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Abstract:- Over the past years, humans have directly or 

indirectly affected the Earth’s surface through various 

activities. These changes in terrestrial ecosystems are 

closely linked with the issue of the sustainability of socio-

economic development since they affect essential parts of 

our natural capital such as climate, soils, vegetation, 

water resources and biodiversity. Land Cover has 

undergone several changes in Cameroon since its 

independence in 1960. One of the major drivers of this 

change is urbanization. Uncontrolled, rapid 

urbanization has had many negative impacts on the 

center region of Cameroon, around the continuum of its 

headquarter and in Cameroon metropolises such as 

anarchical constructions, pollution and traffic 

congestions. Faced with these urbanization issues, 

planners need to know the spatiotemporal trends of 

Land Use Land Cover for the past, present and have 

predictions of possible future patterns in order to better 

orient their planning. This is possible through the 

establishment of Land Use Land Cover maps. Remote 

sensing and Geographic Information Systems represent 

a cost-effective method for accomplishing this. In this 

work, we examine the case of Monatélé, a growing city 

around the Yaoundé metropolis. Satellite images from 

2010, 2017, 2022 were downloaded and classified into 

five classes using the Support Vector Machine algorithm 

of image classification. It was found that between 2010 

and 2022, settlements have increase continuously from 

1.61% to 4.28%, water has decreased continuously from 

9.81% to 6.72%, forest has experienced a net decrease 

from 73.77% to 68.25%, agriculture has experienced a 

net increase from 12.44% to 16.92%, while Bare Land 

has had a net increase from 2.38% to 3.82%. of the total 

surface area of the subdivision of Monatélé. Predictions 

made for 2029 and 2035 show that by 2035, settlements 

would have increased to 6.58%, water would have 

decreased to 4.58%, forest would have decreased to 

61.22%, agriculture will take 25.19%, and bare land 

would have almost remained unvaried, taking up 2.43% 

of the surface area from 2010 to 2035. This will 

represent for Monatélé an increase in anarchical 

settlements, an increased loss in biodiversity, an 

increased pollution, an increase in demand for basic 

commodities, and an increased pressure on natural 

resources, if no planning measures are put in place, 

though it may represent an increase in human capital, 

an increase in local employment opportunities, a 

reduction of groceries expenditures. 

 

Keywords:- Land use Land Cover, Support Vector Machine, 

Remote Sensing, Geographical Information Systems, 

Urbanization. 

 

I. INTRODUCTION 

 
Over the past years, humans have directly or indirectly 

affected the Earth’s surface through various activities. Land 

use changes are cumulatively transforming Land Cover at an 

accelerating pace (Turner et al., 1994; Houghton, 1994). 

These changes in terrestrial ecosystems are closely linked 

with the issue of the sustainability of socio-economic 

development since they affect essential parts of our natural 

capital such as climate, soils, vegetation, water resources 

and biodiversity (Mather and Sdasyuk, 1991). Today, there 

is increased recognition that land use change is a major 

driver of global change, through its interaction with climate, 

ecosystem processes, biogeochemical cycles, biodiversity 
and even more importantly human activities (IGPB/IHDP). 

Changes in ecosystems and livelihood support systems are 

easily detected by studying Land Use and Land Cover 

(LULC) changes (Gilani et al., 2014). Understanding the 

complexity of Land Use and Land Cover changes, its 

assessments, and monitoring are very important for 

sustainable management of natural resources, environmental 

protection, town planning, and food security. (Drummond et 

al., 2012, Foley et al., 2009, Garedew et al., 2009, Jin et al., 

2014). Studies of LULC changes also help in predicting 

likely future trends and make decisions for the better 
management of natural resources. (Fan et al., 2007, Gilani et 

al., 2014, Prenzel., 2004). 

 

Land use and Land Cover in Africa, and more 

precisely in Cameroon have undergone many 

transformations. Since independence in 1960, agriculture 

has been tagged the main driver of these changes in 

Cameroon, which started as far back as the 1970s when the 

policy of five-year development plan was launched. It also 

stands out as the primary driver of deforestation in most 

sub-Saharan African countries. Agricultural activities are the 
main causes of land degradation, transforming initial 

forestlands into agrarian lands in addition to fuel wood 

activities. In Cameroon, from 0.01 % between 1990 and 
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2000, forest degradation rate has multiplied by 9 between 

2000 and 2005 (Tchindjang et al., 2020). Within the last 

three decades it has been aggravated by extractive activities 

and urbanization. Urbanization is a process of political and 

economic power because the construction of any city is a 

translation and a reflection of both, for the city appears as a 

crossroads of trade, enrichment center, tourism, 

industrialization. Urbanization by threatening biodiversity 
and raising pressure on land tenure, is an important element 

in LULC modelling. Because of globalization and 

modernization, it becomes the main underlying factor of 

LULC changes in many African cities. Transformations 

speed up urbanization, which has become one of the biggest 

challenges in Africa with over 400 million Africans (40% of 

the population) living nowadays in urban areas, and 

according to UN Habitat, they will be 60% in 2050. By 

2025, while 61% of the world population will live in urban 

areas, Lagos and Kinshasa will become, according to UN-

Habitat, the 11th and 12th largest cities in the world. By 
now, Kinshasa especially, is expected to have grown by 4 

million (an increase of 46%) from 8.7 to 12.7 million 

between 2010 and 2020. At the same time, Yaoundé is 

expected to have reached 4-5 million. Thus, urban sprawl 

with demographic growth and migration is the main factor 

causing global changes and the primary deforestation driver 

in the studied region. Around the Yaoundé metropolis and 

along its continuum, massive expansion of cultivated land, 

settlements and infrastructure developments occurred at the 

expense of forests since 1990 (Tchindjang et al., 2020). 

Uncontrolled, this rapid urban growth has had many 

negative impacts in and around Yaoundé and in other 
Cameroonian metropolises such as air, water and land 

pollution, noise pollution, anarchical land settlements, 

destruction of flora and fauna, traffic congestion, land 

conflicts as in the Northen regions between the nomads and 

the farmers and in the mining zones of East region.  Faced 

with this urbanization issues, the planners need to know 

trends of land use in the past, Present and have predictions 

of possible future land use patterns for growing 

metropolises, in order to better orient their planning, 

otherwise growing metropolises will not be any different 

from established ones. This is possible through the 

establishment of LULC maps.  In this study, we shall 

examine the case of Monatélé, the headquarter of the Lékié 
Division, a rapidly growing city in the Centre Region of 

Cameroon. Our objectives will be to establish the present 

LULC plan of the Subdivision and using past trends, 

provide predictions of future LULC patterns to help 

planners in Monatélé better orient their planning. The study 

shall consist of the materials and methods employed in 

which shall be detailed the tools and techniques which shall 

be applied to carry out the study, results and discussion in 

which shall be explained the results obtained from the 

applying the concepts through discussed techniques and a 

conclusion. 
 

II. METHODOLY 

 

Monatélé is a town and a commune in Cameroon, 

created on the 20th of June 1964, and the capital of the Lékié 

Division of the Centre Region since 1968. It is located 

geographically at Latitude 4˚10’ and longitude 11˚45’. 

According to the 2005 Population Census, the commune of 

Monatélé had a population of 36,933 inhabitants, including 

10,324 in the town of Monatélé itself. The commune of 

Monatélé is found at about 90Km away from Yaounde, 

covering a surface area of about 155,4Km2 and is confined; 
northward by the Subdivision of Ebebda, north-eastward by 

the subdivision of Sa’a, eastward by the subdivision of 

Obala, south-westward by the subdivision of Evo doula and 

the Nyong and Kellé division, and Westward by River 

Sanaga. 

 

 
Fig 1 Location of Site of Studies 
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 Data used  

Satellite images are rich, and provide and play an 

important role in geographic information provision. Three 

(03) different satellite images were downloaded from three 

different time zones in order evaluate the LULC change in 

the past years, at a time difference of averagely 6 years each, 

from 2022, 2017, and 2010. This equally helped to make 

future projections by evaluating the past changes from these 

images. Equally, a DEM image was downloaded for 

elevation data. The period of data acquisition is very 

important and so the satellite images were acquired in the 

dry season when the cloud cover is low.  

 

The different image characteristics are presented in the 

table below.  

 

Table 1 Satellite Image Characteristics 

Image Data Characteristics Acquisition Date Source 

SRTM (DEM) Digital élévation data 2019 https://gisgeography.com/usgseart h-explorer 

 Résolution 

30x30m 

Sensor OLI-TIRS 

  

    

Landsat 8 Planimetry data 

Resolution 

30x30m 

Sensor OLI-TIRS 

2022, 2017 https://gisgeography.com/usgseart h-explorer 

Landsat 7 Planimetry data 

Resolution 

30x30m 

Sensor ETM+ 

2010. https://gisgeography.com/usgseart h-explorer 

  

We equally require vector data sets in shapefile 
formats likes roads, railways, rivers, houses or buildings, 

geological zone delimitations, administrative boundaries 

and so on. These datasets were downloaded from 

Planet.osm, and administrative boundaries from the GIS 

course of the National Advanced School of Public Works 

Yaoundé acquired in the year 2021.  

  

 Image Preprocessing  

Pre-processing of satellite images prior to image 

classification and change detection is very essential. Pre-

processing commonly comprises a series of sequential 
operations, including atmospheric correction or 

normalization, band ratio, layer stacking, image registration, 

geometric correction, image enhancement and masking 

(e.g., for clouds, water, irrelevant features) to correct the 

surface features reflectance characteristics (El-Kawy et al., 

2011; Muriithi, 2016; Kogo et al., 2019; Langat et al., 

2019). Some Landsat satellite images and mainly those of 

ETM+ (Enhanced Thermic Mapper plus) sensors have a 

lack of information due to satellite scanning errors. These 

errors result in loss of information which does not allow us 

to make a good estimate of the different changes that may 

have taken place, hence the need to correct them. The 
missing lines are usually 'corrected' by replacing each line 

with the pixel value of the row above or below it, or with the 

average or mean of both which is what used in this work. 

These corrections were carried out in ERDAS IMAGINE 

2022 with number of iterations ranging from 7 (band 1 to 7) 

to 16 (Band 8). In order to save time and ease the pre-

processing, the Area of Interest was extracted from all the 

bands combined in QGIS using the Semi-Automatic 

Classification Plugin. ‘Nodata’ areas were also cleared using 

QGIS’ OSGeo4W Shell command prompter.  

 

Satellite sensors used by Earth observation satellites 
capture the luminance reflected by the earth and the 

atmosphere from the sun. When the atmosphere is cloudy, 

the light reflected is no longer just that from the surface of 

the earth only, but also comprises that reflected by the 

clouds. The satellite therefore receives a composite of two 

signals; that from the visible part of the earth and that from 

the cloudy atmosphere. The latter needs to be removed so 

that we have just the former, which constitutes the object of 

our study; the earth’s surface. This constitutes therefore the 

objective of these corrections. For Landsat images, 

radiometric corrections were carried out to remove the 
influence of the atmosphere, and then, all the images were 

converted from digital number (DN) values to top-of-

atmospheric (TOA) reflectance to make them comparable. 

By converting raw DN values to TOA and surface 

reflectance the atmospheric impacts on the reflected 

wavelengths are removed so that we can derive the desired 

indices to use.  This was done band after band and then the 

bands were composed to corrected images with all the bands 

present for the different color compositions.  The first step 

in the radiometric correction process is to calculate for each 

image the reflectance of the pixels at the TOA. This step 

makes it possible to obtain, for the same spectral band, 
physical measurements which are independent of sensor 

characteristics.  

 

 Image Classification  

Satellite image classification helps in identifying and 

extracting details of a given entity in a remote area. It 

involves grouping image pixel values into meaningful 

categories. The main reason for undertaking an image 

classification is, in effect, to convert the image’s 

information on the spectral response of the Earth’s surface 

into a thematic map depicting classes of interest such as land 
cover. Three broad methods of satellite image classification 
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exist; automatic, manual, and hybrid, each having its own 

advantages. The automatic classification method is divided 

into two different methods, supervised and unsupervised. 

Supervised classification contains Artificial Neural 

Network, Support Vector Machine (SVM), Maximum 

Likelihood, minimum distance, K-nearest neighbor, Binary 

decision tree, Image Segmentation, Parallelopiped, etc. 

Unsupervised classification contains the KMeans, ISO data, 
and so on. The automatic classification method with 

supervision was used for this work. The satellite image 

processing and land cover classification was carried out 

using the accurate Support Vector Machine (SVM) 

algorithm. The SVM algorithm better classifies validation 

areas because of the advantage of vector samples which 

allow a clearer separation of the established classes and thus 

avoiding confusion (José and Beatriz 2018). SVMs are 

adaptable and efficient in a variety of applications because 

they can manage high-dimensional data and nonlinear 

relationships. The main objective of the SVM algorithm is 
to find the optimal hyperplane in an N-dimensional space 

that can separate the data points in different classes in the 

feature space. The hyperplane tries that the margin between 

the closest points of different classes should be as maximum 

as possible. The SVM was used because it is more accurate 

than the widely used Maximum Likelihood Classification 

algorithm. (José and Beatriz, 2018; Abbas et al., 2015). The 

supervised classification allowed us to define AOIs that 

identify and recognize features on the image. The 

classification was performed through identification of 
features and selection of training areas, evaluation and 

analysis of training signature statistics and spectral patterns, 

and classification of the images. The collection of number of 

training samples and their high representativeness is a 

critical task for image classification of LULC (Lu and 

Weng, 2007). For training and validation sampling, Google 

Earth images and band Combinations were applied for clear 

identification. The AOIs (training samples) were collected 

for the various LULC categories, based on knowledge of the 

area, and uniformity in appearance. Five main LULC class 

categories were identified and mapped. That is, settlement 
land, cleared or agricultural land, forest, Bare Soil and water 

bodies as described in the table below:  

 

Table 2 LULC Classification Classes used for the Images 

N˚ LULC Class Description Color Class Value 

1 Settlement This includes residential, industrial, and commercial sites, 

artificial structures and streets. 

Mars Red 10 

2 Cleared or agricultural 

land 

These are areas with no or only few individual trees, used as 

pasture or agriculture land, and barren land. This also 

includes wet and muddy areas, swamps, frequently 

inundated grass and shrubland, and mangroves. 

Yucca Yellow 40 

3 Forest This includes forests patches with closed canopy. This could 

be deciduous, evergreen or mixed forest land 

Leaf Green 30 

4 Bare soil This includes sand dunes, beaches, construction areas, sand 

and gravel open pit mines, exposed rocks and top soil. 

Raw Umber 50 

5 Water Including fresh, brackish and saline water bodies and all 

other water bodies. 

Moorea Blue 20 

 
 Accuracy Assessments  

In remote sensing, accuracy assessment is mandatory 

in providing information about the quality of the produced 

classification (El-Kawy et al., 2011). It is essential for 

individual image classification generated from any remote 

sensing data (Congalton and Green, 2009). Classification 

accuracy is the main measure of the quality of thematic 

maps produced and required by users, typically to help 

evaluate the fitness of a map for a particular purpose. The 

accuracy of image classifications has also been central to 

studies that have sought to evaluate different classification 

approaches and a suite of issues connected with class 
discrimination. Although seemingly a simple concept, 

classification accuracy is a very difficult variable to assess 

and is associated with many problems (Foody 2002). An 

error or a confusion matrix is the most frequently used 

methods and standard form of reporting site-specific 

classification errors (El-Kawy et al., 2011). In principle, this 

matrix provides a simple summary of classification accuracy 

and highlights the two types of thematic error that may 

occur, omission and commission. This not only summarizes 

the accuracy of the classification but also may convey useful 

information to enhance analyses based on the classification 
(e.g, Prisley and Smith 1987, Fang et al. 2006). The 

accuracy assessment was performed on the resulting 

classified images by generating a set of 115 accuracy 

assessment points on ArcGIS Pro, converting them to KML, 

importing and comparing them with actual points on site 

using google earth pro high-resolution images of the 

different years in which the Landsat images were 

downloaded through their class values, thanks to google 

earth pro’s time slider and site search also during site visit 

phase. The LULC classification assigned to each pixel was 

compared with the same location on the reference sources to 

check whether the classification result is accurate or not on 

google earth pro and on the field a sample of these points 
were verified and the ground truthing table used to generate 

the classification accuracy was filled. Kappa statistic was 

performed to measure the extent of classification accuracy. 

The Kappa coefficient is an index to express the accuracy of 

an image classification used to produce a thematic map 

(Rosenfield and Fitzpatrick-Lins, 1986). A Kappa 

coefficient of 90% may be interpreted as 90% better 

classification than would be expected by random assignment 

of classes (unsupervised classification). A Kappa coefficient 

k<0.4 gives poor classification, 0.4<k<0.5 is fair, 0.5<k<0.7 

is good, 0.7<k<0.85 is very good, while k>0.85 is excellent 
according to Moriasi et al.  

https://doi.org/10.38124/ijisrt/IJISRT24MAR2157
https://doi.org/10.38124/ijisrt/IJISRT24MAR2157
http://www.ijisrt.com/


Volume 9, Issue 3, March – 2024                               International Journal of Innovative Science and Research Technology 

ISSN No:-2456-2165                                                                                            https://doi.org/10.38124/ijisrt/IJISRT24MAR2157 

 

 

IJISRT24MAR2157                                                            www.ijisrt.com                                                                                 2720  

 

Table 3 Kappa Coefficient Agreement (Moriasi et al., 2007) 

N˚ Kappa Coefficient Level of Agreement 

1 <0.4 Poor 

2 0.4<k<0.5 Fair 

3 0.5<k<0.7 Good 

4 0.7<k<0.85 Very Good 

5 k >0.85 Excellent 

 

A confusion matrix was created to derive overall user 

and producer accuracies, and the Kappa statistic using the 

observed and classified LULC classes of each pixel of the 

accuracy assessment points. 

 

Land Use Land Cover Change Detection and Analysis 
 

Post-classification change detection technique was 

applied to compare and analyze the LULC maps resulting 

from the integration of the results of visual interpretation 

and supervised classification. Images of different reference 

years were first independently classified and then the 

classified images were compared in two periods (2010-

2017, and 2017-2022) to detect the differences between each 

pair of LULC maps. Moreover, overlay procedure and a 

two-way cross-matrix were used to describe the key change 

types. Cross tabulation analysis was conducted in order to 
determine the quantitative conversions from a particular 

LULC class to another and their corresponding area over the 

evaluated period on pixel-to-pixel basis using the pixel 

count. Thus, a new thematic layer was produced from the 

two five-class maps, containing different combinations of 

‘‘from-to’’ change classes. Accordingly, two change maps 

were produced to display the specific nature of the changes 

between the classified images. The rate of change was 

calculated for each LULC class. The LULC conversion 

matrix between 2010-2022 was generated and compiled in a 

matrix table by comparing image values of one data set with 

the corresponding value of the second data set in each 

period. The change detection was performed using ArcGIS 

Pro’s Change Detection Wizard, using a guided workflow of 

three steps; configure, class configuration and output 

generation. 
 

 Prediction of Future LULC Patterns  

A forecast of future LULC patterns was done by the 

application of Cellular Automata Markov (CA-Markov 

model) in Idrisi 17.02, the Selva version. CA-Markov is a 

robust model in predicting the patterns and spatial 

arrangements of different LULC Change categories. The 

model operates with respect to historical LULC status 

change image, a transition probability matrix, and suitability 

images as a group file. The model is very realistic and 

comprises two components, the Cellular Automata Model 
and the Markov Model. 

 

Based on the LULC change trends between 2010 and 

2017, a forecast of 2022 LULC was done and the accuracy 

of the forecast evaluated using the 2022 image classified 

earlier. Model validation was performed by comparing the 

simulated 2022 LULC map which was based on 2010 and 

2017 classified maps, with the 2022 classified map. The 

Relative Operating Characteristic (ROC) and Kappa Indices 

were used to compare agreements between the simulated 

and classified 2022 LULC maps. The Kappa Indices used 

included the Kappa for no information (Kno), Kappa for 
Location (Klocation), Kappa for location Stratum Level 

(KlocatioStrata) and Kappa for Standard (Kstandard). 

 

 
Fig 2 Workflow Diagram 

https://doi.org/10.38124/ijisrt/IJISRT24MAR2157
https://doi.org/10.38124/ijisrt/IJISRT24MAR2157
http://www.ijisrt.com/


Volume 9, Issue 3, March – 2024                               International Journal of Innovative Science and Research Technology 

ISSN No:-2456-2165                                                                                            https://doi.org/10.38124/ijisrt/IJISRT24MAR2157 

 

 

IJISRT24MAR2157                                                            www.ijisrt.com                                                                                 2721  

III. RESULTS AND DISCUSSIONS 

 

 Image Classification  

In a total of 15541 Hectares of that make up the commune of Monatélé, in 2010, Forest covered 11464 ha (73.77%), 

Agriculture Land covered 1933 ha (12.33%), Water covered 1524 ha (9.81%), Bare Land covered 369 ha (2.38%), while 

settlements covered 250 ha (1.61%).  In 2017 9752 ha (62.75%) were covered by Forest, 3777 ha (24.30%) were covered by 

Agriculture Land, 1152 ha (7.41%) were covered by water, Settlements covered 480 ha (3.09%), while Bare Land covered 380 ha 

(2.45%) of the total surface area. Classifying the image of 2022 revealed that in a total of 15541 Hectares, forest covered 10606 ha 
(68.25%), Ariculture Land occupied 2630 ha (16.92%), Water occupied 1045 ha (6.72%), Settlements occupied 666 ha (4.28%), 

while Bare land Occupied 594 ha (3.82%). These results are illustrated in the Figures below.  

 

 
Fig 3 LULC of Monatélé in 2010 

  

 
Fig 4 LULC of Monatélé in 2017 
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Fig 5 LULC of Monatélé in 2022 

 

 Accuracy Assessments  

Accuracy Assessment points were generated and 

compared based on the class values and sampled ground 

truthing, confusion matrices were generated, user’s and 

producer’s accuracies were calculated for each 

classification, overall accuracy and the Kappa coefficient 

were used to test and conclude on the classification 

accuracy. Overall accuracy is defined as the ratio between 

the total number of samples which are correctly classified 
and the total number of samples considered for the accuracy 

assessment. User's accuracy corresponds to error of 

commission. It refers to the measurement of how many of 

the samples of a particular class matched correctly. On the 

other hand, producer's accuracy corresponds to errors of 

omission. It is a measure of how much of land in each 

LULC category was classified correctly. The 

Misclassification Matrices for the images of 2010, 2017 and 

2022 in the tables below show overall accuracy of 0.90, 0.88 

and 0.86 and Kappa coefficients of 0.82 (82%), 0.81 (81%) 

and 0.77 (77%) respectively which makes the classifications 
very good according to Moriasi et al., 2007.  

 

Table 4 Confusion Matrix of 2010 Image Classification 
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Table 5 Confusion Matrix of 2017 Image Classification 

 
 

Table 6 Confusion Matrix of 2022 Image Classification 

 
 

 LULC Change Detection  

Change detection is one of the fundamental 

applications in imagery and remote sensing. It is the 

comparison of multiple raster datasets, typically collected 

for one area at different times, to determine the type, 

magnitude, and location of change. Change can occur 

because of anthropogenic activity, abrupt natural 
disturbances, or long-term climatological or environmental 

trends. The output from change detection is a difference 

raster where each pixel contains the type or magnitude of 

change. Change detection was done using ArcGIS Pro’s 

Change Detection Wizard, and the net change between the 

classes was calculated for each the periods using the pixel 

value which was converted to the area by multiplying the 

area of each pixel by the square of the pixel resolution, as 

each pixel is squared from the raster information. The 

results of the LULC class change studies between 2010 and 

2017 showed a net maximum variation in Agriculture Land, 

and a net minimum variation in Water. Agriculture 

increased to 95.36% (1843.45 Ha), Settlements increased by 

92.16% (230.42 Ha), Bare land increased by 2.96% (10.93 

Ha), Forest decreased by 14.94% (1712.86 Ha), while Water 

decreased by 24.40% (371.90 Ha). A change matrix was 

established to support the results by demonstrating which 
class change to which and with what probabilities. The 

results of the LULC class change studies between 2017 and 

2022 showed a net maximum variation in Bare Land, and a 

net minimum variation in Agriculture Land. Bare Land 

increased to 56.31% (214.09 Ha), Settlements increased by 

38.52% (18.09 Ha), Forest increased by 8.77% (854.76 Ha), 

Water decreased by 9.3% (107.15 Ha), while Water 

decreased by 30.37% (1146.83 Ha). A change matrix was 

established to support the results by demonstrating which 

class change to which and with what probabilities.  
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Table 7 Transition Matrix Showing LULC Change in Monatélé between 2010 and 2017 

 
 

Table 8 Transition Matrix Showing LULC Change in Monatélé between 2017 and 2022 

 
 

 
Fig 6 LULC Class Dynamics between 2010 and 2017 
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Fig 7 LULC Class Dynamics between 2017 and 2022 

 
 Predictions  

Using the LULC Maps of 2010 and 2017, a model prediction of 2022 was established and was used to determine the 

accuracy of the predictions for 2029 and 2035 using Relative Operating Characteristic (ROC) and Kappa indices. The validation 

results showed a correctness with Kappa for no information (Kno) 93.74%, Kappa for Location (Klocation) 96.15%, Kappa for 

location Stratum Level (KlocatioStrata) 96.15% and Kappa for Standard (Kstandard) 91.44%. These results show the high model 

capacity to simulate the 2029 and 2035 LULC patterns.  

 

 
Fig 8 Predicted LULC of Monatélé 2022 
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For the simulations of the LULC maps of 2029 and 2035, change probability matrices were generated which represented the 

different class transition potentials, the LULC maps of 2010 and 2022 were used to get the Markovian transition areas which were 

used together with the Map of 2022 to perform these predictions.  

 

Table 9 Transition Potential Probabilities for Transition from 2022 to 2029 

 
  

Table 10 Transition Potential Probabilities for Transition from 2022 to 2035 

 
  

According the predictions, in 2029, Forest will occupy 60.19% (9354.87 Ha), Agriculture will occupy 26.05% (4048.58 Ha), 

Settlements will occupy 5.74% (891.34 Ha), Water will occupy 5.33% (828.88 Ha), while Bare Land will occupy 2.69% (417.60 

Ha). In 2035, Forest will occupy 61.22% (9515.07 Ha), Agriculture will occupy 25.19% (3914.26 Ha), Settlements will occupy 

6.58% (1022.69 Ha), Water will occupy 4.58% (712.15 Ha), while Bare Land will occupy 2.43% (377.10 Ha) of the Commune of 

Monatélé.  
 

 
Fig 9 Predicted LULC of Monatélé 2029 
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Fig 10 Predicted LULC of Monatélé 2035 

 

These results show a net increase in settlements, a net decrease in water, a net decrease in Forest Land, an almost constant 

variation in Bare Land, and a net increase in Agriculture Land. 

 

Table 11 Predicted Areas of Individual LULC Changes of 2029 and 2035 
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Fig 11 Line and Stacked Chart Showing Variation of Different Classes between 2010 and 2035 

 

 Significance of Results  

The results show a consistent increase in settlements, a 

consistent decrease in water mass, a net increase in 

agriculture and net this in forest and an almost constant 

variation in bare land.  This growth in settlements will lead 

to uncontrolled urbanization and anarchy in the nearest 

future if appropriate measures are not put in place (town 

planning being the most effective), this will equally lead 

pollution of the environment, increase pressure on natural 
resources and consequent resource depletion, ecological 

degradation, increase demand in basic necessities and 

facilities such as portable water, electricity, schools, good 

transport systems, et cetera. However, controlled, this 

growth in settlement will lead to an increase in human 

capital, specialization, creativity, improved demographic 

structures et cetera. Monatélé having fishing as one of its 

main economic activities, producing about 60 tons of fish 

per year (Communal Development Plan of Monatélé), will 

experience a great loss in the years to come if measures are 

not taken to control the continual loss of water mass. A net 
decrease in forest implies a loss in biodiversity, a reduction 

in one of the main local economic activities which is 

tourism. Loss in forest also implies risk of floods, erosion, 

landslides, air pollution, irregularities in water cycles, 

damage of natural habitats, increase climate change and 

global warming, et cetera. Increasing agriculture land 

implies supporting livelihoods through food, increase in 

trade, local employment opportunities, reduction of grocery 

expenses, et cetera. Uncontrolled however, this increase will 

lead to deforestation, loss in biodiversity, soil and water 

contamination, et cetera. Recommendations have been made 

in the last section to tackle these issues.  

IV. CONCLUSION 

 

This study had as objective to elaborate the present 

LULC and give possible future predictions of the LULC of 

the subdivision of Monatélé in Cameroon, in order to help 

the decision makers in this subdivision make informed 

decisions based on past trends, present reality and future 

possibilities. In order to achieve this objective, a literature 

review was done, concepts of LULC were defined and 
understood, and two principal tools were settled on for use 

to achieve this course; GIS and remote sensing. A defined 

methodology for the work was equally established including 

the data acquisition (raster, vector files, field survey…) and 

processing, and simulation or prediction with all the tools 

possible (ArcGIS Pro, ERDAS 2022, QGIS, IDRISI 

Selva…). The application of the defined methodology, 

which classified the subdivision into five main classes, 

showed that in the subdivision of Monatélé in Cameroon, 

between 2010 and 2022, Settlements have increased, almost 

doubling between 2010 and 2017, Water has constantly been 
on the decrease with water area getting transform a lot into 

Forest, Agriculture Land has been on an increase, while 

Bare Land has also increase between 2010 and 2022. In 

numerical terms, Settlements increased from 1.61% in 2010 

through 3.09% in 2017 to 4.28% in 2022, Water decreased 

from 9.81% in 2010 through 7.41% in 2017 to 6.72% in 

2022, Forest decreased from 73.77% in 2010 to 62.75 in 

2017 and then increased to 68.25 in 2022, Agriculture Land 

increased from 12.44% to 24.3% in 2017 and then decreased 

to 16.92% in 2022, accounting a lot for the increase in 

Forest, while Bare Land increased from 2.38% in 2010 

through 2.45% in 2017 and 3.82% in 2022. Predictions 
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using the robust CA-Markov showed that in 2029 and 2035, 

settlements will occupy 5.74% and 6.58%, Water will 

occupy 5.33% and 4.58%, Forest will occupy 60.19% and 

61.22%, Agriculture will occupy 26.05% and 25.19% while 

Bare Land will occupy 2.69% and 2.43% respectively. As 

an outcome, forest and water with high environmental 

content are greatly reducing. This is threatening to 

ecological values. Settlements and Agriculture are 
increasing at high rates and will continue to increase and 

need to be controlled. There arises to this effect a need for 

land use planning in Monatélé to avoid disorderly settlement 

patterns and reduce pressure on natural resources for 

sustainable development as is presently the case with most 

of the metropolitan cities of Yaoundé and Douala. 
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