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ABSTRACT

In the countries of the South, capital cities such
as the Autonomous District of Abidjan polarize
both economic activity and demographic growth
to such an extent that they are subject to rapid
land artificialisation. This artificialization, in
conjunction with poorly controlled urbanization,
contributes to the thinning of vegetated areas.
The objective of this work is to determine the
changes in land use and land cover that have
occurred in the Autonomous District of Abidjan
over the last two decades, 2002 and 2022. The
method uses the Random Forest classification
algorithm in the Google Earth Engine platform
from Landsat composite images. With an overall
accuracy of 98.03% in 2002 and 98.7% in 2022
and kappa coefficients of 0.9 in 2002 and 2022,
the cartographic and statistical results show
important dynamics in land use in the
Autonomous District of Abidjan during this
period. These dynamics are characterized by a
regression of vegetated and hydrographic areas
that have lost 61% of their surface to the benefit
of the habitat that has increased by 171% from
22.4 thousand hectares to 55.4 thousand
hectares.

Keywords: Autonomous District of Abidjan,
random forest, google earth engine, urban
dynamics, land use and land cover

INTRODUCTION

In African countries with high population
growth, one of the main challenges is the
rapid urbanization of the population. Indeed,
in the global population growth outlook, the
urban population is expected to increase by
2.5 billion urban dwellers between 2018 -

2050 and nearly 90% of this increase will be
concentrated in Asia and Africa (UNITED
NATIONS, 2019). In Céte d'lvoire, despite
the recent surge of small and medium-sized
cities, the country's strong urban growth
remains strongly the preserve of the
Autonomous District of Abidjan (ADA)
(SDUGA, 2015). The population of this
capital territory of Céte d'lvoire increased
from 17 thousand in 1934 to 6.3 million in
2021 (INS, 1992; INS, 2001; INS, 2021). In
less than a century, this population has
increased by more than 37,000% for an
average annual growth rate of about 6.9%.
Thus, more than one out of five inhabitants
of Cote d'lvoire (21.5%) reside in the ADA.
This population corresponds to more than
two out of five urban dwellers in the country
(41%).

This demographic primacy in conjunction
with a polarization of more than 80% of
economic  activity (WORLD BANK
GROUP, 2019), inexorably implies a
significant artificialization of land and the
multiplication of built-up areas. Rapid urban
and peri-urban growth puts increased
pressure  on  vegetation cover (M.
DALLIMER et al, 2011; D. N. RICHARDS
and R. N. BELCHER, 2020) and
exacerbates  imbalances in  fragile
ecosystems such as wetlands (D. SYLLA
and L. M-C AKADJE-KONAN, 2022). This
thinning of urban vegetation appears to be a
threat to the sustainable development of
cities. Indeed, as D. N. RICHARDS and R.
N. BELCHER (2020), urban vegetation
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provides many ecosystem services that
make cities more livable for city dwellers.
These environmental services include
regulating urban microclimates, reducing
flood risk, and conserving biodiversity (T.
ELMQVIST et al, 2015; J. BENINDE et al,
2015; D. N. RICHARDS and R. N.
BELCHER, 2020). These vegetated spaces
ineluctably participate in healthier, more
user-friendly, and recreational cities that
contribute to improved human health (K.
TZOULAS et al 2007; H. LAI et al, 2019;
D. N. RICHARDS and R. N. BELCHER,
2020).

All in all, without planning, many recent
studies have shown that ongoing changes in
land wuse and land cover due to
anthropogenic actions are increasingly
negatively impacting various aspects of the
Earth's surface, such as terrestrial
ecosystems, water balance, biodiversity,
temperature enhancement, rainfall pattern
variability, and extreme event frequencies
(F. DUBERTRET et al, 2022, T. N. PHAN
et al, 2020, L. KOSCHKE et al, 2012; S.
NIQUISSE et al, 2017; N. A. WAHAP and
H. Z. SHARFRI, 2020; S. S TRAORE,
2022; A. A OSSENI, 2023; C. T FAYE et
al, 2023). As the DAA will have more than
10 million inhabitants in 2050, monitoring
changes in land use and land cover patterns
with their implications on the natural
environments now appears to be an urgent
matter and a challenge for the sustainability
of this capital territory of Cote d'Ivoire.

The study is part of this perspective of
monitoring the dynamics of past and present
land cover allocations. It assesses and maps
changes in land use and land cover in the
ADA between 2002 and 2022 using remote
sensing technology. This technology has
become more democratized and established
as a practical, rapid, and efficient tool for
mapping land cover and monitoring its
change over time in recent decades (D. P.
ROY et al, 2014; M. A. WULDER et al
2016; T. N. PHAN et al, 2020, S. ZHANG
etal 2021; J. CUl et al, 2022).

However, as rightly pointed out by F.
DUBERTRET et al (2022), performing

analysis on large spatial and temporal scales
requires overcoming many technical
challenges, such as rectifying differences
between multiple sensors over different time
periods, or taking into  account
heterogeneous data quality and availability
due to various factors, including cloud
cover. It would be tedious to perform all
these surface information collection,
storage, processing, and retrieval operations
on a large scale using traditional methods
(T. N. PHAAN et al, 2020, J. CUI et al,
2022).

Also, Google Earth Engine (GEE) which is
an open-source JavaScript application
programming interface presents itself as a
new approach capable of overcoming these
pitfalls and improving the results of image
classification and land use/land cover
modeling (F. CASU et al, 2017; N.
GORELICK et al, 2017; M. A. WULDER et
al, 2018; S. XIE et al, 2019; J. XU et al,
2021; F. DUBERTRET et al, 2022). This
cloud-based geospatial analysis platform
solves the most important problems in land
cover mapping over large areas and
considerable time scales (J. DONG and X.
XIAO, 2016; T. N. PHAN et al, 2020; Y.
PIAO et al, 2021; J. CUI et al, 2022;
MIRMAZLOUMI et al, 2022). It is now a
powerful tool for downloading and
processing a wide variety of data
simultaneously, in a consolidated system
(N. SIDHU, 2018, ; N. AWAHAP and H. Z
SHARFRI, 2020; T. N. PHAN et al, 2020).
The different steps of this approach are
presented in the following section.

MATERIALS & METHODS
Presentation and characteristics of the
study area

The study area the DAA is located on the
Ivorian coastline between 5°10'0” and
5°40'0" North Latitude and 4°30'0" and
4°60'0" West Longitude (figure 1). The
shape of this sedimentary basin has been
shaped by the Ebrié lagoon system that runs
parallel to the coastline and separates the
site into two morphological domains: the
southern domain dominated by coastal
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plains and the northern domain dominated
by plateaus (BNEDT, 2008). The coastal
plains have altitudes of less than 10 m,
while those of the interior plateaus reach
more than 200 m in places. This territory is
dominated mainly by ferrallitic,
hydromorphic, podzolic soils and by soils
that are not very advanced on marine sands
(E. ROOSE et al, 1966). These soils were
originally covered by forest formations
varying from the dense evergreen rainforest
in the north and by swamp forests or
mangroves in the south of the lagoon system
(Y. T. BROU, 2018).

This  vegetation cover has almost
disappeared today due to the dynamics of
the ADA. These dynamics, which began
with the establishment of the Abidjan urban
area as a capital in 1934, were reinforced
with the opening of the Vridi canal and the
development of the deep-water port in the
early 1950s, and then exacerbated from
2002 onwards with the advent of the
military-political crisis. This crisis, which
lasted for about a decade, saw ADA receive
a large number of people fleeing the
Central, Northern and Western zones.

Figure 1: Location of the study area

A

®  Chiel town of aub-prufecten

Mumceaity boundary w— Dsanct bowndury

< Sar-prafeciure Boursiary — Staie bOUNdary

Sowcw. CNTIG Nor1e

ADA now has, in addition to the city
subdivided into ten communes, four sub-
prefectures, namely Anyama, Bingerville,
Brofoudoumé and Songon. It covers
approximately 2,034 km? with an estimated
population of 6,321,017 inhabitants in 2021
(INS, 2021), i.e., a density of 3,108 hbt/km2.
This significant anthropization is not
without consequences for the vegetated
areas.
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Study data

Tracking mapping of land cover index
change was done through two reference
dates 2002 and 2022 using Landsat 7 and 9
images from the Landsat Surface
Reflectance Tier 1 orthorectified and
atmospherically corrected image collections
(Collection 2 Tier 1 -calibrated top-of-
atmosphere (TOA) reflectance, Table 1).

Table 1: Study Data

N° | Data Path / Row Resolution | Period (var start, var end)
1 LANDSAT_7ETM + 196/56et195/56 | 30m 01/01/2002 au 31/12/2002
2 LANDSAT_90OLI-2 TIRS-2 | 196 /56 et195/56 | 30 m 01/10/2022 au 31/10/2022

Source: https://earthengine.google.com, https://earthexplorer.usgs.gov/
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These are composite images created from
the time periods var start Date and var end
Date (table 1). The pre-processing and
processing operations were done from these
composite images. In fact, existing studies
have shown that temporal aggregation
methods and the use of one-, two-, and
three-year mosaics lead to improved
performance of classification results and
better quality of land cover maps (A. J.
OLIPHANT et al, 2019; D. N. RICHARDS
and R. N. BELCHER, 2020; R. E.
KENNEDY, 2021; Y. PIAO et al, 2021).

The choice of Landsat images is motivated
by the fact that it is the only sensor to date
whose images have covered the Earth's
surface for more than 40 years at a spatial
resolution of 30 m or 60 m for the first
satellites and spectral bands that are
generally consistent between the various
sensors  launched since 1972 (F.
DUBERTRET et al., 2022, N. PHAN, 2020)

METHODS

Choice of the classifier

The mapping of land use indices through the
GEE geospatial analysis platform is based
on a number of algorithms such as
Classification And  Regression  Trees
(CART), K-Means, Gradient Boosting
Regression (GBR), Machine Learning and
Ensemble  Algorithms (MLEA), The
Support Vector Machine (SVM), The
Minimum Distance (MD)... Remote sensing
combining  these algorithms  reduces
uncertainties related to land use changes in
inaccessible areas (Y. PIAO et al, 2021). In
this study, the approach is based on the
supervised classification method using the
Random Forest (RF) algorithm. Developed
by Leo Breiman in 2001, RF or random
forest is a combinatorial classification
method based on categorical regression
trees (L. BREIMAN, 2001; J. CUI et al,
2022).

This algorithm is applied to nonparametric
statistical regression and classification
problems based on a training dataset (K.
TATSUMI et al, 2015; K. TATSUMI et al,
2016).

It consists of multiple independent and
unrelated decision trees (Y. PIAO et al,
2021) and works by constructing multiple
decision trees by outputting for each pixel
the mode of all predicted classes (T. K. HO,
1998; F. DUBERTRET et al, 2022). The RF
algorithm is currently perceived as one of
the best and most widely used algorithms
for classification with high accuracy of land
cover from remote sensing data (M. PAL,
2005; X. LI et al, 2016; K. MILLARD and
M. RICHARDSON, 2015; K. TATSUMI et
al, 2016; N. P. THANH and M. KAPPAS,
2017; A. E. MAXWELI et al, 2018, M.
AMANI et al, 2019, K. LOUKIKA et al,
2021). This method effectively solves the
mixed pixel classification problem and
achieves better classification results (I. X.
FLOREANO and L. A DE MORAES, 2021;
S. ZHANG et al, 2021).

Creation and pre-processing of a
composite image

The image pre-processing operations began
with the import of the ADA polygon into
the GEE platform, which allowed the
working environment to be clipped and
extracted. Time periods var start Date and
var end Date (Table 1) were then set and
applied to the Landsat Surface Reflectance
Tier 1 products. The individual images are
combined into a composite image using the
median filter, which assigns each pixel an
average over the period (K. LOUKIKA et
al, 2021).

To the obtained mosaic was applied the
function map(maskL8srClouds) in order to
mask the permanent cloud covers that could
bias the classification result. This function
in GEE effectively solves the problems of
cloud interference during the monsoon and
the impossibility of using satellite image
data during certain periods (Y. PIAO et al,
2021). This step is crucial in sub-equatorial
regions such as the ADA where cloud cover
is almost permanent all year round. These
pre-processing operations allowed us to
correct the images and improve their
reflectance and visual quality.
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Loading the training data and applying
the classifier to the image

For optimal accuracy of the classification
results (R. GOLDBLATT et al, 2016, K.
LOUKIKA et al, 2021), we added to the
input Landsat image bands, four additional

indices. These are the Normalized
Difference  Vegetation Index (NDVI),
Normalized Difference Built-up Index

(NDBI), Normalized Difference Modified
Water Index (MNDWI), and the Modified
Ground  Adjusted  Vegetation  Index
(MSAVI2). These indices calculated from
two or more channels are designed to
maximize vegetation, built-up, hydrography,
and bare ground features respectively) while
reducing noise (A. CICI, 2020; F. PECH-
MAY et al, 2022; N. PETTORELLI et al
2005; R. GOLDBLATT et al, 2016; Y.
PIAO et al, 2021; Y. ZHA et al, 2003; H.
XU, 2006; J. Ql et al, 1994)

All of this data was added to the GEE
environment from a Map.addLayer
visualization dictionary. Training points
were subsequently added and grouped into
five dominant groups: Built, Forest,
Gradient, Open, and Hydrography. The
smile Random Forest classifier was finally
built and applied to the composite image
allowing this algorithm to discretize the
spectral data into five land cover classes:
"Built", "Forest", "Hydrography", "Orchard"
and "Open".

Evaluation and improvement of
classification results

In order to test the robustness of the land
use index discretization model, post-
classification operations were necessary.
The rasters obtained through the
classification method of the RF algorithm
were visually evaluated in order to detect
possible classification errors or
misclassified pixels based on the knowledge
of our study area. Classification
improvement was also done by comparing
the land cover maps to archival Google
Earth images (D. N. RICHARDS and R. N.
BELCHER, 2020). Errors were corrected by
adding additional training points in the parts

of the spectral space where confusion
occurs. In addition, field missions were also
performed. Following these classification
and post classification operations, the
robustness of the land cover mapping model
in the DAA was assessed by the kappa
coefficient and the overall accuracy index.
This evaluation of the classifier accuracy
was done by means of a confusion matrix
(Confusion Matrix) (S. V. STEHMAN
1997; S. MAGNUSSEN, 2021).

Evaluation of changes in land use

In order to statistically assess the different
changes in the land use indices between
2002 and 2022, the results of the
classification were exported to the ArcGis
interface. The areas of the different classes
were calculated from the attribute tables.
Then, the different variations of the land
cover classes were estimated using the
Overall Rate of Change (equation 1),
Average Annual Rate of Change (equation
2) and Absolute Difference (equation 3):

[1] ORC = [(FYz2 - I'Y1) / 1Y1] x 100
[2] AARC = [(FY2/ 1Y1)¥t— 1] x 100
[3]AD = FY2- 1Y1
With 1Y, = Initial Year area; FY2 = Final Year area
and t = difference between the two years.

In addition to these quantities, spatial
mutations were also determined from a
transition matrix that discriminated the areal
units of conservation, modification, and
transformation.

RESULT

The classification model using the RF
algorithm was performed with an overall
accuracy of 98.03% in 2002 and 98.7% in
2022 and kappa coefficients of 0.9 in 2002
and 2022. This model allowed to
characterize the land use and to evaluate the
mutations that occurred during this period.

Characterization of land use in the ADA
in 2002 and 2022

The land use in the DAA has been mapped
according to five dominant land use indices.

International Journal of Research and Review (ijrrjournal.com) 259
Volume 10; Issue: 5; May 2023



Kinakpefan Michel Traore. Monitoring of land use dynamics in the autonomous district of abidjan between

2002 and 2022 using the google earth engine platform

The "Building™ index, indicates old or
ongoing settlements and housing areas. The
"Forest” index groups together the relics of
the  tropical forest that originally
predominated. The "Orchard" index refers
to cocoa, rubber and oil palm plantations
and other cash crops that have contributed
to the decline in forest cover. The "Opened”

index refers to fields, fallows, open spaces
or grass dominated areas. The
"Hydrography™ index refers to surface water
present on a permanent or intermittent basis.
Based on statistical (table 2) and the
cartographic (figure 2) results, the ADA has
been subject to significant land use and land
cover changes over the past 20 years.

Table 2: Land use and land cover statistics in 2002 and 2022

AD | ORC | AARC
) 2002 2022 km) | (%) (%)
Land use index
Aerae (%) Aera (%)
(km?) (km?)
Building 204.7 [10.1|554.8 [27.3]350.1 |171.01|5.11
Orchard 926.4 |455)|816.2 |40.1]-110.2|-11.89 | -0.63
Opened 658.8 |32.4]434.6 |21.4]-224.2|-34.03 | -2.06
Hydrography [1956 |9.6 |1842 |91 |-114 |[-5.81 [-0.30
Forest 48.4 24 441 22 |-43 -8.94 | -0.47
Total 2033.8 | 100 | 2033.8 | 100

Source: Our treatments, 2023

Figure 2: Land use maps of the ADA in 2002 and 2022
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In 2002, the use of land is reflected by a
predominance (more than 45%) of
individual or industrial plantations followed
by open spaces (32.4%), residential areas
and water surfaces (10%) and finally forest
relics (2.4%) (table 2). During the last 20
years only the "Built" index has varied
positively to pass from 20.4 thousand
hectares in 2002 to more than 55.4 thousand
hectares in 2022, that is to say a global
increase of 171% and an average annual
growth rate of 5.1% (table 2).

The "Opened” index has experienced the
most important negative variation with more
than 224 km? lost or 34% of its surface for

an annual decline rate of 2% (table 2). The
plantations have also lost 110 km? or nearly
12% of their area (table 2. The forest relics
that covered 48 km? in 2002 have declined
by 9% equivalent to an area of 44 km2. The
surfaces of water lost as for them more than
11 km?2 that is to say nearly 6% of their
surface during these last 20 years.

Changes in land use and land cover in the
ADA between 2002 and 2022

The transition matrix (Table 3) provides a
better understanding of these ongoing
spatial changes over the past 20 years in the
ADA.

Table 3: ADA Landscape Transition Matrix for 2002 to 2022

. 2022 (km?)
Land use index Building | Forest | Hydrography | Opened | Orchard TOTAL
Building 1684 0,1 0,3 30,4 55 204.7
%‘ Forest 29 39,2 10,03 2,6 3,6 48.4
X | Hydrography | 10,6 0,01 ]176,1 2,0 6,9 195.6
& | Opened 234,6 3.8 53 186,3 |228,6 658.8
& | Orchard 138,2 1,0 25 2132 571,3 926,4
TOTAL 554.8 44.1 184.2 434.6 816.2 2033,8

Source: Our treatments, 2023

In total, during the period 2002 - 2022, 114
thousand hectares (56.1% of the total area)
remained stable. The changes involved 45.8
thousand hectares and the conversions 43.3
thousand hectares or 22.6% and 21.6% of
the total area of the District respectively.

Singularly, the conversion of land use
indexes into built-up area concerned 38.6
thousand hectares or 89.1% of all
conversions and 19% of all mutations that
occurred during the period (Figure 3).

Figure 3: Changes between 2002 and 2022 in the ADA
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This dynamic of housing to the detriment of
other land uses is taking place in the
direction of the new urban fronts of
Cocody-Bingerville to the east, Abobo-
Anyama-Brofodoumé to the north, and
Yopougon-Songon to the west (figure 3). It
is mainly at the expense of open spaces for
60.7% and plantations for 35.8%.
Hydrographic surfaces such as the Ebrié

lagoon in particular are not exempt from
this urbanization frenzy with approximately
3%. The waters of this body of water are
drained mainly to the south of the ADA in
the communes of Marcory, Treichville and
Koumassi in order to gain land for building
(figure 3). Photo 1 illustrates these
development operations on the lagoon.

Photo 1: Embankment operation on the lagoon in Koumassi

The relics of the primary forest that are the
Banco National Park (BNP) and the
Classified Forest of Anguédédou (CFA),
which are nevertheless located in protected
areas, do not escape these anthropic
pressures (figure 3) with a little less than
1%. These protected areas were created by
decree of the colonial administration, the
first in 1926 and the second in 1943,
covering 4,200 and 8,447.47 hectares
respectively. Illegal anthropic pressures
(agricultural practices, urbanization and
poultry farms) and legal pressures through
successive declassification operations have
caused the Anguédou Classified Forest to
lose nearly 90% of its surface area and the
Banco National Park to lose about 18%.

DISCUSSION

This study analyzes the changes in land use
and land cover that have occurred in the
ADA over the past two decades. The
approach is based on the processing of
Landsat composite images from 2002 and
2022 using the RF algorithm. As written by

S. ZHANG et al. (2021), the accuracy of
classification results from remote sensing
technology applied in the GEE platform
environment depends on the chosen
classification algorithm. The RF choice was
motivated by feedbacks that conclude that
this classifier is more robust compared to
others (K. TATSUMI et al, 2016; M.
BELGIU and L. DRAGUT, 2016; D.
ABUJITH and S. SARAVANAN, 2021; C.
T. LIU et al, 2021: J. CUI et al, 2022). The
results of this classification with an overall
accuracy of more than 80% can be
considered robust following the work of R.
CONGALTON (1991), D. SYLLA et al
(2021), J. CUI et al (2022), A. G. ADOU et
al (2022), S. S. TRAORE et al (2022) and
C. T. FAYE et al (2023).

Based on the results of this classification,
the DAA is undergoing significant changes
in land use and land cover. These changes
particularly concern the vegetated areas that
are inexorably being converted into urban
areas. Thus, the space of two decades the
habitat has experienced an increase of over
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171% from 20.4 thousand hectares to 55.4
thousand hectares. This dynamic is
accompanied mainly by a reduction in areas
of crops and plantations that have lost 33.4
thousand hectares or 45.9% of their area in
2002.

This regressive dynamic of vegetation cover
in favor of built-up areas is in agreement
with the results of the work of F. A.
MEMEL et al (2021), D. SYLLA (2021), J.
CUI et al (2022), S. AMINI et al (2022) and
PIAO et al (2021). This nibbling of
agricultural land by the built-up area of
cities is due to the existence of a land
market that is unfavorable to the
maintenance of agricultural activity (D.
Sylla, 2021). The result is urban sprawl,
which refers to the extent of urbanization
due to population growth and large-scale
migration that leads to changes in land use
patterns (H. S. SUDHIRA et al, 2004).

In the ADA, as in many cities of the South,
this often concentric urban sprawl guided by
communication  routes  invades the
surrounding countryside and progressively
nibbles away at rural space (M. POULOT et
al., 2012; J. CAVAILHES, 2004; D.
SYLLA, 2021; K. I. N. RAHMI, 2022).
Indeed, as in Kendari, Indonesia, urban
expansion in the DAA is a centripetal
process that starts from the center and
spreads out to the surrounding areas (K. I.
N. RAHMI, 2022). As cities stretch, they
incorporate rural areas into the urban area
similar to the finding of H. S. SUDHIRA et
al. (2004) and R GOLDBLATT et al. (2016)
in Indian urban areas. This urban sprawl is
undeniably one of the potential threats (or
the potential threat) to sustainable
development, urban planning, efficient use
of resources, and allocation of infrastructure
initiatives in the urban South (H. S.
SUDHIRA et al).

This change in land use and land cover
caused by the development of urbanization
and industrialization undoubtedly leads to
the degradation of vegetation cover and
sustainable conditions for the future (D.
ABIITH and S. SARAVANAN, 2021).
This observation is corroborated by the

results of S. S. TRAORE (2022) around the
mining sites in southern Mali. This
degradation of vegetation due to sustained
population growth does not spare protected
areas. As noted by R. K. OURA (2012),
SAKO N et al (2013) N. SAKO and G.
BELTRANDO (2014), Y. M. A. D.-C.
OBOUE and K. E. KONAN (2022) the
Banco National Park and the Anguédédou
Classified Forest, which are essential to the
ecosystemic balance, are subject to daily
pressures due to the activities and rapid
urbanization of the ADA.

In the face of these challenges, accurate,
current, and long-term information on land
use and land cover remains essential not
only for local development but also for
government policies (T. N. PHAN, 2020).
Quantifying and monitoring the spatial and
temporal dynamics of land use then appear
essential to better understand many land
surface processes (A. MIDEKISA et al,
2017). Well conducted, this monitoring
undeniably constitutes decision-making and
territorial planning support tools for the
preventive management of extreme social
and environmental crises.

CONCLUSION

The ADA is experiencing a continuous loss
of vegetated areas, particularly in favor of
urban areas. This expansion of habitat, in
conjunction with exceptional demographic
growth and the polarization of economic
activity by the ADA, contributes to the loss
of vitality of natural ecosystems, the
degradation of protected areas and the
retreat of agricultural spaces.

The classification approach using the
Random Forest algorithm in the Google
Earth Engine platform certainly has inherent
limitations, particularly due to the relatively
high quality and spatial resolution (30 m) of
the input Landsat satellite images. Images
with spatial resolution at the centimetre
level using sensors such as drones would
allow for better refinement of the results of
this classification.

In fact, monitoring and mapping of land use
and land cover are undeniably tools for
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decision support, territorial planning and
sustainable development. Future studies
should also focus on modeling and
predicting the dynamics of land use in this
capital city in the territorial framework of
Cote d'lvoire.
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