain the emissions inform of carbon dioxide [CO2] 

equivalents thus the carbon footprint.   
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Chapter 4 :   Results and discussion  

4.1 Determining annual flow of bean staking materials 

4.1.1 Accuracy assessment obtained by ML models 

Table 4-1,Table 4-2  and Table 4-3 show the confusion matrices obtained by RF model whereas 

Table 4-4 shows the achieved overall accuracies for 2007, 2013 and 2019. The accuracies were 

above 90%. Therefore, the classification procedure gave reliable results for further spatial 

analysis. 

Table 4-1 Accuracy assessment confusion matrix_2007 

 Predicted number 

Actual 

number 

 Forests Subsistence 

farmland 

Barren 

land 

Forests 3078 5 1 

Subsistence 

farmland 

6 362 0 

Barren land 1 14 783 

Table 4-2 Accuracy assessment confusion matrix_2013 

 Predicted number 

Actual 

number 

 Forests Subsistence 

farmland 

Barren 

land 

Forests 1248 6 0 

Subsistence 

farmland 

13 1050 0 

Barren land 0 2 287 

Table 4-3 Accuracy assessment confusion matrix_2019 

 Predicted number 

Actual 

number 

 Forests Subsistence 

farmland 

Barren 

land 

Forests 339 0 0 

Subsistence 

farmland 

3 130 4 

Barren land 0 4 164 
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Table 4-4 Percentage accuracies achieved by RF model during classification 

Year Training 

overall 

accuracy 

Validation 

overall 

accuracy 

Training 

Kappa 

2007 99% 98% 95% 

2013 98% 99% 97% 

2019 95% 98% 92% 

 

4.1.2 Change detection 

From Figure 4.1, it was observed that forests were the largest class representing 72.07% in 

2007, decreased to 42.8% in 2013 and later to 28.74% in 2019. whereas subsistence Farmland 

increased from 19.41 % in 2007 to 31.7% in 2013 then to 62.63% in 2019 and barren land 

increased from 8.52% in 2007 to 20.2% in 2013 and later decreased to 8.63%in 2019.  From 

Error! Reference source not found. it was observed that stochastic changes in land use land c

over types occurred. The reason behind this change was the rapidly growing population 

resulting in demand for more food and land hence deforestation and conversion from forest 

cover to other land cover types such as farm land and barren land. Forests act as prime carbon 

sinks that capture and retain large volumes of carbon over long periods. The increased 

conversion of forests into subsistence farmland and barren land attributed to further reduction 

in total carbon stock since other LULC classes contain lesser carbon stock compared to forests 

as explained by Dida et al., (2021). 
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Figure 4.1 Maps showing LULC Change for the years 2007, 2013 & 2019 

 

 

 Figure 4.2 A graph showing LULC Change for the years 2007,2013 & 2019 
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4.1.3 Annual flow of bean staking materials 

The number of stakes that were used on the total Subsistence farmland for the years 2007, 2013 

and 2019 were calculated and presented in Table 4-5 since cultivation is done in two seasons 

as reported by Nseka et al.,(2021) and beans are commonly grown atleast on a yearly basis 

hence every subsistence farmland was assumed to have been used for growing climbing beans 

atleast in a year. 

Table 4-5 Number of stakes used for the years, 2007, 2013 and 2019 

YEAR AREA (Subsistence 

Farmland) 

(Acres) 

Number of 

stakes 

2007 20560.81 3.75×108 

2013 39246.36 7.15×108 

2019 66356.21 1.21×109 

 

4.2 Determining the carbon footprint of the bean staking operations 

The InVEST carbon storage and sequestration model was effective in calculating the carbon 

loss and carbon stock change between the years 2007 and 2013 then 2013 and 2013 as explained 

by  Piyathilake et al., (2021). Table 4-6  represents the amount of carbon stored in each pool 

derived from carbon pool maps in  Appendix A: Carbon pool maps for 2007, Appendix B: 

Carbon pool maps for 2013 and Appendix C:  Carbon pool maps for 2019for all the LULC 

classes whereas the maps in Figure 4.3 Carbon stock maps for years, 2007, 2013 and 2019show 

the amount of carbon stored in the years 2007, 2013 and 2019. The highest carbon was stored 

in forests that is 10.3 tons, followed by subsistence farmland with 4.28 tons, and barren land 

with 0.28 tons. This indicated that forests are capable of sequestering and storing more amounts 

of carbon compared to other LULC classes. Figure 4.4 shows the carbon stock difference maps 

between the years 2007 and 2013, then between 2013 and 2019. It was observed that there was 

an increased loss of carbon stock over the years. The carbon stock decreased by 2619689.79 

Mg C from 2007 to 2013 and then by 1996839.97 Mg C from 2013 to 2019. This was due to 

deforestation and forest cover conversion that involves cutting down of trees that act as carbon 

sinks and as the result the carbon is released in the atmosphere 
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Table 4-6 Carbon pool table for carbon stored in each LULC class 

Land 

cover code 

Land cover name C_above C_belo

w 

C_soil C_dead 

1 Forests 5.6 2.8 0.52 1.4 

2 Subsistence 

farmland 

1 1.6 0.48 1.2 

3 Barren Land 0 0 0.08 0.2 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.3 Carbon stock maps for years, 2007, 2013 and 2019 
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Figure 4.4 Carbon stock change maps between the years 2007 & 2013 and 2013 & 2019 

The amount of carbon stored in stakes, stake contribution to carbon loss and percentage 

contribution of stakes to carbon loss were calculated and represented in Table 4-7. One 

Megagram is equivalent to one ton as shown Appendix D: Standard equivalents.  

Table 4-7 Carbon stock change, stake contribution to carbon for 2007,2013 and 2019 

descri

ption 

Value (Mg of 

C)/ tonnes of 

C 

Value (Mg of 

CO2) / tonnes 

of CO2 

Stake 

contributio

n (Mg of 

C)/ tonnes 

of C 

Stake 

contribution 

(Mg of CO2)/ 

tonnes of 

CO2 

Perce

ntage 

Contr

ibutio

n (%) 

2007 8,351,361.43 30,599,388.28 649,138 2,378,441.63 7.77 

2013 5,730,093.98 20,995,064.34 1,239,071 4,539.956.14 21.62 

2019 3,734,246.88 13,682,280.57 2,094,973 7,675,981.07 56.1 

Chang

e in C 

4,617,114.55 16,917,107.71 1,445.835 5,297,539.44 31.31 
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Chapter 5 :  Conclusion and recommendations 

5.1 Conclusion 

Results from the study show that there is a significant contribution of bean staking activities 

that is about 31.31 % to the carbon footprint. The carbon footprint was due to increased LULC 

change attributed to deforestation in order to obtain staking materials and conversion of forest 

cover into Subsistence farmland. 

5.2 Recommendations 

Proper land use management strategies within the umbrella of forest and environmental 

management plans need to be established and implemented very soon so as to reduce forest 

cover conversion into other LULC classes, reduce the staking materials being lost from the 

forests and impose forced replacement of staking materials.  

Further studies should be done using higher resolution images from drones to monitor forest 

cover degradation, carbon stock loss and carbon footprint. 
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Appendices 

Appendix A: Carbon pool maps for 2007 

 

 

 

 

 

 

 

 

 

 

Appendix B: Carbon pool maps for 2013 
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Appendix C:  Carbon pool maps for 2019 

 

 

 

 

 

 

 

 

 

 

 

Appendix D: Standard equivalents 

1 ton 1 megagram 

1 kiloton 1 gigagram 

1 acre 4047 m2 

 

 

 

 

 


