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Abstract 

Monitoring of natural resources is a major challenge that remote sensing tools 
help to facilitate. The Sissili province in Burkina Faso is a territory that in-
cludes significant areas dedicated for the preservation of forest resources. The 
development of satellite image processing tools offers an opportunity for bet-
ter monitoring of these resources. The aim of this research is to evaluate the 
performance of classification algorithms in order to determine which one is 
most suitable for assessing and monitoring land use in the Sissili province. The 
methodology used is based on the comparative application of three classifica-
tion algorithms: Maximum Likelihood, Random Forests, and Support Vector 
Machine. These algorithms were tested on land use units in the Municipality 
of Sissili, to determine their respective performance. Performance measures 
were based on the production of the confusion matrix for each algorithm, the 
calculation of overall accuracy, and the calculation of Kappa coefficient for the 
three algorithms. The results show that the Random Forest algorithm is the 
most effective, with a Kappa coefficient of 0.92 and an overall accuracy of 
95.14%. This algorithm is followed by SVM with a Kappa coefficient of 0.73 
and a maximum overall accuracy of 90.37%. The least effective algorithm for 
classifying land use units is Maximum Likelihood, with a Kappa coefficient of 
0.36 and an overall accuracy of 52.95%. These results clearly demonstrate the 
superior effectiveness of machine learning algorithms, specifically Random 
Forest, in classifying land use units in the Sissili province.  
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1. Introduction 

Land resources are subject to various pressures, both natural and human, on a 
global scale [1] [2]. In this sense, the Sahel region, particularly West Africa, is fac-
ing environmental upheavals, and the analysis of land use dynamics allows us to 
understand the resulting territorial changes [3]-[5]. This spatial analysis is sup-
ported by remote sensing, an appropriate means for monitoring and managing 
natural resources [6]. Indeed, it contributes to the analysis of the Earth’s surface, 
a fundamental necessity in order to better appreciate the changes occurring there 
[7] [8]. This ever-growing dynamic, along with the increasing interest in using 
increasingly large datasets, has motivated the emergence of new classification 
methods [9]. Indeed, the development of certain algorithms based on artificial in-
telligence has greatly improved methods for processing spatial data and offers new 
perspectives for planning and resource management through various applications 
[10]-[12]. In recent decades, particularly since the early 2000s, classification algo-
rithms have undergone rapid evolution with the work of [13], gradually tending 
to supplant classical models such as Maximum Likelihood, which is still used in 
some work. Among the classification algorithms that have emerged and are based 
on artificial intelligence, it is worth noting, for example, ordinary machine learn-
ing algorithms such as Random Forests and Support Vector Machines which are 
relevant to the present work [14]. There are also deep learning algorithms based 
on artificial neural networks. This article focused on machine learning models and 
a classical model based on Maximum Likelihood, in search of the best model for 
monitoring land use in the Sissili province of Burkina Faso. The use of appropriate 
algorithms is justified because accuracy in thematic mapping production is one of 
the objectives within the framework of landscape analysis. In Burkina Faso, nu-
merous studies have been carried out on land use and land cover classification 
algorithms such as Maximum Likelihood in particular [15]-[19]. The Sissili prov-
ince is home to numerous forestry sites that serve as areas for the conservation of 
vegetation and biodiversity. Monitoring these areas requires appropriate tools and 
methods. Remote sensing, through classification algorithms whose effectiveness 
is increasingly proven, makes significant contributions to the management of nat-
ural resources. However, the effectiveness of algorithms is determined and 
strongly influenced by the context in which they are applied. This is why choosing 
a suitable algorithm must be considered in the monitoring of natural resources. It 
was necessary to compare a conventional algorithm with two types of machine 
learning algorithms in order to guide methodological choices in the case of land 
use monitoring in the Sissili Province. 

2. Materials and Methods 
2.1. Study Area 

The study area is the Sissili province located in the south of Burkina Faso, between 
latitudes 2˚48'27'' and 1˚24'49'' west, and longitudes 10˚58'36'' and 11˚55'27'' 
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north. It is bordered to the east by the provinces of Nahouri and Ziro, to the west 
by those of Sanguié, Balé, and Ioba. To the south, it is bordered by the territory of 
Ghana (Figure 1). This province straddles two climatic zones, namely the Sudano-
Sahelian climate zone (600 to 900 mm/year on average) and the Sudanian climate 
zone (more than 900 mm/year on average). The vegetation consists mainly of 
wooded savanna, shrubland, grassland, as well as riparian formations and gallery 
forests that border waterways. Significant protected areas occupy this province, 
and their management requires rigorous monitoring over time and space. Agri-
culture and livestock farming are the main activities that occupy most of the pop-
ulation and contribute to creating a certain landscape dynamic. 
 

 

Figure 1. Location of the study area. 

2.2. Characteristics of the Remote Sensing Images 

The image scene used to analyze the accuracy of classification algorithms comes 
from the Landsat 9 satellite, and the image was captured using OLI and TIRS sen-
sors. It is scene 195_052 with a resolution of 30 m × 30 m, which is sufficient to 
map land use at the scale of the province of Sissili. This image scene underwent 
pre-processing by the supplier, including geometric and radiometric corrections. 
The quality of these treatments at “L2SP” level is considered good (Table 1). 
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Table 1. Characteristics of the remote sensing image. 

Sensor and satellite type 
Image 

reference 
Resolution 

Acquisition 
date 

Processing 
level 

OLI-TIRS de Landsat 9 195_052 30 m × 30 m 04/12/2024 L2SP 

2.3. Image Scene Preprocessing 

The radiometric corrections performed by the supplier allowed obtaining ground 
reflectance values, but these values cannot be used directly for processing within 
the scope of this research. Recalibration is therefore necessary to obtain pixel val-
ues of the image ranging between 0 and 1. A tool was then used in QGIS to force 
so that all bands, including band 6, could fall within this range of value. Following 
this processing, a color composition was applied by combining bands 5, 4, and 3. 
This color composition was applied to the entire scene, followed by an extraction 
operation using a mask to restrict the image to the boundaries of the Sissili prov-
ince. 

For choice of classification algorithms among the machine learning algorithms, 
the Random Forest model and the Support Vector Model (SVM) were compared. 
The RF algorithm is a collection of decision trees that form a neural network. 
These trees are obtained from a sample of the entire training dataset. Each tree in 
its structure is composed of nodes containing input data, so-called hidden nodes 
that receive information in the form of signals from preceding nodes, and that 
measure the weight of each piece of information received, then perform a 
weighted linear combination of all this information before making a decision re-
garding the class to assign. At the end of the process, an arbitration is made, and 
the designated class is the one that would have received the highest number of 
votes. As for the SVM algorithm, it is a machine learning algorithm that allows 
the generation of a hyperplane to delimit more or less homogeneous sets of enti-
ties. The hyperplane is obtained from an equation whose nature varies depending 
on the homogeneity or heterogeneity of the terrain, as the support vector points 
are not always perfectly separated. Indeed, in the real world, elements often do not 
show a clear boundary. In this case, a so-called slack variable is calculated to allow 
a less rigid margin of the hyperplane [20]. The Maximum Likelihood algorithm is 
one of the classical methods and has also been included in the comparison. It is 
based on a probabilistic method that allows a pixel to be assigned to a class. A 
calculation of the probability of the pixel belonging to a class is then carried out, 
and the pixel is assigned to the class with the highest probability [21].  

2.4. Supervised Image Classification According to Three 
Algorithms 

The image classification was carried out according to the three chosen algorithms 
in order to allow for the comparison of their performance in reproducing land use 
patterns as close as possible to reality. Classification using the Maximum Likeli-
hood algorithm was carried out in ArcGIS and required the use of the image’s 
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color composition as well as preselected training sites. In total, 241 training sites 
were chosen and recorded in a vector file in *.SHP format. Furthermore, classifi-
cation using the Random Forest algorithm was applied in QGIS, using training 
data. The layer resulting from the satellite image’s color composition was used, 
along with the layer containing the training sites. These layers of data first allowed 
the creation of the training model. The creation of this training model required to 
configure certain parameters in particular the field in the training sites layer table 
that contains the numerical values corresponding to each land cover unit, the type 
of algorithm used, the number of classes, the number of trees to generate, and 
many other parameters. Regarding the parameters used specifically for Random 
Forest, the number of variables used (mtry) was 10, and the number of trees to be 
generated (ntree) was set to 100. This model allows obtaining accuracy parameters 
that make it possible, if necessary, to adjust the input data to improve classification 
accuracy. The model was saved in *.txt format and was then used to train the clas-
sification. As for the support vector algorithm, the same steps as for random for-
ests are necessary (using the same training data, creating a training model, train-
ing the classification). However, differences exist regarding the parameter set-
tings. Indeed, in the case of the SVM algorithm, a Gaussian radial basis function 
was used as the SVM kernel type, and the Nu support vector classification option 
was chosen as the SVM model type.  

To avoid biases in data analysis, a second sample of 100 points, different from 
the one used for training the classification, was integrated into the evaluation of 
classification accuracy using the semi-automatic classification tool in QGIS. 

2.5. Methods for Evaluating Classification Accuracy 

Classification accuracy was first evaluated through the production of the confu-
sion matrix, which was generated in QGIS, using the color composite as well as 
the vector layer of training sites. The latter was then rasterized and cross compared 
with that of the colored composition considered as the reference layer. The com-
parison is then made pixel by pixel. At the end of this operation, a confusion ma-
trix is generated in various formats, thereby allowing the calculation of classifica-
tion errors for each class, as well as the overall classification accuracy and the 
Kappa coefficient. These data were generated both for the Maximum Likelihood 
algorithm and for automatic training algorithms such as Random Forests and 
Support Vector Machines. The values obtained were then compared to assess the 
performance of each.  

3. Results and Analyses 
3.1. Mapping of Land Use Units According to the Three Chosen 

Algorithms 

Depending on their respective performances, the land use unit data vary from one 
algorithm to another, for the same reference image, the same training sites, the 
same territory (Figure 2). 
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Figure 2. Land use units according to classification algorithms. 
 

According to the classification results from the random forests algorithm, crop 
areas occupy the largest part of the provincial territory, covering 56.2%, compared 
to 2.7% for burned areas, 30.3% for savanna, which is the second most extensive 
unit, 1.14% for gallery forest, 0.07% for water bodies, 1.8% for bare soils, 5.2% for 
plantations, and 2.2% for settlements (Table 2).  
 
Table 2. Proportions of land use units based on classification algorithms. 

Unit 
Land use rate using 

RF (%) 
Land use rate using 

SVM (%) 
Land use rate using 

ML (%) 

Cropland 56.28 56.16 60.93 

Burnt area 2.80 2.83 4.25 

Savanna 30.30 30.50 17.78 

Gallery Forest 1.14 1.16 4.95 

Water body 0.07 0.07 0.09 

Bare soil 1.86 1.87 3.91 

Plantation 5.25 5.17 5.44 

Urban area 2.30 2.24 2.66 

RF: Random Forests, SVM: Support Vector Machine, ML: Maximum Likelihood. 
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In the case of the Support Vector Machines algorithm, crop areas cover 56.16% 
of the territory, burned areas occupy 2.83%, savanna ranks second at 30.50%, gal-
lery forest represents 1.16%, water bodies 0.07%, bare soils 1.87%, plantations 
5.17%, and settlements cover 2.24%.  

Regarding the Maximum Likelihood algorithm, crop areas occupy 60.93%. % 
of the province’s area, which represents the largest occupied surface, while burned 
areas cover 4.24% of the surfaces, savanna 17.7%, gallery forest 4.94%, water bod-
ies 0.08%, bare soils 3.91%, plantations account for 5.44%, and 2.65% of the terri-
tory is occupied by urban settlements.  

3.2. Evaluation of the Accuracy of Classification Algorithms 

The accuracy of the classification algorithms was measured using the confusion 
matrix data, which allowed for the calculation of overall accuracy as well as the 
Kappa coefficient.  

Table 3 represents the confusion matrix produced by the Random Forests al-
gorithm. The values along the diagonal indicate correctly classified pixels. The 
greatest confusion was observed between savanna and plantations, which are both 
units occupied by woody plants even though they comprise different species, lead-
ing to significant confusion between these classes. 
 
Table 3. Confusion matrix for the random forests algorithm. 

Classes Cl Ba Sa Gf Wb Bs Pla Ua Total 

CL 20,234 32 806 46 0 63 145 320 21,646 

Ba 0 5814 30 10 0 0 0 0 5854 

Sa 254 297 40,250 1391 0 4 24 65 42,285 

Gf 0 136 795 596 0 0 0 0 1527 

Wb 0 0 0 0 124 0 0 0 124 

Bs 839 0 0 2 0 268 0 100 1209 

Pla 846 16 1173 100 0 0 1268 5 3408 

Ua 30 31 6 7 0 13 0 1737 1824 

Total 22,203 6326 43,060 2152 124 348 1437 2227 77,877 

Cl: Cropland, Ba: Burnt area, Sa: Savanna, Gf: Gallery forest, Wb: Water body, Bs: Bare 
soil, Pla: Plantation, Ua: Urban area. 
 

Table 4 shows the confusion matrix obtained by the Support Vector Machines 
algorithm. In this table, the values on the diagonal indicate correctly classified 
pixels. The most significant confusion was observed between savanna and planta-
tions, as was the case with the Random Forest algorithm. This confirms the con-
fusion between these two units, likely due to their proximity, since they are all 
areas occupied by woody plants. 
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Table 4. Confusion matrix for the support vector machine algorithm. 

Classes Cl Ba Sa Gf Wb Bs Pla Ua Total 

CL 20,214 7 1089 82 0 59 119 273 21,843 

Ba 0 6028 39 3 2 0 0 8 6080 

Sa 115 132 38,215 1182 0 4 15 66 39,729 

Gf 0 77 2704 796 0 0 0 0 3577 

Wb 0 0 0 0 122 0 0 0 122 

Bs 1071 0 0 0 0 259 0 106 1436 

Pla 772 0 972 82 0 0 1303 4 3133 

Ua 31 82 41 7 0 26 0 1770 1957 

Total 22,203 6326 43,060 2152 124 348 1437 2227 77,877 

Cl: Cropland, Ba: Burnt area, Sa: Savanna, Gf: Gallery forest, Wb: Water body, Bs: Bare 
soil, Pla: Plantation, Ua: Urban area. 
 

Table 5 represents the confusion matrix produced following the application of 
the Maximum Likelihood algorithm. As with the other tables, the values on the 
diagonal indicate correctly classified pixels. The other cells represent various cases 
of class confusion. The most significant confusion concerns the savanna and ri-
parian formations, unlike the other two algorithms. This confusion could stem 
from the fact that both entities are occupied by woody plants that, in some loca-
tions, are very similar from a radiometric point of view. However, the magnitude 
of the confusions between entities shows a closer similarity between the two au-
tomatic training algorithms compared to the Maximum Likelihood algorithm, 
which yielded dissimilar results.  
 
Table 5. Confusion matrix using the Maximum Likelihood algorithm. 

Classes Cl Ba Sa Gf Wb Bs Pla Ua Total 

Cult 20,339 9 1279 137 0 11 54 112 21,941 

ZB 0 6226 125 5 0 0 0 1 6357 

Sa 100 22 38,072 338 0 0 12 0 38,544 

Fg 2 55 2971 1493 0 0 0 2 4523 

Pe 0 0 0 0 124 0 0 0 124 

Sn 787 0 13 64 0 320 3 63 1250 

Pla 924 0 567 103 0 1 1367 3 2965 

Agl 51 14 33 12 0 16 1 2046 2173 

Total 22,203 6326 43,060 2152 124 348 1437 2227 77,877 

Cl: Cropland; Ba: Burnt area; Sa: Savanna; Gf: Gallery forest; Wb: Water body; Bs: Bare 
soil; Pla: Plantation; Ua: Urban area. 
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Regarding the types of errors considered by the confusion matrix, there are 
commission errors that determine user accuracy, and omission errors that deter-
mine producer accuracy. Commission error occurs when, in a classified image, a 
pixel is identified as belonging to class A while the reference image shows it be-
longs to class B. Class A has been overestimated. On the other hand, an omission 
error occurs when, on a reference image, a pixel is identified as belonging to class 
A, while in the classified image, it is indicated that this pixel belongs to class B. 
The pixels of class B were not sufficiently represented, so they were overlooked. 
In Table 6, the Random Forest algorithm shows producer accuracies ranging from 
25.71% to 100%, corresponding respectively to the gallery forest and Water body 
units whereas user accuracies range from 22.16% to 100%. The Kappa coefficient, 
on the other hand, ranges from 0.21 to 1. Regarding the Support Vector Machine 
algorithm, producer accuracies range from 25.46% to 98.28%, while user accura-
cies vary between 18.03% and 100%. The Kappa coefficient ranges from 0.17 to 1. 
Finally, the Maximum Likelihood algorithm shows values ranging from 27.49% 
to 100% for producer accuracies, whereas user accuracies range from 25.60% to 
100%. The Kappa coefficient is between 0.13 and 1. Overall, the Random Forest 
algorithm and Maximum Likelihood are the highest producer accuracy at 100%, 
while the Maximum Likelihood has the weakest producer accuracy at 25.46%.  
 
Table 6. Classification accuracy for each land use unit based on the algorithm used. 

Random Forest 

Measurement Type Cl Ba Sa Gf Wb Bs Pla Ua 

PA [%] 94.92 85.75 86.45 25.71 100.00 69.26 83.20 67.75 

UA [%] 93.47 99.31 95.18 39.03 100.00 22.16 37.20 95.23 

Kappa hat 0.91 0.99 0.94 0.38 1.00 0.21 0.36 0.95 

Support vector machine 

Measurement Type Cl Ba Sa Gf Wb Bs Pla Ua 

PA [%] 98.22 88.83 66.09 25.46 98.28 41.85 67.43 63.44 

UA [%] 92.54 99.14 96.18 22.25 100.00 18.03 41.58 90.44 

Kappa hat 0.68 0.99 0.95 0.21 1.00 0.17 0.40 0.90 

Maximum Likelihood 

Measurement Type Cl Ba Sa Gf Wb Bs Pla Ua 

PA [%] 41.33 97.36 65.46 18.67 100.00 99.83 84.63 27.49 

UA [%] 92.69 97.93 98.77 33.00 100.00 25.60 46.10 94.15 

Kappa hat 0.80 0.97 0.98 0.30 1.00 0.13 0.45 0.93 

Pa: Producer’s accuracy, Ua: User’s accuracy, Cl: Cropland, Ba: Burnt area, Sa: Savanna, 
Gf: Gallery forest, Wb: Water body, Bs: Bare soil, Pla: Plantation, Ua: Urban area. 
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Figure 3 allows us to observe the different variations in accuracies according to 
producers and user accuracies depending on the different land cover units and the 
type of algorithm used. The curves show that the values corresponding to machine 
learning algorithms have more similar trends than those of the Maximum Likeli-
hood algorithm, except for the case of user accuracies where all the curves are very 
similar. Indeed, regarding the three algorithms (random forest, support vector 
machine, and maximum likelihood), the highest user accuracy values concern 
crop areas, burned areas, savannas, and water bodies. On the other hand, the low-
est values concern gallery forests, bare soils, and water bodies. The values con-
cerning urban areas occupy an intermediate position. Regarding the accuracy val-
ues according to the producer, they show a similar variation only for the two ma-
chine learning algorithms. For these two methods, the highest values are recorded 
for croplands, savannas, water bodies, plantations, and urban areas. On the other 
hand, the lowest values are mainly recorded for gallery forests and bare soils. 
However, concerning Maximum Likelihood, the curve of accuracy values accord-
ing to the owner has a completely different appearance from those of the other 
two algorithms. The sometimes contrasting evolution of these different curves 
also shows that accuracies in the classification of land cover units demonstrate 
some variability depending on the classification algorithms. In general, however, 
it appears that machine learning algorithms have values that are closer together 
than those maximum likelihoods. 
 

 
Pa: Producer’s accuracy, Ua: User’s accuracy, Cl: Cropland, Ba: Burnt area, Sa: Savanna, 
Gf: Gallery forest, Wb: Water body, Bs: Bare soil, Pla: Plantation, Ua: Urban area. 

Figure 3. Accuracy trends according to producer and user by classification algorithms and 
based on land use units. 
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Overall accuracies were also calculated for each type of algorithm. Figure 4 
shows this variability. Indeed, the highest overall accuracy is that of the Random 
Forest algorithm with a rate of 95.14%, followed by the Support Vector Machine 
algorithm with an accuracy of 90.37%. The Maximum Likelihood algorithm has 
the lowest overall accuracy, at 52.95%. Therefore, Random Forest is the most ef-
ficient classifier in terms of overall accuracy compared to the other algorithms. 
 

 
RF: Random Forests, SVM: Support Vector Machine, ML: Maximum Likelihood. 

Figure 4. Variation of overall accuracy depending on the algorithm used. 
 

The Kappa coefficient was also calculated for the three algorithms. Figure 5 
illustrates the variability of this coefficient depending on the classification meth-
ods. Indeed, the Random Forest algorithm has a coefficient of 0.92, representing 
the highest value compared to the coefficients in the other two cases. The second 
highest coefficient has a value of 0.73 and was assigned to the Support Vector Ma-
chine method. The algorithm with the lowest Kappa coefficient is Maximum Like-
lihood, with a value of 0.36. These values show that the Random Forest algorithm 
performs best in classifying land use units according to the Kappa coefficient val-
ues. This ranking of the algorithms is the same as that obtained by the overall 
classification accuracy, which confirms the performance order of the different al-
gorithm methods. However, observation of the figures shows that the differences 
in values between the algorithms are not the same depending on the type of meas-
urement. In fact, the differences between the Kappa coefficients are greater be-
tween the algorithms compared to the differences in values regarding overall ac-
curacy. 
 

 
RF: Random Forests, SVM: Support Vector Machine, ML: Maximum Likelihood. 

Figure 5. Variation of the Kappa coefficient according to the type of algorithm used. 
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4. Discussion 

Numerous studies have demonstrated the importance of using remote sensing 
tools through the processing of satellite images for the monitoring and manage-
ment of natural resources [22] [23].  

However, the extraction of geospatial information faces a problem of algorithm 
selection, for example in the case of classifying landscape units. This is all the more 
significant because the performance of classification algorithms is often influ-
enced by context. Many classification methods exist, making it not easy to find 
the one suitable for a specific study. Considerable efforts must be acknowledged 
for practitioners and researchers in the search for even more accurate classifica-
tion methods [24]-[26]. Support Vector Machines (SVM) are a supervised learn-
ing classification method, based on defining a margin between entities such that 
this margin is the distance to the boundary of the nearest points. Its advantage is 
that it allows achieving good results even in situations where the number of train-
ing samples is small. The work carried out on land use dynamics and peasant per-
ceptions in the southwest of Niger, particularly in the Kori Ouallam watershed, 
has also used this algorithm because of its robustness. The Random Forest algo-
rithm provides good classification results. Used in Canada for comparison with 
Robust Classification Methods, the results indeed showed an overall accuracy level 
of 99% for this algorithm [27]. It is used as a non-parametric model, meaning it is 
not based on an initial assumption of the statistical distribution of the data. These 
two algorithms, are grouped under automated training classification methods. 
The Maximum Likelihood algorithm is a classical method still used among more 
recent methods known as automatic training. It has been recently used in studies 
in the Middle Casamance basin, in the agropastoral area of the Korahane com-
mune in Chad, and many other studies in Africa and elsewhere. It is a probabilistic 
method whereby a pixel is assigned to a class if that class has the highest probabil-
ity. Various studies have shown the potential performance of these algorithms in 
different contexts using different methods. In the commune of Cocody the Maxi-
mum Likelihood algorithm was able to achieve an accuracy of 91.27% with using 
a GPS receiver to collect ground truth data. The accuracy measurements of the 
algorithm’s classification, just as was the case in the present research, often fo-
cused on overall accuracy as well as the Kappa coefficient. This is the case with the 
work, who, in the context of analyzing the thematic accuracy of GEOBIA classifi-
cation, were able to achieve overall accuracy and a Kappa index ranging respec-
tively between 86% and 96% for a set of classifiers including Random Forests.  

In the context of mapping a protected area in northwestern Morocco using au-
tomatic training algorithms, accuracy assessment values for these classifiers were 
applied to two types of images. According to the results obtained, the Random 
Forest algorithm allowed for a Kappa coefficient between 0.45 and 0.92 depending 
on the type of images, and an accuracy overall ranging between 53.03% and 
93.06%. For the Support Vector Machine method, the Kappa coefficient is be-
tween 0.39 and 0.83, and the overall accuracy index between 47.8% and 86.08%. 
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These results clearly show that while the effectiveness of an algorithm is linked to 
the context, notably the local characteristics of the environment, it is also neces-
sary to consider that their performance is also related to the choice of images used. 
Furthermore, these results also confirm those found in the context of the present 
study, which was able to show better performance of the Random Forest algorithm 
compared to the Support Vector Machine method. Furthermore, the principle of 
neural networks is based on an objective approach. Indeed, each decision tree con-
taining nodes is generated from a sample drawn from the training dataset. The 
randomness in the choice of the subset, along with the large number of trees, de-
termines the robustness of this algorithm, allowing it to avoid bias in generaliza-
tion and overlearning. Random forest is also capable of integrating a wide variety 
of explanatory variables, which may especially appear in areas where the landscape 
shows a certain diversity. The comparison of different machine learning algo-
rithms for soil classification in the Sine Saloum in Senegal revealed the ability of 
Random Forests to capture complex relationships between the studied variables 
[28]. Studies have also shown this algorithm’s ability to manage nonlinear rela-
tionships and complex interrelationships in the analysis of ecological systems [29]. 
Moreover, in satellite image processing, the maximum likelihood algorithm is 
based on the assumption that the reflectance values of each defined class follow a 
normal distribution. However, this requires that a large number of ROIs be de-
fined for each class [30]. This algorithm aims to find the parameter that best ap-
proximates the value of population variable from a sample. The absence of the 
data normal distribution could lead to this algorithm, poor performance com-
pared to others [31]. 

One of the shortcomings of this research is that it is based on a single image, 
whereas the RF algorithm has the capacity to handle a large number of images in 
contexts of significant landscape diversity, which could have improved the quality 
of the results, even if increasing the number of images does not necessarily imply 
better accuracy of the results. Moreover, the images obtained at different times 
and dates could have improved the scientific quality of the results. 

In Burkina Faso, various studies have been carried out mainly based on the 
Maximum Likelihood algorithm. The results obtained in the present study al-
lowed showing the performance differences between the Random Forest, Support 
Vector Machine, and algorithms Maximum likelihood. This comparison high-
lighted the greater efficiency of the Random Forest method in classifying land use 
units in the Sissili province of Burkina Faso. Indeed, for this high-performance 
algorithm, the results in terms of overall accuracy and Kappa coefficient are 
95.14% and 0.92, respectively. 

5. Conclusion 

Mapping landscapes on the Earth’s surface is an important means of monitoring 
and managing natural resources. In Burkina Faso, the Sissili province is home to 
numerous protected areas, notably forest management sites, whose sustainability 
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depends on proper monitoring of their development. The processing of remote 
sensing products can contribute significantly to this monitoring. However, ex-
tracting information contained in remote sensing images involves classification, 
which requires using various methods. The choice of a classification algorithm is 
sometimes delicate because its effectiveness is influenced by local context deter-
mined by particular biophysical characteristics, which often shape the landscape 
structure. In the context of this study, classification algorithms such as Random 
Forest, Support Vector Machines, and the classical algorithm based on the Maxi-
mum Likelihood principle were used. Likelihood-based methods were tested and 
compared to determine the classifier best suited for mapping and monitoring nat-
ural resources in the Sissili province using Landsat OLI-TIRS type images. The 
results show that automatic training algorithms provide better results than the 
Maximum Likelihood method. However, among the automatic training algo-
rithms, the random forest method is the most effective. These results could inspire 
future work aimed at using remote sensing products for monitoring natural re-
sources in the Sissili province and similar contexts. 
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