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Abstract 

The anthropization of natural ecosystems has not excluded the domain classified by the State. As a result, 

the landscape of protected areas such as the Dinderesso Classified Forest is highly heterogeneous. The 

overall objective was to assess the performance of machine learning algorithms in better mapping the land 

use classes of the Dinderesso Classified Forest. To do this, a Sentinel-2 image and information collected in 

the field were used. The Sentinel-2 image was classified using Random Forest and Support Vector Machine 

algorithms. 850 regions of interest were selected for model training and validation. Random Forest 

performed best, with a Kappa coefficient of 91.49% compared with 90.17% for Support Vector Machine. The 

F-score for the Bare land and Agroforestry parks class was the highest (0.98) and the Gallery and Dense 

Vegetation class had the lowest F-score (0.82). Both algorithms showed high levels of performance, so they 

are suitable for classifying heterogeneous landscapes. The proportion of the Bare land and Agroforestry 

parks class was 29.29% compared with 70.71% for the natural formation classes (shrub savannahs, tree 

savannahs, Gallery, and Dense Vegetation). Given the level of anthropization of the Classified Forest, 

measures need to be taken to limit this process to conserve biodiversity. 
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Introduction 

Burkina Faso, a Sahelian country, is home to major 

reservoirs of biodiversity in West Africa (Ouoba, 

2006; Tankaono et al., 2017; Tiendrebeogo et al., 

2019). The State's classified domain, which covers 

around 14% of the national territory, is the foundation 

of the national biodiversity conservation policy 

(Tankaono et al., 2016; Zida et al., 2015). However, 

human activities such as inappropriate agricultural 

practices, overpopulation, exploitation, and urban 

sprawl, combined with the poverty of rural 

populations, constitute serious threats to this 

classified State domain (Tankoano et al., 2015; Sanon 

et al., 2019). According to the latest report on Burkina 

Faso's forests, around 60% of the country's protected 

areas are under human occupation (DIFOR, 2007). 

Between 1990 and 2015, the surface area of plant 

cover was reduced by around 1% per year (FAO, 

2015). One of the main causes of this deforestation of 

protected areas is agriculture and gold panning 

(Ouedraogo et al., 2010; Dimobe et al., 2015; 

Soulama et al., 2015; Zoungrana et al., 2015; Semeki 

Ngabinzeke et al., 2016). These two main activities 

lead to the fragmentation of the forest ecosystems in 

these protected areas (Kabulu et al., 2008; Kpedenou 

et al., 2016; Tankoano et al., 2016; Sanon et al., 

2019). Faced with this situation, monitoring the 

country's last vestiges of biodiversity is becoming 

crucial, even imperative, at the risk of witnessing an 

erosion of national biodiversity. Unfortunately, 

financial and human resources are lacking. 

 

Most studies concerning vegetation cover mapping in 

Burkina Faso are based on Landsat satellite images, 

but very few have used Sentinel-2 images. Nowadays, 

remote sensing has become a powerful tool for 

monitoring protected areas. Satellite imagery is 

commonly used to study the dynamics of land-use 

units, mutations between land-use units, and the 

impacts of agricultural activities and logging (Jofack-

Sokeng et al., 2016; Gansaonré et al., 2020; 

Tankoano et al., 2023). These various activities 

within protected areas lead to a certain het erogeneity 

in the landscape, which makes it difficult to classify 

land-use units with a high level of precision. 

More and more satellites and classification 

algorithms are being developed for this purpose. 

Machine learning algorithms are also being used to 

classify satellite images. Sentinel-2 images, with their 

high resolution (10m), make it easier to detect the 

smallest units in the landscape. Machine learning 

algorithms enable accurate cartographic results, 

facilitating timely decision-making by protected area 

managers. 

 

However, the application of machine learning 

algorithms in classifying heterogeneous ecosystems 

has been explored little. Their contribution to 

improved accuracy, hence the reduction of interclass 

confusion, therefore needs to be explored in highly 

heterogeneous savannah ecosystems. 

 

This study aims to evaluate the ability of machine 

learning algorithms to classify a heterogeneous 

landscape using a sentinel-2 image with high 

accuracy. Specifically, the aim was to (i) map the 

Dinderesso Classified Forest using a Sentinel-2 image 

and machine learning ; (ii) assess the ability of each 

two machine learning algorithms (RF and SVM) to 

better classify the land use/land cover within 

Dinderesso classified forest. 

 

Methodology 

Study area 

The Dinderesso classified forest (DCF) is located 

between longitudes 4 18'46'' and 4 26'40'' West and 

latitudes 11 11'05'' and 11 18'10'' North (Fig. 1). It is 

located in the west of Burkina Faso, in the province of 

Houet and to the northwest of Bobo-Dioulasso. It was 

initially created by order number 422/SE of 27 

February 1936 with an area of 7000 hectares (ha), its 

area was increased to 8500 hectares (ha) by order 

number 3006/SE of 26 August 1941. According to 

Fontes and Guinko (1995), the DCF is in the South 

Sudanian climatic zone with a mean annual rainfall of 

1055.12 mm and a mean annual temperature of 26.9 

°C. The winter season lasts 5 to 6 months from May to 

September or October. Two types of plant formations 

characterize the vegetation in the study area. Natural 

plant formations are made up of gallery forests, 



J. Bio. & Env. Sci. 2024 

 

124 | Tankoano et al.  

shrubs, and tree savannahs, and artificial plant 

formations are made up of plantations of exotic 

species. The topography of the Dinderesso classified 

forest is rugged, with highly. 

 

Fig. 1. Location of study area 

 

Data acquisition 

The Sentinel-2 mission is the optical component of 

the European Copernicus program. This mission aims 

to provide data in 13 spectral bands (Table 1) over the 

whole of the Earth, with a temporal resolution of 5 

days. The main objective is to provide high-resolution 

monitoring of all land masses, analyze changes in 

vegetation and land use, and assess the impact of 

climate change. 

 

Table 1. Sentinel-2 image characteristics for 

29/10/2022 

Band (s) Spatial 
resolution (m) 

Wavelength 
(nm) 

Description 

B1 60 443 Aerosols 
B2 10 490 Blue 
B3 10 560 Green 
B4 10 665 Red 
B5 20 705 Red-edge A 
B6 20 740 Red-edge B 
B7 20 783 Red-edge C 
B8 10 842 NIR 
B8a 20 865 Red-edge D 
B9 60 940 Water vapour 
B10 60 1375 Cirrus 
B11 20 1610 SWIR 
B12 20 2190 SWIR 

 

According to Nguyen et al. (2020), the characteristics of 

the Sentinel-2 sensor have contributed to its widespread 

use in mapping vegetation dynamics, assessing changes 

in forest landscapes, and sustainable management of 

natural resources. Sentinel-2 imagery was chosen for 

this study because of its high spatial resolution. 

According to Vajsová et al. (2020), Sentinel-2 products 

are freely available on the European Space Agency's 

Copernicus Open Access Hub 

(https://scihub.copernicus.eu) and the United States 

Geological Survey Earth Explorer 

(https://earthexplorer.usgs.gov/) (Fig. 2). For this study, 

we downloaded the image of 29/10/2022 from the 

USGS website. The image acquisition period is ideal for 

the area as there is often less cloud cover and the 

vegetation looks very good with high chlorophyll activity. 

 

Fig. 2. Flow chart for adopted methodology 

 

Preprocessing 

It should be noted that Sentinel-2A/2B images do not 

require atmospheric, geometric, or radiometric 

corrections, as these various pre-processing operations 

have already been carried out before they are made 

available to users (Hagolle et al., 2015). Then, the 

stacking layers of the bands of interest in this study were 

made. Finally, in this phase, the study area was extracted 

using the DCF contour shapefile to clip it from the entire 

scene. The « Clip multi rasters» command in QGIS 

software performed this process step. 

 

Combinations of bands, biophysical indices, and 

training plots 

This step consisted to do a false color composition 

that served as a basis for good spectral discrimination 
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of the land use/land cover classes. In addition, we 

calculated certain biophysical indices (NDVI, NDWI, 

NDBI). The visual interpretation of the 8-4-3 color 

composition and the biophysical indices highlighted 

land cover classes such as shrub, wooded savannah, 

gallery forest, bare soil, and agroforestry parks. False 

color composition and biophysical indices were used 

to identify and better describe the land cover classes 

in the field. The land use/ land cover classes 

discriminated based on these color compositions were 

then identified and described in the field. A total, of 

850 areas of interest were collected and distributed 

over the different classes. They were used for training 

(70%) and control (30%). Qgis software was used to 

carry out all these operations. 

 

Classification 

Trained models and classification using RF and SVM 

algorithms 

The images were classified using two machine 

learning algorithms. To do this, the reference data 

collected was divided into 70% for training and 30% 

for testing the model. This approach avoids over-

fitting (Gholamy et al., 2018). A pixel-based image 

classification met hod was applied using two 

supervised classifiers on the Google Colab platform: 

Random Forest (RF) and Support Vector Machine 

(SVM). RF is a set of classification trees that uses 

the bagging operation to generate multiple decision 

trees (ntree) based on a randomly selected subset of 

training data. According to each tree is then 

expanded to its maximum size based on a bootstrap 

sample of the training dataset  without any pruning, 

and each node is split using the best among a subset  

of input variables (mtry) (Breiman, 2001; Karlson et  

al., 2015). Classification is performed using the most 

voted class of each tree predictor. SVM is a non-

parametric supervised machine learning algorithm 

that considers that for a non-linear separable data 

set, composed of points of two classes, all points of 

one class can be separated from those of the other 

class using an infinite number of hyperplanes. The 

best hyperplane with the largest margin bet ween 

the two classes is selected using a subset of training 

samples called support vectors (Cracknell and 

Reading, 2014; Maulik and Chakraborty, 2017). 

These two algorithms (RF and SVM) are widely used 

for their performance in satellite image classification 

(Muñoz-Marí et al., 2010; Nery et al., 2016; 

Shelestov et al., 2017). The Google Colab platform 

was used for this classification. 

 

Accuracy assessment 

In this section, the accuracy assessment met rics were 

made based on each machine learning algorithm. This 

enabled the performance of each algorithm to be 

evaluated and compared. 

 

Confusion matrix: The most widely used tool for 

assessing the quality of classification is the confusion 

matrix, which can be used to obtain a series of 

descriptive and analytical statistics (Islami et al., 

2022, Liu et al., 2007; Foody, 2002; Smits et al., 1999 

; Congalton, 1991). 

 

Overall Accuracy (OA): The overall accuracy (OA) 

is the percentage of pixels or samples correctly 

classified on the whole dataset (Pal, 2005; 2013). 

Congalton (2001) states it is the most frequently 

used accuracy metric in Earth resource remote 

sensing. It provides an overall assessment of the 

classification performance (Eq. 1). In practice, the 

overall precision is calculated based on the 

confusion matrix. The sum of the pixels on the 

diagonal of the matrix is divided by the total 

number of pixels in the dataset. 

 

OA={(Sum of correctly classified pixels in the 

diagonal)/(Total number of pixels)}×100               Eq. 1 

 

Producer's Accuracy (PA): To calculate the PA, the 

information provided by the confusion matrix, such 

as the correctly classified and incorrectly classified 

pixels of each land cover class, is used (Becker et al., 

2021; Islami et al., 2022). The PA is therefore the 

ratio between the number of correctly classified pixels 

in each land cover class and the total of the pixels in 

the column (Eq. 2). 

PA={(Correctly classified pixels)/(Column total 

)}×100                                                                            Eq. 2 
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User's Accuracy (UA): UA also provides very 

important information for assessing the accuracy 

of classification in remote sensing. It determines 

the percentage of pixels correctly discriminated for 

a given class out of all the pixels classified in that 

class by the classifier. Thus, to calculate the UA for 

a class, the ratio between the number of pixels 

correctly classified in each row (true positives) and 

the total number of pixels in a row corresponding 

to this class from the confusion matrix are 

multiplied by 100 (Eq. 3). 

 

UA={(Correctly classified pixel)/(Row total )}×100 Eq. 3 

 

F-score: The F-score, or F1-score, is a vitally important 

measure in machine learning, particularly for evaluating 

classification models. It has the advantage of combining 

precision and recall in a single measure, allowing a 

balanced evaluation of a model's performance 

(Solórzano et al., 2021). Its formula is as follows (Eq. 4). 

 

F-score=(2(Precision*Recall))/(Precision+Recall) Eq. 4 

 

Kappa Coefficient (K): The Kappa coefficient is used 

to evaluate the level of similarity between the 

observed classification and the predicted one, which 

makes it a useful tool for evaluating the performance 

of a classification model. The Kappa coefficient takes 

pure chance into account. Its formula is given by the 

following Eq. 5. 

 

K=(Overall accuracy-Estimated change agreement)/(1-

Estimated change agreement)                                     Eq. 5 

Where overall accuracy (OA) is the proportion of 

appropriately identified samples across our entire 

dataset, and estimated chance agreement (EA) is the 

expected proportion of agreement by chance. 

 

Post-classification 

For post-classification processing, the Qgis sieve 

function with a 3×3 median filter was applied to the 

classified images to sharpen them by eliminating 

isolated pixels. This function helps to replace the values 

of isolated pixels with the value of the largest 

neighboring plot. It is beneficial for cleaning small 

patches from a classification and improves cartographic 

rendering. The post-processed images were then 

vectorized to produce land use/land cover maps of the 

Dinderesso Classified Forest. The statistics for the 

different land use/land cover classes were calculated 

using QGIS software. 

 

Results 

Description of land use/land cover classes 

Four LULC classes were identified in the Dinderesso 

classified forest (Fig. 3). These are Galleries and 

Dense Vegetation (GDV), Wooded savannah (WS), 

Shrub savannah (SS), and Bare land and Agroforestry 

parks (BLAP). 

 

Fig. 3. Land use/land cover classes in Dinderesso 

classified forest 

 

Accuracy assessment metrics of classification 

In the discrimination of galleries and dense 

vegetation, the RF was less accurate than the other 

classes, with a PA of about 0.85 and a UA of about 

0.82 (Table 2). Despite this, the F-score of about 0.84 

shows that the RF algorithm effectively identifiesd 

galleries and dense vegetation. For the same class, the 

SVM obtained a PA of about 0.80, a UA of about 0.85, 

and a F-score of about 0.82. Next, the shrub 

savannahs class was better discriminated by the RF 

with an identical value of about 0.91 for PA, UA, and 

F-score. The SVM recorded a PA of 0.88, a UA of 

about 0.91, and an F-score of 0.89 for shrub 

savannas. As for Wooded savannahs, the RF 

classification obtained an AP of 0.94, a UA of about 

0.95, and an F-score of 0.94; the SVM algorithm 

recorded a similar value of 0.94, respectively for the 

PA, UA, and F-score. Finally, Bare Land and 

agroforestry parks were the best ranked with a high 

accuracy of about 0.98 for PA, UA, and F-Score in 

both algorithms (RF and SVM). The OA of RF and 

SVM are relatively equal with respective values of 
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about 96.86% and 96.26%. The Kappa coefficients are 

91.49% and 90.17% for RF and SVM respectively. 

These overall accuracy measurements demonstrate 

the effectiveness of RF and SVM in providing accurate 

and reliable land cover classifications using Sentinel-

2 satellite data. 

 

Table 2. Assessment accuracy metrics for each algorithm 

LULC classes Random forest (RF) Support vector machine (SVM) 
PA UA F-Score PA UA F-Score 

Gallery and dense vegetation 0.85 0.82 0,84 0.80 0.85 0.82 
Wooded savannah 0.94 0.95 0.94 0.94 0.94 0.94 
Shrub savannah 0.91 0.91 0.91 0.88 0.91 0.89 
Bare land and agroforestry parks 0.98 0.98 0.98 0.98 0.98 0.98 
 OA=96.86%; Kappa=91.49% OA=96.26% ; Kappa=90.17% 

 

Discrimination between the different land-use classes 

is satisfactory, with less confusion observed between 

classes using both the RF and SVM algorithms. The 

confusion matrices show very little confusion between 

the classes using both the RF and SVM algorithms.  

 

Table 3. Confusion matrix from the random forest 

algorithm 

LULC classes BLAP SS WS GDV 
BLAP 13680 222 13 0 
SS 219 2245 10 0 
WS 1 7 1220 50 
GDV 0 0 62 290 

 

Table 4. Confusion matrix from the support vector 

machine algorithm 

LULC classes BLAP SS WS GDV 
BLAP 13768 315 11 0 
SS 211 2251 12 0 
WS 0 3 1198 77 
GDV 0 0 52 300 

 

An in-depth analysis of Tables 3 and 4 shows that 

the bare soil and agroforestry parkland class is 

confused with the shrub savannah class. 

Confusions are also observed between the shrub 

savannahs class, the galleries, and the dense 

vegetation class. Table 3 shows that 1.23% of the 

pixels in the bare soil and agroforestry parks are 

assigned to the shrub savannah class. The 

galleries/dense vegetation class has nearly 17.61% 

of their pixels misclassified. The results of the SVM 

image classification showed that 2.31% of the bare 

soil and agroforestry park pixels were classified in 

the shrub savannah class and 6.26% of the Wooded 

savannahs pixels were classified in the galleries 

and dense vegetation class (Table 4). Overall, the 

other land use classes are well discriminated, with 

relatively little or no confusion. 

 

Table 5. Statistics for LULC classes 

LULC classes RF SVM 
Area (ha) % Area (ha) % 

BLAP 2530,66 28,77 2576,75 29,29 
SS 3992,17 45,38 3856,86 43,84 
WS 2102,94 23,90 2198,7 24,99 
GDV 171,67 1,95 165,13 1,88 
Total 8797,44 100 8797,44 100 

 

State of land cover in the Dinderesso classified forest 

in 2022 

Statistics from the land use/land cover mapping of 

the DCF in 2022 using the Random Forest algorithm 

(Table 5) showed that galleries and dense vegetation 

accounted for only 1.95% (171.67 ha), compared with 

savannahs, which alone accounted for 69.28% 

(6095.11 ha). This indicates the strong dominance of 

savannahs in this protected area. At 2530.66 ha, bare 

soil and agroforestry parks accounted for 28.77% of 

the total mapped area (Fig. 4). 

 

Fig. 4. Land use/land cover map of Dinderesso 

classified forest using RF algorithm 
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Fig. 5. Land use/land cover map of Dinderesso 

classified forest using SVM algorithm 

 

The mapping results of the classification using the 

SVM algorithm indicated that galleries and dense 

vegetation occupied only 1.88% (165.13 ha) of the 

CDF, and savannahs alone accounted for 6055.56 ha 

or nearly 68.83%. This shows that savannahs 

dominate this protected area. With 2576.75 ha, bare 

soil, and agroforestry parks they accounted for 

29.29% of the total mapped area (Fig. 5). 

 

Discussion 

Confusion between classes 

The physiognomic description of the vegetation 

carried out in the field made it possible to identify 04 

land-use classes in the DCF. Classification of the 

Sentinel-2 image using machine learning algorithms 

such as RF and SVM confirmed the observations 

made in the field in terms of land cover class 

discrimination. The use of the two machine learning 

algorithms for classification made it possible to 

distinguish 04 land cover classes, with some 

confusion between certain classes. These observed 

confusions could be justified by the proximity of the 

spectral values of the land use classes with 

considerable confusion (Diallo et al., 2011). These 

same difficulties have been observed by other authors 

(N'Da et al., 2008; Mbow, 2009; Tabopda and 

Huynh, 2009; Diallo et al., 2011; Tankoano et al., 

2015). Also, the confusions are partly linked to the 

identification of homogeneous plots when choosing 

regions of interest (Diallo et al., 2011). Despite these 

confusions, the cartographic results obtained are 

satisfactory. Indeed, the Kappa coefficients obtained 

are 91.49% and 90.17%, respectively for the RF and 

the SVM. The high accuracies obtained could be 

linked to the quality of the Sentinel-2 image (no cloud 

cover) but also to the very good spatial resolution of 

the bands used (10m resolution). Added to this is the 

performance of the algorithms in better class 

discrimination with the training and quality test data. 

For Tankoano et al. (2016), the choice of training 

plots within the homogeneous zones of each land use 

unit has a positive influence on the quality of satellite 

image classification. The strong correlation between 

field observations and the results of image processing 

would also have contributed to obtaining high overall 

accuracy and Kappa values for the two algorithms. 

According to Inoussa et al. (2011), a better 

description of land cover units is a guarantee of 

accurate classification. Given the het erogeneity of the 

Sahelian landscape, and especially of the DCF, this 

level of accuracy can be explained by the quality of the 

image and the definition of the land cover classes 

(Geymen and Baz, 2008; Inoussa et al., 2011), but 

also by the choice of classification algorithms. These 

maps can be validated because the Kappa coefficients 

and overall precisions are greater than 50% (Pointus, 

2000; Kabba and Li, 2011). As for the confusion 

observed between the bare soil and agroforestry park 

class and the shrub savannah class, this is linked to 

the useful trees and shrubs spared in the fields, which 

in places give this class the appearance of a shrub 

savannah. 

 

Performance analysis of selected algorithms 

The study compared the ability of machine learning 

algorithms (Random Forest and Support Vector 

Machine) to accurately classify a heterogeneous 

landscape such as the Dinderesso classified forest. 

The results showed that the RF classified the land 

cover units in the Sentinel 2 data classification bet ter 

than the SVM algorithm. There was no significant 

difference between the classification accuracy values 

of the two algorithms (RF and SVM). This closeness 

of the Kappa coefficient values could be explained by 

the quality of the sentinel-2 image and the choice of 

the training plots. These high accuracies could also be 

due to better knowledge of the study area through the 
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collection of field data. According to Rahman et al. 

(2020), Sentinel-2 images are suitable for bet ter 

classification of heterogeneous landscapes using 

machine learning algorithms. This study also showed 

that both algorithms are suitable for classifying 

heterogeneous landscapes using Sentinel-2 images. 

Some authors (Dagne et al., 2023; Chowdhury, 2024) 

have shown that the application of RF and SVM 

enabled clear discrimination of land cover classes 

using Sentinel 1 and Sentinel 2 images. 

 

Conclusion 

Anthropogenic actions combined with the adverse 

effects of climate change have contributed to landscape 

heterogeneity. The main aim of this study was to assess 

the ability of machine learning algorithms (RF and 

SVM) to classify heterogeneous landscapes with a high 

degree of accuracy using a Sentinel-2 image. The 

methodology adopted consisted of digital processing of 

a Sentinel-2 image and data collected in the field. This 

methodology made it possible to discriminate between 

the different land use/land cover classes in the 

Dinderesso classified forest. Five land-use classes were 

identified: galleries and dense vegetation, tree 

savannahs, shrub savannahs, bare soil, and 

agroforestry parks. Both machine learning algorithms 

(RF and SVM) were shown to perform well in clearly 

identifying land cover classes. The RF was more 

efficient than the SVM in terms of accuracy. The value 

of the Kappa coefficient for the RF was 91.49% and that 

of the SVM was 90.17%. These high levels of accuracy 

are thought to be due to the quality of the information 

collected in the field and the Sentinel-2 image, which 

was free of cloud cover. These two algorithms are 

suitable for mapping heterogeneous landscapes, 

especially in savannah areas. 
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