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Assessment of Land Use and Land Cover Dynamics in the Cavally River Watershed,
Western Côte d’Ivoire
















Rapid population growth and expanding mining activities, especially in Africa and Côte d’Ivoire, are driving deforestation and land-use changes, threatening biodiversity and ecosystem services. In areas like Zouan-Hounien, intensive gold mining has replaced agriculture, leading to significant environmental degradation and vegetation loss.

This study aims to evaluate the spatiotemporal dynamics of land use and land cover within a sub-watershed of the Cavally River. To achieve this objective, four Landsat satellite images were acquired from the U.S. Geological Survey website. The dataset includes Landsat Thematic Mapper (TM5) imagery from 1985, Landsat Enhanced Thematic Mapper Plus (ETM+) imagery from 2000, and Landsat 8–9 Operational Land Imager (OLI) imagery from 2015 and 2025.

The methodological approach relied on the application of remote sensing techniques. Image preprocessing and processing workflows enabled the production of land-cover maps for each reference year. Five major land-cover classes were identified from the Landsat images: dense vegetation, degraded vegetation, agricultural areas, settlements and bare soils, and water bodies.

Area estimates derived from the classification results show a substantial decline in dense vegetation, decreasing from 226.49 km² (48.74%) in 1985 to 40.96 km² (8.81%) in 2025. This pronounced loss of forest cover is largely attributable to mining activities and rapid population growth, which have intensified anthropogenic pressures on the environment. Concurrently, agricultural land expanded considerably, from 39.79 km² (8.56%) in 1985 to 116.19 km² (25%) of the total area of the sub-watershed in 2025, reflecting increasing demand for arable land.
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31
32 1. INTRODUCTION

33 Rapid global population growth is placing intense pressure on the land resources needed to support livelihoods,
34 leading to widespread conversion of natural landscapes and environmental disruption, particularly deforestation
35 (Tong and Qiu, 2020). Forests are among the most productive terrestrial ecosystems in the world. They are
36 essential to life on Earth and to sustainable development (FAO, 2018). It is worth noting, unfortunately, that this
37 resource is declining worldwide, and particularly in Africa. Between 2010 and 2020, this continent recorded the
38 highest annual rate of net forest loss, at 3.9 million hectares (FAO, 2020). This deforestation or conversion of
39 forest to other land uses (FAO, 2020) has become a major concern, both locally and globally. It has a significant
40 impact on biodiversity and several ecosystem services (Biaou et al., 2019). For watersheds, forests have a
41 beneficial influence on the flow and yield of springs, on soil protection, and on rainfall (Andréassian, 2004). The
42 ideal would therefore be to maintain or increase them.

43 Furthermore, Africa is a continent with significant mining potential, holding 30% of the world’s reserves of
44 minerals critical to the global economy and nearly 40% of the world’s gold (Amedee, 2017). In Côte d'Ivoire, the
45 sharp decline in agricultural commodity prices between 1980 and 1990, combined with major discoveries of
46 mineral deposits, enabled the Ivorian government to revitalize the mining sector and consider making the
47 extractive industry the second pillar of its economy (Soro, 2011). This sector contributed 2.3% to GDP (including
48 0.7% from gold) in 2012 and employs approximately 30,000 people (DGMG, 2013).

49 The subprefecture of Zouan-Hounien, with its significant mining potential, is part of this production drive. Indeed,
50 the Ity mining area, located near the Cavally River in western Côte d’Ivoire, specifically in the Zouan-Hounien
51 department, is home to an industrial mining operation (SMI) as well as several artisanal gold mining sites
52 surrounding it. Once dominated by agriculture, this area is now characterized by intense gold mining activities
53 that attract a significant portion of the population (men, women, and children), particularly young people.
54 However, population growth and the rapid expansion of mining activities in the Cavally River watershed have
55 led to profound changes in vegetation cover and land use. These changes are characterized by significant spatial
56 expansion, often poorly managed.

57 The objective of this study is to assess the dynamics of land use and vegetation cover in order to promote better
58 environmental management in the Cavally River basin, using GIS and remote sensing tools.

59

60
61
62	2. MATERIAL AND METHODS
63
64
65	2.1 Presentation of the Study Area
66
67	The Cavally River watershed is shared by Côte d’Ivoire, Guinea, and Liberia. It is a transboundary basin located between
68	longitudes 8°4’ and 7°7’ West and latitudes 6°8’ and 7°9’ North. The Cavally River forms a natural boundary between Côte
69	d’Ivoire and Liberia along its middle and lower reaches. It originates in Guinea, north of Mount Nimba, at an altitude of 600
70	m, and stretches over a length of 700 km.
71	The sub-watershed examined in this study, whose outlet is located in Bin-Houyé in the Zouan-Hounien department, covers
72	an area of approximately 464.37 km² (Figure 1).
73
74
75	2.1.1 Geological Context
76
77	Prospecting work carried out between 1962 and 1968 by SODEMI revealed strong gold mineralization in the Ity area, where
78	intense artisanal gold mining activities had already existed during the 1940s and 1950s (Papon, 1973). The dominant
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geological component belongs to the Ity sequence, characterized by metabasalts within a fine-grained and carbonated environment near the base, giving rise to a sedimentary sequence with varying amounts of carbonate horizons.
This sequence is intruded by mafic bodies (gabbros and granodiorites resulting from two distinct magmatic events) that are in contact with the metamorphosed carbonate rocks, which show a spatial relationship with the mineralization. Skarn and hornfels facies are generally associated with nearby carbonate rocks in contact with the granodiorite body in the Flotouo area (Feybesse et al., 1990; Brou, 2019).
[image: ]
Figure 1: Location Map of the Study Area

2.1.2 Hydrography of the Study Area

The Cavally River and its main tributary, the Nuon, drain the entire Montagnes Region (Ettien, 2005). The Cavally watershed, from which the 700 km long river takes its name, is characterized by a hydrographic network composed of numerous small streams, the most important of which are the Nilpi, Doui, Zo, and Klo (Tricart et al., 1973). At its source, the Cavally is known as the Djougou, and it receives the Dire River on its left bank. Up to Toulépleu, it is fed only by very small tributaries.
The sub-watershed examined in this study, whose outlet is located south of Floleu in the locality of Zouan-Hounien, covers an area of approximately 471.37 km² (fig-2).
[image: ]
Figure 2: Map of the Hydrographic Network of the Study Area

2.2 Material
The materials consist of satellite image data and computer equipment.
 Satellite Image Data

121	To better understand land-use dynamics, four Landsat satellite images were downloaded from the U.S. website
122	https://www.earthexplorer.gov/. These include Landsat Thematic Mapper (TM5) images from 1985, Landsat Enhanced
123	Thematic Mapper (ETM+) images from 2000, and Landsat 8–9 Operational Land Imager images from 2015 and 2025. The
124	images acquired at different dates were used to produce land-use maps for the years 1985, 2000, 2015, and 2025.
125
126	2.3 Methods
127
128	2.3.1 Mapping of Land Use Dynamics
129
130	The methodology adopted for mapping land-use dynamics is as follows:
131
132 ● Band Stacking
133 Band stacking in ArcGIS consists of combining the individual bands of a Landsat image. Indeed, downloading Landsat
134 satellite images provides an output file in a zipped folder containing several bands (B1, B2, B3…B12). Before processing
135 the images, these bands must be merged to produce a single multiband image (Derdjini H., 2017).
136
137 ● Landsat Image Preprocessing
138 Landsat image preprocessing is a crucial step in satellite image analysis. Its purpose is to correct variations in data
139 distribution caused by temporal differences in image acquisition and to extract the study area. These variations are mainly
140 due to factors such as solar elevation angle, Earth–sun distance, atmospheric conditions, sensor calibration, and viewing
141 geometry, all of which affect pixel digital values (Carine et al., 2023).
142 Two types of corrections were applied during preprocessing:
143 	atmospheric corrections
144 	radiometric corrections
145
146 ● Landsat Image Processing
147 Image processing involves the use of vegetation indices and color composites to separate information such as vegetation,
148 settlements, water bodies, and forest cover.
149
150		Vegetation Index
151
152 The vegetation index, also known as the Normalized Difference Vegetation Index (NDVI), is a tool used in remote sensing
153 to assess vegetation density in a given area. This index is calculated from land-surface reflectance measurements in the
154 near-infrared and red portions of the electromagnetic spectrum. It allows vegetation to be distinguished from other land-
155 cover types. The equation is written as:
156



157

NDVI =

(𝑃𝐼𝑅 − 𝑅) (𝑃𝐼𝑅 + 𝑅)

158		Color composite
159
160 Color composite techniques allow clearer and more visually appealing representations of satellite images. Spectral band
161 combinations (5,4,3) and (4,3,2) were used to generate the color composites of the downloaded images. The principle is to
162 combine three spectral bands to produce a color-rich composite image.
163
164	● Classification and Validation of the Land-Cover Map
165
166 	Supervised Classification
167 According to several authors (Pontius, 2000; Yao, 2009), there are two major types of image classification: supervised and
168 unsupervised classification. This study focuses on supervised classification. This method consists of assigning pixels to the
169 closest training samples based on a Bayesian distance, which evaluates the probability that a pixel belongs to a given class
170 (Aka, 2014).
171 In this study, the maximum likelihood classification method was chosen. This algorithm is widely used in supervised
172 classification and is considered the most effective for producing thematic maps in land-use and land-cover studies (Kouassi,
173 2007).
174
175	2.3.2 Validation of the Supervised Classification and Field Survey
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To better assess the accuracy of the different land-use/land-cover maps, the Kappa index and the confusion matrix will be used. The Kappa index evaluates, within the confusion matrix, the level of agreement between the classification results and the ground-truth data.

3. RESULTS 

3.1 Analysis of the spatiotemporal dynamics of land use and land cover
3.1.1  Discrimination of Land Use Types Using Color Composites

The spectral bands 5, 4, 3 and 4, 3, 2 were used to generate color composites for better discrimination of the different land-use and land-cover types. This resulted in various color combinations that allowed a clearer distinction of land-cover categories. Thus, five (05) land-use classes were identified from the 1985 Landsat TM images, the 2000 ETM+ images, and the 2015 and 2025 OLI images. These classes are: dense vegetation, degraded vegetation (cleared forest and fallow), agricultural areas (perennial crops and food crops), settlements, bare soils, and water bodies.
3.1.2  Observation of Land-Use Classes in the Study Area

In the Cavally sub-watershed, dense forest corresponds to areas of very high vegetation cover. Degraded forest consists of patches of cleared forest, fallow land (both old and young), and forest remnants covering cultivated areas. Bare soils and settlements include village settlements, areas stripped of vegetation due to artisanal gold mining activities, and industrial mining operations (SMI). Agricultural areas include cash crops (coffee, cocoa, rubber, etc.) as well as food crops (maize, cassava, plantain, etc.), as illustrated in the map. The water class represents the hydrographic network of the area, composed of the Cavally River and its various tributaries. It also includes all water reservoirs created by artisanal mining activities and by the SMI (Photo 1, 2, 3 & 4).
A
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Photo 1: Agricultural Area Class (Cassava cultivation on an old mining site (A), maize cultivation (B), cashew plantation (C), rubber plantation (D))
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[image: ]Photo 2: Inhabited Area Class (A) and Bare Soil (eroded soil) (B)
[image: ]
Photo 3: Class of Selected Types of Degraded Vegetation in the Study Area
[image: ]
Photo 4: Water Class (the Cavally River during low-flow period)
3.2 Evaluation of the Supervised Classification and Mapping of Land Use and Land Cover in the Study Area (1985 – 2000 – 2015 – 2025)
3.2.1  Analysis of the Confusion Matrices for the 1985 – 2000 – 2015 – 2025 Images

The results obtained after classifying the satellite images generated different confusion matrices. These matrices show the number of correctly classified pixels located on the diagonal and the number of misclassified pixels located off the diagonal.


230 The confusion matrix from 1985 gives an overall accuracy of 65% and a kappa coefficient of 0.55. The highest level of
231 confusion is 4, located between degraded and dense vegetation.

232 The confusion matrix from 2000 gives an overall accuracy of 72% and a kappa coefficient of 0.63. The highest level of
233 confusion is 4, located between degraded and dense vegetation.

234  The confusion matrix from 2015 gives an overall accuracy of 78% and a kappa coefficient of 0.71. The highest level of
235 confusion is 5, located between degraded and dense vegetation.

236 The confusion matrix from the year 2025 gives an overall accuracy of 87% and a kappa coefficient of 0.8. The greatest
237 confusion is 3 and is located between degraded vegetation and dense vegetation.

238 3.2.2 Presentation of land cover maps and calculation of image areas

239 The processing and preprocessing performed on the Landsat images allowed for the creation of various land cover maps.
240 The figures and tables below present the different results obtained after image processing. Figure 3 shows the land cover
241 [image: ]map for the period 1985.















242
243 Figure 3: Land use map for the year 1985

244 The land cover map for 1985 shows that dense vegetation and degraded vegetation cover a significant proportion of the
245 land, while areas classified as inhabited/bare soil and agricultural land are small. Table 1 shows the different surface areas
246 of the land cover units.

247 Table 1. Image Area 1985

	Classes	Areas in Km2	Percentages (%)

	Water	12.24	2.63
Inhabited area and bare soil	3.67	0.78
Dense vegetation	226.49	48.74
Degraded vegetation	182.43	39.26
Agricultural area	39.79	8.56


248
249
250 The year 2000 shows a change in the classes of degraded vegetation, agricultural area, inhabited area, and bare soil,
251 and a decrease in dense vegetation and water. The land cover map for the year 2000 is illustrated in Figure 4.
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[image: ]Figure 4: Land cover map for the year 2000


254 Table 2 shows the evolution of the areas, which varies according to the land cover units. The larger areas are those of the
255 degraded vegetation and dense vegetation classes.

256 Table 2. Image Area 2000

	Classes	Areas in Km2	Percentages (%)

	Water	2	0.43
Inhabited area and bare soil	3.87	0.83
Dense vegetation	109.34	23.57
Degraded vegetation	305.56	65.88
Agricultural area	42.98	9.26


257

258

259 The year 2015 shows a gradual evolution of the classes habitat/bare soil, agricultural area and water and a reduction of
260 [image: ]the classes degraded vegetation and dense vegetation. Figure 5 presents the land cover map for the year 2015.













261
262 Figure 5: Land cover map for the year 2015

263 Table 3 shows the evolution of surface areas, which varies according to land cover units. The larger areas are those of the
264 degraded vegetation and agricultural zone classes.

265 Table 3. Image Area 2015

	Classes	Areas in Km2	Percentages (%)

	Water	6.33	1.36
Inhabited area and bare soil	10.52	2.26
Dense vegetation	43.40	9.32
Degraded vegetation	267.55	57.61
Agricultural area	104	22.39


266

267 The year 2025 shows a significant change in the classes of habitat/bare soil, agricultural area, and degraded vegetation,
268 [image: ]and a reduction in the classes of dense vegetation and water. Figure 6 presents the land cover map for the year 2025.














269
270 Figure 6: Land cover map for the year 2025

271 Table 4 shows the evolution of surface areas, which varies according to land cover units. Large areas are those of the
272 classes degraded vegetation, agricultural zone, and bare soil.

273 Table 4. Image Area 2025

	Classes	Areas in Km2	Percentages (%)

	Water	5.73	1.23
Inhabited area and bare soil	29.13	6.26
Dense vegetation	40.96	8.81
Degraded vegetation	272.72	58.68
Agricultural area	116.19	25.00


274

275

276 4. Discussion

277 Analysis of the spatio-temporal dynamics of land cover and land use

278 The supervised classification method using the maximum likelihood algorithm was used to process Landsat TM 1985, ETM+
279 2000, and OLI 2015 and 2025 images in this study. The confusion matrices of the supervised classifications yielded
280 cartographic accuracies of 65%, 72%, 78%, and 87% for the 1985, 2000, 2015, and 2025 images, respectively. The resulting
281 Kappa indices were 0.55, 0.63, 0.71, and 0.8 for the 1985, 2000, 2015, and 2025 images, respectively. According to Blum
282 et al. (1995), index values corresponding to cartographic accuracy are considered to be very good agreement when the
283 index is between 0.81 and 1. substantial agreement, when the index is between 0.61 and 0.80 and moderate agreement,
284 when the index is between 0.41 and 0.60. The results for the year 2025 indicate an almost perfect agreement between
285 [bookmark: _GoBack]cartographic accuracy and the truth on the ground (Chalifoux et al., 2006). The Kappa coefficients for the years 2025 and 2015 are higher than those for 2000 and 1985. This can logically be explained by the proximity of the field survey, which was conducted in 2025. When the Kappa coefficient is between 0.50 and 0.75, the adopted classification is considered valid, and the results can be used appropriately (Pontius, 2000). Consequently, the classifications used in this study are
286 appropriate. Despite the cartographic details, there is some overlap between certain land-use classes. Three classes are
287 the primary sources of confusion for these three classifications: dense forest, degraded forest, and cropland. This can be
288 explained by the fact that the study area is located in a densely vegetated zone. It has been observed that in certain places,
289 several cash crops, primarily coffee and cocoa, are grown under large trees. Similar observations apply to certain areas of
290 degraded forest. From a distance, these areas appear as dense forests. However, up close, they are cultivated areas,
291 cleared land, but covered by large trees. These classes behave similarly from a radiometric point of view and therefore have
292 visually similar spectral responses (Obodai et al., 2019). This makes them difficult to differentiate in the satellite image and
293 could therefore explain these confusions. The study of land cover and land use dynamics between 1985 and 2025 highlights
294 a significant change in vegetation cover. This change is marked by a decline in the classes of dense vegetation, degraded
295 vegetation, and agricultural land, to the detriment of the classes of water, bare soil, and habitats (see Figures 3, 4, 5, 6).
296 The decline in vegetation and agricultural land is primarily due to mining activities (industrial and artisanal). Indeed, many
297 gold miners illegally occupy forests and agricultural land. Furthermore, several hectares of forest have been destroyed to
298 expand the activities of the Ity Mining Company (SMI). In fact, to expand its extraction operations, SMI bought several
299 plantations (coffee, cacao, oil palm, etc.) from the local population. These factors have led to a significant decrease in
300 plantation areas in the region. The reduction of forest areas due to gold mining activities has been reported by several
301 authors in Peru. Martinez et al. (2018) noted a loss of approximately 50,000 hectares of forest between 1991 and 2016.
302 Several studies conducted in Ghana on vegetation cover dynamics in mining areas have noted the loss of significant forest
303 areas to gold mining sites. Donkor and Agyemang (2015) reported a massive loss of forest cover in the Ankora basin
304 between 1990 and 2010, with a rate of decline of 40%, representing an estimated area of 200,000 m².

305 The tool we used to conduct this study is a powerful instrument, but its limitations in analyzing land-use dynamics
306 primarily relate to data quality, the complexity of temporal analyses, and technical and hardware constraints. For better
307 results, it is often recommended to combine QGIS with Google Earth Engine.

311
312	5. CONCLUSION
313
314	The study of land cover and land use dynamics revealed a significant change in the five classes (dense vegetation, degraded
315	vegetation, agricultural land, bare soil and habitats, and water). This change manifested as a decline in the dense vegetation
316	class, to the benefit of the bare soil and habitats, degraded vegetation, agricultural land, and water classes. Gold panning
317	and industrial gold mining are the main drivers of forest cover dynamics over the past forty years.
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