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ABSTRACT

Over the last few decades, escalating natural and human-induced pressures have had a profound impact
on land use dynamics, posing formidable challenges for decision-makers and researchers striving to manage
and sustain terrestrial resources. Consequently, land use and land cover (LULC) modeling has emerged as
an indispensable decision-making tool. The primary aim of this study is to significantly contribute to the
new knowledge of landscape dynamics in Africa’s cacao-growing regions for advanced territorial planning,
natural resource management, and biodiversity conservation. The findings reveal substantial changes in
vegetation cover in western Côte d’Ivoire between 1985 and 2018. As a result, we have forecasted land use
dynamics for 2030 and 2050 in a mountainous region facing mounting human pressures by utilizing the
Land Change Modeler (LCM) model. The validation of the model has yielded visually and statistically
satisfactory results, with Kappa indices surpassing 80%, demonstrating a high level of agreement between
actual and simulated maps. The conclusions drawn from this study hold undeniable relevance for decision-
makers, urban planners, and citizens, particularly considering the growing demand for cocoa in global
markets.
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Introduction

The impact of human societies on the planet’s eco-
systems has sharply increased since the early 20th
century due to the exploitation of natural resources
and expansion of land use (Mama et al., 2013). The

term “land use” refers to the transformation of land
by humans for various purposes, while “land cover”
states for the physical cover that can be observed on
the earth’s surface (Yonaba et al., 2021).  Landscapes
are undergoing rapid denaturalization induced by
anthropogenic disturbances, such as agriculture,
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urbanization, and demographic change (gen. popu-
lation increase)(Scouvart and Lambin, 2006; Skole
and Tucker, 1993; Thomas et al., 2004). The forest
landscape is by far the most affected by anthropo-
genic operations, as it provides numerous environ-
mental services and is also set as a shelter for two-
thirds of all terrestrial species (Parmentier et al.,
2007).  Nearly 1.6 billion people globally rely on for-
ests for their livelihoods, with 300 million residing in
or near forested areas (FAO, 2010). According to the
Food and Agriculture Organization (FAO), in 2015,
the global forest area, estimated at 4.13 billion hect-
ares in 1990, had decreased to 3.99 billion hectares
by 2015. Many experts and consultants from interna-
tional organizations believe that slash-and-burn ag-
riculture is the primary cause of tropical forest
depletion, responsible for 70% of deforestation in
Africa, 50% in Asia, and 30% in Latin America
(Nguekam et al., 2017). In Côte d’Ivoire, forest cover
has been considerably reduced as a result of logging
and agriculture (Koné et al., 2014). The country’s
predominant slash-and-burn cocoa farming is spe-
cifically responsible for 30% of deforestation
(Higonnet et al., 2017). In fact, farmers consider the
forest to be the environment with the most fertile
land and, therefore, the most suitable for growing
crops (Barima et al., 2016). Cocoa cultivation has ex-
panded from the pre-forest regions of the Centre-
East to the forest zones of the Centre-West and then
the South-West of the country(Brou and Chaléard,
2007).

The “cocoa loop” is a significant concept in the
cocoa production of Côte d’Ivoire. In the early 2000s,
due to disease resurgence and a decreased produc-
tion due to aging orchards, cocoa production shifted
towards western Côte d’Ivoire (Freud et al., 2000).
This shift was referred to as the “last cocoa loop(Ruf,
2018). Over the past two decades, a significant influx
of cocoa growers has entered that area (Koua et al.,
2020). Although Côte d’Ivoire’s west region has
mountainous terrain, large savannahs as well as for-
ests, the region is not suitable for growing of cocoa
growing. As cocoa production developed in past
cocoa loops, the forest landscape and social relation-
ships were transformed. There have been numerous
studies on land use/occupation dynamics over time
and space that have revealed these changes.

Furthermore, social relations play a crucial role in
the management and restoration of forest land-
scapes. Effective methods must integrate social di-
mensions, including community participation, gov-

ernance and the multifunctional benefits of forests to
improve ecological and human well-being. The
work of Ritter and Dauksta, (2013) and Wainaina et
al., (2023) show that inclusive and participatory ap-
proaches that consider the values, needs and knowl-
edge of local communities are essential to ensure the
sustainability of forest restoration projects and
maximise their social and environmental benefits.

Remote sensing is deemed one of the most appro-
priate methods for assessing the impacts of land use
in general, for example, agriculture, particularly co-
coa farming, for this study. Various studies based on
remote sensing have been conducted in Côte
d’Ivoire regarding agriculture’s impact on vegeta-
tion (Achard et al., 2002; Goetze et al., 2006; Koua et
al., 2020). These studies have shown that agriculture,
particularly cocoa farming, has led to significant
deforestation and degradation of natural ecosys-
tems. Agricultural expansion has led to the conver-
sion of vast areas of forest into farmland, affecting
biodiversity and landscape structure. This land
transformation has also disrupted ecosystem ser-
vices, exacerbating environmental problems. Hu-
man pressure and agricultural migration continue to
threaten the country’s forests and natural vegeta-
tion.

Research on changes in land use, combined with
modeling, can offer a better understanding of the
transformations in this landscape. Modeling land-
use change provides a framework for identifying
land change mechanisms, generating forecasts, and
designing effective policy actions (Akinyemi and
Mashame, 2018; Koffi et al., 2023; Lambin et al.,
2003). Various models are utilized to simulate land
use dynamics, and Markov models have been
widely used to analyze land use and cover changes
(Flamenco-Sandoval et al., 2007; Mwabumba et al.,
2022). These models are valuable for exploratory
analysis and for depicting different scenarios. Based
on the Markov model (Padonou et al., 2017), it is
projected that the forest, woodland, and wooded
savannah cover in Bowé, Benin, will decrease from
74% in 1975 to 48% in 2050. Furthermore, it is also
anticipated to decline from 62% in 1990 to 31% in
2050. This suggests that by 2050, approximately 26%
of the total area classified as forest, woodland, and
wooded savannah in 1975 will have been converted
into degraded farmland and savannah. It is impor-
tant to note that the Markov model does not incor-
porate spatial considerations and assumes that tran-
sitions and capacities will remain consistent over
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time (Padonou et al., 2017). The land use scenario of
Mont Sangbe National Park in western Côte
d’Ivoire, as projected for 2050 via the CA Markov
simulation, illustrates the geographical correlations
between these factors (demography, urbanisation,
the road network and rivers) and changes in land
use (Konan et al., 2019).

Thus, the implementation of geoprospective ap-
proaches is important for territorial planning and
management decisions as they anticipate spatial and
landscape evolutions in the medium and/or long
term (Konan et al., 2019). Prospective modelling is an
effective tool that should be integrated into me-
dium- or long-term studies covering the past,
present and future terms.  Through this approach,
historical changes in land use and occupation can
better be understood, and rational decisions can be
made about the management of natural areas
(Konan et al., 2019).

Côte d’Ivoire is the largest cocoa producer in the
world. The western region of this country is experi-
encing significant development of cocoa and other
perennial crops. It’s important to analyze how this
growth will impact the future landscape. The rapid
anthropogenic operations in this area could lead to
land saturation, similar to what has happened in
previous cocoa-producing regions of Côte d’Ivoire
(Ruf, 2018; Zanh et al., 2018). Not many studies have
been carried out so far on the prospective modeling
of western Côte d’Ivoire. Thus, the general objective
of this study is to contribute to the new knowledge

of the landscape dynamics in west Côte d’Ivoire for
better territorial planning, natural resource manage-
ment, biodiversity conservation management, and
informed land-use planning decisions in others ca-
cao-grow regions. The specific objectives are (1) to
produce high resolution land-use change maps of
the Biankouma department for 1985 to 2018; (2) to
determine the land-use dynamics of Biankouma de-
partment; (3) to test an original approach to simulate
the evolution of land use/cover by 2030 and 2050
employing the Land Change Modeler (LCM) model.

Materials and Methods

Study area

The present study was performed in Côte d’Ivoire,
located in West Africa. Specifically, it was con-
ducted in the Western Region of Côte d’Ivoire, bor-
dering Guinea and Liberia. This area is the most
mountainous in Côte d’Ivoire, with peaks reaching
1,357 m altitude. The vegetation consists of moun-
tain forest, semi-deciduous forest, forest-savanna
mosaic and Guinean savanna. The department of
Biankouma, in the north of this region (Fig. 1), was
chosen as the sampling site. This Department is lo-
cated between 7°44’00” north latitude and 7°37’00”
west longitude. This region is located within a tran-
sition zone between sub-equatorial and tropical cli-
mates (Kouamé, 2014). However, it benefits from a
particular environment known as mountain climate

Fig. 1. Location of Biankouma department in Côte d’Ivoire
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linked to the presence of mountains (Eldin, 1971).
With an average temperature of 28º C, February is
the hottest month, while September is the rainiest,
with a rainfall of around 138 mm/year. The hydro-
graphic network of the Biankouma Department
comprises rivers, of which the main ones are the
Bafing and the N’zo, tributaries of the Sassandra
River (Tiesse Bi et al., 2018). The regions is situated
in the mountainous region along the Guinean ridge
between Guinea and Côte d’Ivoire, with elevations
ranging from 236 m to 1357 m. The plains (0-250 m)
in the far East, near the Parc National du Mont
Sangbé (PNMS), have limited significance, as do the
plateaus (250-500 m). The highest altitudes are
found in protected areas. Notably, the PNMS with
Mont Sangbé (1,072 m) in the northeast and the
Mont Gba classified forest (1,042 m) in the central
East of the department. The study region comprises
ten protected areas, with PNMS being the most
prominent. Agriculture is the primary economic ac-
tivity, with coffee cultivation dominating perennial
crops in the department (Konaté et al., 2015). Addi-
tionally, there is an increasing interest in cocoa farm-
ing (Tiébré et al., 2016).

Data

This study utilized two types of cartographic data:
satellite images and georeferenced vector data con-
taining information about the road network, locali-
ties, and administrative division of the Biankouma
Department. The satellite data comprised four
LANDSAT images from 1985, 2002, 2013, and 2018,
with a spatial resolution of 30 m (refer to Table 1).
All the retrieved satellite images were during the
dry season to minimize cloud cover and nebulosity;
also, using images from the same season helps to
reduce seasonal effects in change studies.

Methods

Digital processing of satellite images

The initial phase of the mapping process involved

acquiring LANDSAT-type satellite images from the
USGS Earth Explorer website (http://
earthexplorer.usgs.gov/), covering the period from
1985 to 2018. Subsequently, several operations were
carried out to enhance discernibility and distinction
between the various objects within the satellite im-
ages. These operations included computing bio-
physical indices (soil brightness, luxuriance, and
NDVI), as well as combining spectral bands through
PCA and color composites. Color composites, which
play a crucial role in aiding information extraction
by representing different land cover types through
resulting colors (N’Da et al., 2008), were utilized. In
the context of vegetation studies, three image bands
from different electromagnetic spectra (PIR, MIR, R)
were frequently utilized due to their effectiveness in
distinguishing between various vegetation types
(Girard, 1999; Oszwald, 2005). The visual interpreta-
tion of the indices and color composites enabled the
identification and evaluation of the spatial distribu-
tion of land cover classes prior to the commence-
ment of the data collection campaign.

Description of land use/land cover

A validation mission was conducted to describe the
ground objects. Plant formations were defined ac-
cording to the studies of (Chatelain, 1996) and (Koné
et al., 2014). Concretely, 150 points were identified
and visited during fieldwork to establish a corre-
spondence between coloration on color composites
and objects on the ground. Interpretation of the col-
oration, texture, and shape of the geographical ob-
jects displayed on the image’s color composite of the
study area from 07 February 2018 made it possible
to discriminate seven (7) types of land use (Fig. 2).
Studies carried out in the area in particular, those of
(Koné et al., 2014) contributed to the description of
forest and savannah formations. Forests, including
preserved, secondary, or degraded forests, comprise
several strata. Woody species are abundant and
comprise trees of different heights and diameters.
The tallest trees can be estimated at between 16 m
and 32 m or more (Chatelain, 1996), and their diam-

Table 1. Characteristics of selected images

Satellites Sensors Spatial resolution (m) WRS Path/Row Acquisition dates

LANDSAT 7 ETM+ 30 198/55 20/01/1985
LANDSAT 7 ETM+ 30 198/55 29/12/2002
LANDSAT 8 OLI 30 198/55 21/02/2013
LANDSAT 8 OLI 30 198/55 07/02/2018
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eter can exceed 1 m. Ground cover ranges from 50 to
80%. Savannahs can be classified into several types,
depending on the density and height of woody
plants and their floristic composition. Grassy and
shrubby savannahs have a high herbaceous stratum,
with woody plants less than 8 meters high. Tree
savannahs are characterized by a relatively higher
density of large trees. Crops include food crops and
perennial crops. Food crops may be simple or com-
plex; in case of being complex, these crops combine
several food crops on the same plot, then trees are
rare, and herbaceous or spontaneous species com-
prise most of the flora to which cultivated species
are added. Cocoa trees dominate perennial crops.
The structure of cocoa farms is indeed more com-
plex than food crops, from which they often origi-
nate. Above the roof formed by the cocoa trees, there
is an emerging layer of large trees scattered across
the fields. It should also be noted that cocoa farms
can also exist without any trees.

(Carloz and Collet, 2001; Girard, 1999).

Land use and land cover change modeling

In this study, the Land Change Modeler (LCM)
model integrated into the Terrset software was used
to model land use and cover up to 2030 and 2050.
LCM is a widely used tool in various regions world-
wide (Khoshnood Motlagh et al., 2021; Koffi et al.,
2023; Romero et al., 2020; Yonaba et al., 2021). The
methodology employed by the LCM model is based
on Markov chain matrices, an artificial neural net-
work (ANN), and transition suitability maps gener-
ated by training a multilayer perceptron (MLP)
(Khoshnood Motlagh et al., 2021; Koffi et al., 2023;
Twisa and Buchroithner, 2019). It has the ability to
forecast land use and land cover changes using the-
matic raster images with the same number of classes
(Beygi Heidarlou et al., 2019; Hasan et al., 2020). The
present study utilizes LCM to predict future land
cover changes in western Côte d’Ivoire. The model-
ling approach involves the following steps: (1)
change analysis, (2) assessment of transition poten-
tial and identification of explanatory variables, (3)
change prediction, and (4) model validation.

Change analysis

The modelling approach based on LCM began with
integrating the 1985 and 2013 land-use maps, ensur-
ing they shared the same characteristics such as
resolution, projection, and number of land-use
classes. Following the integration, a change analysis
was conducted to assess quantitative changes, ana-
lyzing gains and losses between the various land-
use classes (Wang et al., 2016). The analysis included
studying net changes, contributions, persistence,
and specific information transitions related to the
different land-use classes.

Integration of explanatory variables

The variables influencing land-use change were
carefully selected based on their relevance. Six key
variables were considered as factors affecting land
use change: the digital elevation model (DEM),
slope, distance to roads, distance to watercourses,
distance to localities, and evidence likelihood (Fig.
3). Notably, the digital elevation model plays a cru-
cial role in assessing landscape evolution, and its
impact on the extent and spatial distribution of
ground objects based on factors such as the avail-
ability of suitable land and water supply constraints
(Hasan et al., 2020). It provides fundamental

Fig. 2. Maps of the study area (b) extracted from color
composites 5/6/4 (a) from LANDSAT OLI/TIRS
image of 2018 of Biankouma Department

Satellite image classification

The study used supervised classification, which in-
volves control zones based on the precise location of
the areas in the field (Oszwald, 2005). The maxi-
mum likelihood algorithm was used for the super-
vised classification, which is considered effective by
many authors (Eastman, 2016; Girard and Girard,
1999). The classifications were based on color com-
posites of the most recent image of the study area
(2018), using several training areas determined from
field visits. The spectral characteristics of the land
cover classes generated by the classification of the
2018 LANDSAT 8 OLI image were used as training
areas for the supervised classification of previous
images. The classification results were validated
using indices derived from the confusion matrix



482 Eco. Env. & Cons. 32 (2) : 2026

geospatial information on land and relief. Altitude
and slope are topographical factors that also influ-
ence the expansion of agricultural areas and the spa-
tial distribution of built-up areas. Variables such as
proximity to roads and streams critically impact the
expansion of human activities, as they provide resi-
dents with easy access to resources and daily needs
while modifying land use. Population data could be
an explanatory factor for land use and land cover
change; however, it was not considered in this study
due to insufficient data. Given the significant annual
expansion rate of agriculture, it is relevant to create
the variable ‘Evidence likelihood’, a quantitative
variable that represents the probability of finding a
change between agricultural land and all other land
classes (Girma et al., 2022; Leta et al., 2021a). The ef-
fect of each variable was assessed using Cramer’s V,
a quantitative measure. Cramer’s V values above 0.4
indicate high potential, while a minimum value of
0.15 means that the variable is useful in describing
change (Beygi Heidarlou et al., 2019). However, a
Cramer’s V value of less than 0.15 does not necessar-
ily rule out the inclusion of the variable in the
model; this may depend on expert judgment or the
context of the study (Antoni, 2006; Yonaba et al.,
2021; Yangouliba et al., 2022). Cramer’s V coefficient
has been calculated using Equation 1:

 1,1min

2




rk
nV


(1)

Where, 2  represents the chi-square statistic, n is
the number of samples, k, r denotes respectively the
number of rows and columns in the contingency
table.

Potential transitions, map validation and
prediction

The MLP method has been utilized in this study to
analyze potential transitions. We modelled indi-
vidual potential transitions using explanatory vari-
ables capable of explaining these transitions among
seven land use and land cover classes. Conversions
from water to another class were disregarded due to
the absence of significant variation since 1985. Simi-
larly, conversions of crops, habitats, and bare soil to
dense forest were not considered, as no transition
from these classes to primary forest was observed
according to the survey. Based on historical satellite
images and discussions with local populations, the
last significant observation of vegetation recovery
dates back to 1985. The precision rate evaluates the
explanatory potential of the combination of explana-
tory variables and possible transitions. The LCM
user manual recommends an accuracy rate of 80%
or more (Eastman, 2016). However, an accuracy rate
of 50% is acceptable (Ait El Haj et al., 2023; Lü et al.,
2020). The 2018 land use and land cover map was
used to validate the LCM model. For this purpose,
the 2018 prediction map was made using two meth-
ods. Firstly, various kappa measures were used.
These included standard agreement kappa (standard),
which measured the correlation between the simu-
lated maps and the reference maps (equation 2); lo-
cation kappa (location), which assessed the model’s
ability to predict the location of changes (equation
3); and absence-of-information kappa (no), which
quantified the overall accuracy of the simulation
(equation 4). For each of these measures, a Kappa
value equal to 1 represents a perfect simulation
(Pontius, 2000). Secondly, a pixel-by-pixel compari-
son between the reference and simulated maps was
carried out in order to assess the simulated and ob-
served areas of the different land-use classes.

e
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Fig. 3. Change factors selected for LULC in Biankouma
department: (a) Digital elevation model, (b) Dis-
tance to locality, (c) Distance to road network, (d)
Distance to hydrographic network, (e) Slope
map, (f) Evidence likelihood.
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Where p0, is the observed agreement proportion,
pe is the expected agreement proportion and Pmax,  is
the maximum agreement fraction.

The maximum value of the Kappa index is gener-
ally set at 1.0 to indicate absolute conformity. De-
creasing Kappa index values denote lower concor-
dance.

The changes were predicted using images from
2013 and 2018 as the basis for projecting land use
maps (LULC) in 2030 and 2050. The projected simu-
lation is based on the current conditions would re-
main unchanged. The prediction of LULC maps for
2030 and 2050 was carried out using a validated
MLP neural network (refer to Fig. 4). Land use and
change projection were implemented through a
Markov chain modelling process, which was then
converted into transition probabilities. This process
is detailed in studies by (Bernetti and Marinelli,
2010; Nery et al., 2019).

1985 to 2002, gradually gave way to cocoa planta-
tions and degraded forests by 2013 and 2018. Both
the rural areas and the protected regions of the De-
partment are impacted by human activities (Fig. 5).
Over various study periods, natural vegetation has
declined (forests, savannahs, bare ground, and resi-
dential areas), while human-affected regions (such
as cocoa plantations, agricultural lands, fallow ar-
eas, bare ground, and residential areas) have ex-
panded. There were several changes in Biankouma’s
land uses between 1985 and 2018. The landscape of
the study area in 1985 was dominated by dense for-
est, degraded forest, and savannah. These classes
definitively covered 34.7% (167,930 ha), 16.7%
(80,930 ha), and 40.6% (196,420 ha) of the landscape
(Table 2). There was a significant under representa-
tion of cocoa plantations, crop-fallow mosaics, and
bare soil and habitats, totaling 3.7% (17,770 ha), 0.5%
(2,450 ha), and 3.9% (18,660 ha). The same trend of
forest and savannah dominance was observed in
2002. In 2013, the landscape of this study area un-
derwent a significant change in composition (Fig.
5c). Indeed, this landscape was dominated by savan-
nah and cocoa plantations, covering 37.7% (182,740
ha) and 24.9% (120,660 ha), respectively. The dense
forest class area declined from 131,730 ha to 43,890
ha, representing a decrease of 66.7%. In 2018, the
landscape mainly comprises the savannah and co-
coa classes, with 35% (169,260 ha) and 30.3%
(146,640 ha) of the department, respectively. The
dense forest class occupies only 33,190 ha, or 6.9% of
the study area. The crop and fallow areas occupied
4.8% (23,070 ha) and 4.5% (21,870 ha).

Drivers of land use and land cover change

The Cramer’s V coefficient was employed to assess
the association of all the explanatory variables with

Fig. 4. Flow chart of LULC modeling with LCM

Fig. 5. LULC maps of the Biankouma department for (a)
1985, (b) 2002, (c) 2013 and (d) 2018

Results

Land use and land cover maps for the period 1985-
2018

The Kappa coefficients obtained from image classi-
fications spanning 1985 to 2018 range between 80%
and 90%, indicating high levels of accuracy. Upon
visual inspection, it is evident that the original veg-
etation, including dense forests and savannahs,
which were predominant in the study area from
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potential transitions, as outlined in Table 3. Across
all the explanatory variables considered, the
Cramer’s V values were found to be higher than
0.14, except for the “Savannah” and “Dense Forest”
categories, which exhibited values of 0.1089 and
0.13716, respectively. The classes “Degraded For-
est”, “Crops and fallow”, “Habitat and bare soil”,
and “Cocoa plantations” demonstrated the highest
Cramer’s V values, with an overall V of 0.1838-
0.15202. Moreover, it was observed that proximity to
roads significantly influences land use and land
cover, with a global Cramer’s V ranging from 0.1591
to 0.3929. Distances to localities, slope, digital terrain
model, hydrographic network, and Evidence likeli-
hood moderately influence explaining changes in
LULC, although they are very useful (overall V =

0.0684-0.2904). Table 4 shows the values of the accu-
racy rate, the learning RMSE (Root Mean Square
Error) and the test RMSE. All explanatory variables
have been included in the modelling of the different
transitions. The accuracy rates achieved for the vari-
ous potential transitions using the MLP method are
below 75% (Table 4). The transition from degraded
forest to cocoa plantation (55.33%) has the lowest
accuracy rate, while the transition from dense forest
to savanna (72.14%) has the highest accuracy rate.
Despite this, all accuracy rates are above 50% and
are considered acceptable.

Validation of predicted maps

The model’s accuracy was validated by comparing
the observed and simulated maps for 2018. A visual

Table 3. Explanatory variables of V Cramer

Divers of change Distance to Distance Slope Digital hydrographic Evidence Overall
roadnetwork  to locality  elevation  network likehood Cramer’s V

model

Degradedforests 0.3929 0.1905 0.1977 0.0684 0.0831 0.1934 0.14662
Crop and Follow 0.2157 0.136 0.0918 0.1838 0.2215 0.127 0.15202
Savannah 0.1591 0.1051 0.1051 0.1074 0.1168 0.1101 0.1089
Baresoil/Habitats 0.1831 0.2011 0.2012 0.1224 0.0843 0.1292 0.14764
Dense forests 0.1938 0.1347 0.1536 0.1284 0.1324 0.1367 0.13716
Cacao plantation 0.2606 0.2206 0.2101 0.2904 0.1602 0.2006 0.21638

Table 2. Changing of the Land cover classes rate in study area Landscape over the period 1985-2018

LULC 1985 2002 2013 2018

Km² (%) Km² (%) Km² (%) Km² (%)

Dense forests 1679.3 34.7 1317.3 27.2 438.9 9.1 331.9 6.9
Degradedforest 809.3 16.7 1145.9 23.7 656.5 13.6 901.3 18.6
Cacao plantation 177.7 3.7 193.8 4.0 1206.6 24.9 1466.4 30.3
Crops and fallow 24.5 0.5 106.4 2.2 408.9 8.4 230.7 4.8
Savannah 1964.2 40.6 1907.5 39.4 1827.4 37.7 1692.6 35.0
Baresoil/Habitats 186.6 3.9 170.7 3.5 303.3 6.3 218.7 4.5
Total 484 170 100 484 170 100 484 170 100,0 484 170 100

Table 4. Evaluation of all sub models of transition

Potential transitions Accuracy rate (%) Training RMSE Testing RMSE Skillmeasure

Cacoa Plantations to Degraded forests 57.49 0.4885 0.4877 0.1212
Degraded forests to Cacoa Plantations 55.33 0.4958 0.4961 0.1026
Dense forests to Bare soil/ Habitats 64.65 0.4734 0.4681 0.2998
Dense forests to Cacoa Plantations 65.65 0.4639 0.4663 0.3136
Dense forests to Degraded forests 57.94 0.4889 0.4880 0.1237
Dense forests to Savannah 72.14 0.4545 0.4540 0.4499
Savannah to Baresoil/ Habitats 63.26 0.4701 0.4676 0.2890
Savannah to Cacoa Plantations 68.32 0.4433 0.4459 0.3762
Savannah to Degradedforests 70.42 0.4109 0.4173 0.4486
Savannah to Dense forests 63.26 0.4422 0.4404 0.3986
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the various kappa indices, i.e. standard, Kno, and location,
are 81.9%, 83.2% and 90.1%, respectively. Compari-
son between the actual and simulated 2018 maps
revealed notable similarities and only slight differ-
ences between the land use and land cover classes.
Dense forest, degraded forest, cocoa plantation and
bare soil and habitat classes appear to be overesti-
mated to a relatively lesser degree. However, the
crop, fallow and savannah classes were underesti-
mated by the LCM model (Fig. 12).

Predictions and analysis of land use between 2030
and 2050

The LCM model was used to analyze land use
changes for 2030 and 2050, considering an intensifi-
cation of human activities in the area under study,

Fig. 6. Gains and losses of LULC classes during the pe-
riods 1986–2002 (a), 2002–2019 (b) and 1986–2019
(c)

Fig. 7. Contributions to net change (km²) in Bare soil/
Habitats (a), Cacao Plantation (b), Dense forests
(c), Savannah (d), Degraded forest (e), Crops and
fallow (f) between 1985 and 2013

Fig. 8. Contributions to net change (km²) in Bare soil/
Habitats (a), Cacao Plantation (b), Dense forests
(c), Savannah (d), Degraded forest (e), Crops and
fallow (f) between 1985 and 2013

Fig. 9. Contributions to net change (km²) in Bare soil/
Habitats (a), Cacao Plantation (b), Dense forests
(c), Savannah (d), Degraded forest (e), Crops and
fallow (f) between 2013 and 2018

assessment (Fig. 11) of three statistical parameters
and the kappa index were used. The results showed
good agreement between the real and simulated
maps, with Kappa indices above 80%. The values of

Fig. 10. Contributions to net change (km²) in Bare soil/
Habitats (a), Cacao Plantation (b), Dense forests
(c), Savannah (d), Degraded forest (e), Crops and
fallow (f) between 1985 and 2018
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resulting in the development of predicted land use
maps for these time frames. These findings show
detailed shifts in land use between 2018 and 2030, as

well as between 2030 and 2050 (see Fig. 13 and Table
5). Moreover, the results highlighted the transforma-
tion of forested areas into cropland, fallow land, co-
coa plantations, habitats, and bare soil.

A comparison of the 2018, 2030, and 2050 land
use maps revealed a decrease in dense forest, savan-
nah areas, crops, and fallow land. Meanwhile, there
was a significant increase in degraded forests, habi-
tats, bare soil, and the establishment of new cocoa
plantations. Notably, the expansion of cocoa planta-
tions is anticipated to be most pronounced in the
Biankouma department. Land-use maps show that
dense forest, which covered 6.86% (331.9 km²) of the
study area’s landscape in 2018, will cover 6.34%
(307.08 km²) in 2030 and 5.94% (287.67 km²) in 2050.
From 2018 to 2050, degraded forests will expand
from 18.62% to 25.61% respectively, i.e. from 901.3
km² to 1240.17 km² (Table 5). Cocoa plantations will
extend rapidly from 2018 to 2050, from 29% to
35.01%, i.e. from 1466.4 km² to 1695.10 km². Crops
and fallow land will decrease between 2018 and
2030 from 4.76% to 1.89%, followed by an increase
from 1.89% to 2.09%, i.e. from 91.67 km² to 101.41
km². At the same time, savannah will decrease be-
tween 2018 and 2030 and between 2030 and 2050 by
34.96%, 25.21% and 19.64%, i.e. to 1692.6 km²,
1220.35 km² and 951.04 km². In 2018, 2030 and 2050,
habitats and bare soil will increase in area to 4.52%,
10.76% and 11.69% respectively, i.e. 218.7 km²,
520.75 km² and 566.20 km².

Table 5. Simulated Biankouma Department map for 2030 and 2050

Year Dense forests Degraded Cacao Crop and Savannah Habitat and
km² % forest plantation follow km² % baresoil

km² % km² % km² % km² %

2018 331.9 6.86 901.3 18.62 1466.4 30.29 230.7 4.76 1692.6 34.96 218.7 4.52
2030 307.08 6.34 1150.60 23.76 1551.14 32.04 91.67 1.89 1220.35 25.21 520.75 10.76
2050 287.67 5.94 1240.17 25.61 1695.10 35.01 101.41 2.09 951.04 19.64 566.20 11.69

Fig. 11. Comparison of (a) reference and (b) simulated
LULC maps of Biankouma department in 2018

Fig. 12. Comparison of different land use classes in
Biankouma department during model validation

Fig. 13. Simulated Biankouma Department map for 2030 and 2050
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Discussion

Spatio-temporal dynamics of land cover in
Biankouma department

The vegetation cover in western Côte d’Ivoire, par-
ticularly in the Biankouma department, has under-
gone profound changes between 1985 and 2018. The
once dominant landscape of forests and savannah
has been significantly replaced by anthropogenic
features, primarily perennial crops such as cocoa
cultivation. This transformation has disproportion-
ately impacted the forests compared to savannah
areas. In 1985, forests covered 1,679.3 km² (34.7%) of
the Biankouma department, but by 2018, this had
decreased to 331.9 km² (6.9%), resulting in a sub-
stantial loss of 1,347.4 km². Similarly, savannah ar-
eas decreased from 1964.2 km² to 1692.6 km² during
the same period.

The highest deforestation rates occurred between
2002 and 2013, with a loss of 878.4 km² annually,
representing an alarming rate of 6.1%. This rate is
approximately three times higher than the national
average for Côte d’Ivoire, which stands at 2.66%
(SEP-REDD+ and FAO, 2017). This accelerated de-
forestation can be unequivocally attributed to the
politico-military crisis that engulfed Côte d’Ivoire
from 2002 onwards (Dabalen and Paul, 2014;
N’Guessan et al., 2018). The crisis led to the
abandonmentof forest management, with areas be-
ing used for farming, unauthorized logging, and
even converted into battlefields and refugee camps
(Kouakou et al., 2017).

Studies by (Kouakou et al., 2018) and (Barima et
al., 2016) have irrefutably highlighted the devastat-
ing impact on forest cover during the crisis period in
Côte d’Ivoire, particularly from 2002 to 2011. More-
over, it’s crucial to emphasize that the end of a con-
flict does not signify the end of the adverse conse-
quences stemming from it, as indicated by (Bannon
and Collier, 2003) and (Busset, 2009).

Even after the conclusion of the armed conflict in
2011, the forest areas in the study region continued
to diminish, from 438.9 km² in 2013 to 331.9 km² in
2018. Furthermore, (Kassoum, 2018) reveals that af-
ter the southwest, the West Ivorian region has a high
rate of infiltration into forests, particularly those lo-
cated in protected state properties. Between 2002
and 2013, forest areas were predominantly con-
verted to cocoa plantations. This preference for for-
est substrate for cocoa cultivation can be attributed

to the fact that forest areas are the primary cocoa
and coffee-growing regions in Côte d’Ivoire (Koua,
2007). According to (Freud et al., 2000), 89% of crops
in Côte d’Ivoire are cultivated on primary and sec-
ondary forest clearings. The decrease in secondary
forest area is linked to the unsustainable agrarian
system, driven by mounting demographic pressure
and reduced fallow periods in the study area. Forest
degradation between 1985 and 2018 affects not only
rural forests, but also those in protected areas. Over
the period from 1985 to 2018, savannahs were less
impacted by cocoa farming due to their historical
unsuitability, attributed to the low density of woody
plants and frequent bushfires (Camara et al., 2012,
2009). Nevertheless, from 1985 to 2018, the savannah
class underwent conversions to other land-use
classes such as cocoa, bare soil and housing, as well
as cropland and fallow. This transformation of sa-
vannah surfaces is attributed to the scarcity of forest
land in the study area, forcing farmers to prioritize
the installation of their cocoa plantations in the
savannahs. This approach has already been ob-
served in central Cameroon, where in the absence of
forest land reserves, farmers have developed cocoa-
based agroforests on large areas of savannah usually
devoted to annual food crops (Camara et al., 2012).
Biankouma’s current cocoa-dominated landscape
would suggest that agriculture is the main factor
driving changes in land cover in this region of Côte
d’Ivoire, as is the case throughout sub-Saharan Af-
rica (Avakoudjo et al., 2015; Lambin et al., 2003;
Wood et al., 2004). To ensure appropriate decision-
making for current satisfaction without compromis-
ing that of future generations, it’s essential to have
future forecasts of the evolution of natural re-
sources, managing them more efficiently.

Land cover and land use simulation

Predicting land cover and land use through model-
ling is a powerful tool for improved land manage-
ment. In this study, both the MLP approach
(Camacho Olmedo et al., 2018; Wang et al., 2020) and
a scenario where current conditions are assumed to
remain unchanged were used. However, this mod-
elling is subject to theoretical limitations, as factors
such as socio-economic, pedology and population
size per locality (Lambin and Meyfroidt, 2010;
Yonaba et al., 2021) were not considered due to the
lack of available data over the simulation period.
Also, climatic factors were not included because this
study aimed to develop a scenario where current
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conditions remain the same. However, including cli-
matic factors in predicting land use maps for 2030
and 2050 in the Biankouma department may modify
the various potential transitions. In addition, the
model also revealed some inaccuracies between
classified LULC and simulated 2018 LULC. The
LCM model tends to underestimate and overesti-
mate certain land-use classes. According to
(Khoshnood Motlagh et al., 2021; Yangouliba et al.,
2022b), these errors could be attributed to the struc-
ture of the model, which is unable to extrapolate sta-
tionary changes during the validation period. All
these authors stressed the difficulty of modeling
non-linear relationships between man and nature.

Cramer’s V values above 0.15 are helpful, and
those above 0.4 are good. Road distance variables
strongly influence LULC, with a global Cramer’s V
between 0.1591 and 0.3929. Distances to localities,
slope, digital terrain model, hydrographic network,
and Evidence likelihood moderately influence ex-
plaining changes in LULC but are very useful (over-
all V = 0.0684-0.2904). All these variables have a
strong relationship with changes in the Biankouma
department. Indeed, distance to roads can be inter-
preted as the influence of human activities, which
substantially impact LULC changes.

Similarly, (Leta et al., 2021b) research on LULC
prediction in Ethiopia showed that elevation, dis-
tances to localities, and distances to streams and
roads are valuable variables in transitions. As for the
work of (Gupta and Sharma, 2020), distances to
roads, streams and localities have low V of Cramer
in the Shoolpaneshwar wildlife sanctuary. The influ-
ence of V Cramer variables varies from one study to
another (Geneletti, 2013).

The results of the various simulations show that
built-up areas and bare land have increased from
218.7 km² in 2018 to 520.75 km² in 2030, and the
model predicts an area of 566.20 km² in 2050, an in-
crease of 4.52%, 10.76%; 11.69% respectively. Ac-
cording to INS (2014) and (INS, 2022) in Côte
d’Ivoire, the population of the Biankouma depart-
ment has risen from 51,269 in 1994 to 71,470 in 2021.
The evolution of the population in the study area
could have an impact and modify land use. Several
studies have shown that an increase in population
favours the expansion of built-up areas, leading to a
decrease in forest areas and an increase in crops
(Liping et al., 2018; Wang et al., 2021).

Anthropogenic activities and natural resource
management policies

The results of this work indicate a continuing inten-
sification of anthropogenic operations negatively
impacting the vegetation cover in the study area.
Between 2018 and 2050, there will be a reduction in
forested areas and an expansion in cocoa planta-
tions. This pattern is reminiscent of the changes ob-
served in previous cocoa-producing regions of Côte
d’Ivoire. Presently, environmental and natural re-
source management poses a significant challenge for
humanity. In response, Côte d’Ivoire, like many
other countries globally, has focused on preserving
its plant and animal life by establishing protected
areas, designated forests, and natural reserves
(Amani, 2011; N’Da et al., 2008). Unfortunately,
many of these protected areas have almost been
cleared, as they have been infiltrated for large-scale
farming (Barima et al., 2016; Kouakou et al., 2018;
N’Da et al., 2008). This situation is reportedly due to
the need for more human, logistical and financial
resources, making surveillance patrols of these pro-
tected areas extremely difficult. Indeed, if substan-
tial human and logistical resources are invested and
maintained over the long term, they could contrib-
ute to substantially reducing or halting environmen-
tal degradation in general and in protected areas in
particular. The same ecological degradation in
urbanareas can also be observed in rural areas, as
populations sometimes lack environmental educa-
tion. From this perspective, the conservation of
natural resources should once again become a na-
tional priority (Lauginie, 2007). In addition to the
lack of environmental education, local populations’
anarchic use of natural resources derives from vari-
ous factors, primarily attributable to structural and
institutional shortcomings (Amani, 2011). The over-
sight of not establishing a comprehensive forestry
policy tailored to the practical realities on the
ground is particularly evident in the management of
classified forests. This has led to classified forests in
Côte d’Ivoire being treated as open and universally
accessible spaces (Amani, 2011). Consequently, the
inadequate forestry policies in Côte d’Ivoire have
inadvertently facilitated the encroachment of farm-
ing communities, as these policies create opportuni-
ties that agricultural practitioners skillfully utilize.
As a result, the unique significance of the cherished
natural heritage (including classified forests, pro-
tected areas, and nature reserves) for the local popu-
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lations is often disregarded(Amani, 2011). This ille-
gal exploitation of natural resources increases sig-
nificantly during armed conflicts (Dudley et al.,
2002). The scale of exploitation is often accentuated
in state-owned areas, due to their high biological
diversity and the absence of conservation authori-
ties. The arrival of refugees in an area is often a
cause of the depletion of natural resources. Popula-
tions fleeing combat zones to settle in domanial ar-
eas exert significant pressure on the natural re-
sources of these areas (Dudley et al., 2002). In addi-
tion to refugees, rebel groups and even governments
are also involved in the loss of natural resources
during conflicts. These groups exploit natural re-
sources to finance and maintain their military opera-
tions. Unfortunately, the end of conflict does not
mean the end of pressure. Indeed, after the end of a
war, governments and international organizations
are more preoccupied with issues of health, the
economy and national reconciliation than with the
protection of natural resources, particularly in pro-
tected areas. As researchers, policymakers, and en-
vironmental conservation organizations, your role
in addressing this issue is crucial. Throughout the
armed conflict, illegal activities such as farming, log-
ging, and mining thrived, resulting in a reduction of
forest areas in the western forests. This favored the
degraded forest, crops, fallow land, and bare soil-
habitation categories. The changes in forest cover
were primarily driven by the cultivation of crops
dominated by cocoa trees, particularly noticeable in
west-central Côte d’Ivoire during the armed conflict
(Assalé et al., 2016; Barima et al., 2016). As high-
lighted by (Tente et al., 2012) in Benin, cultivation is
the main cause of forest cover loss in Africa. This
activity, often linked to the proliferation of habita-
tion zones, is driven by the population’s desire to
live near their farms for easier maintenance and to
protect their harvest from potential theft (Kouakou
et al., 2018). In Côte d’Ivoire, forest cover degrada-
tion is a result of agricultural infiltration, while in
other parts of Africa, pressures on natural resources
during armed conflicts are primarily due to refugee
activities (Havyarimana, 2015; Havyarimana et al.,
2018) and the illegal exploitation of forest resources
(Hansen et al., 2008). Ultimately, anthropogenic dis-
turbances alter landscape dynamics, with armed
conflict serving as a significant accelerating factor in
these changes.

Conclusion

This research is one of the first to analyze the
changes in land use and their effects on demograph-
ics and socio-economic factors in the Biankouma
department. The study used remote sensing and
geographic information system (GIS) data. The find-
ings indicate significant changes in vegetation cover
in western Côte d’Ivoire between 1985 and 2018.
The original forest and savannah landscapes have
been largely replaced by human-influenced land
use, with cocoa cultivation being a significant factor.
This study validated a LULC model by comparing
the land use map with a simulated LCM map. A
validated model was used to simulate LULC maps
for the near future. The simulation results showed
that the significant proliferation of cocoa plantations
will continue over the 2030–2050 time horizon. .The
visual and statistical results of the model validation
showed satisfactory agreement between the actual
and simulated maps, with Kappa indices above
80%. The percentages of the kappa indices
(Kstandard, Kno, and Klocation) are 81.9%, 83.2%
and 90.1%, respectively. Comparison between the
actual and simulated 2018 maps revealed strong
similarities, with only slight differences between
land use and land cover classes. The simulations
showed that the trends observed between 1985 and
2018 will continue over the 2030–2050 timehorizon,
with a significant proliferation of cocoa plantations,
crops and fallow land, degraded forests and bare
habitats andsoils to benefit forest areas, which will
regress.

The findings of this study hold significant value
for decision-makers, urban planners, and citizens
alike in cacao-grow regions, as they can promote the
adoption of effective environmental management
practices. Within these practices, the focus on adap-
tation and mitigation strategies for Biankouma City
and its surrounding area is paramount. It is advis-
able to prioritize adaptation policies rooted in eco-
system principles and the establishment of appro-
priate legal frameworks. The primary objective of
these measures is to safeguard the existing forest
cover for improved land-use planning. As an addi-
tional suggestion for future research, it would be
beneficial to develop alternative scenarios for the
evolution of land use and cover (LULC). This ap-
proach would facilitate the exploration of various
future trajectories and provide a more comprehen-
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sive assessment of land-use strategies as demand for
cocoa in global markets is growing rapidly. Your
active participation in implementing these strategies
is crucial for their success.
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