


Past dynamics and projection to 2050 of land cover in the Marahoué region (Central-West Côte d’Ivoire)

Abstract
This study analyzes past and future land cover dynamics in the Marahoué region, located in Central-West Côte d’Ivoire between 6°30′ and 7°45′ N and 5°15′ and 6°30′ W, over an area of 9,092.48 km². The objective is to characterize the spatiotemporal changes in land surface states between 1986 and 2019 and to project their evolution to 2050 under hydroclimatic variability. The study is based on Landsat TM (16 January 1986), ETM+ (20 January 2002) and OLI (12 February 2019) images, all at 30 m spatial resolution, complemented by field observations and a socio-economic survey conducted from 26 March to 9 April 2018 among 453 people and 14 cooperatives. Image processing combined color composites, maximum likelihood supervised classification, and validation using confusion matrices and the Kappa coefficient. Overall classification accuracies reach 98.79% in 1986, 97.61% in 2002 and 93.79% in 2019, with Kappa values of 0.98, 0.97 and 0.92, respectively, confirming the excellent quality of the mapping. Between 1986 and 2002, settlements and bare soil (+2.61%) and shrub savanna (+2.75%) expanded, whereas water (-1.22%), dense forest (-1.79%) and agricultural land (-2.35%) declined. Between 2002 and 2019, settlements and bare soil (+3.48%), dense forest (+1.42%) and agricultural land (+1.32%) increased, while water (-2.37%) and shrub savanna (-3.85%) decreased. The prospective model based on a spatialized Markov chain shows that by 2050 settlements and bare soil would reach 25.74% of the regional area and agricultural land 38.40%, compared with 18.58% and 30.11%, respectively, in 2019. Conversely, dense forest, water and shrub savanna would decline to 12.17%, 10.53% and 13.16%. These results indicate increasing anthropization of the territory, driven by the combined effects of climate variability, agricultural pressure and landscape reorganization. They support the implementation of integrated resource management, restoration of natural formations and agroecological adaptation measures.
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1. Introduction
Land cover change is now a central marker of environmental reorganization in tropical regions, particularly in forest-savanna transition zones where the interactions between climate variability and anthropogenic pressure are especially strong. The literature recalls that drought is among the most damaging natural hazards for societies and ecosystems, because it affects water availability, biological productivity and the stability of production systems alike (Wilhite, 2000; IPCC, 2007; IPCC, 2013). In West Africa, several studies have documented a lasting decline in rainfall and an increase in hydroclimatic extremes since the second half of the twentieth century, with major repercussions for water resources and landscapes (Brou et al., 1998; New et al., 2006; Aguilar et al., 2009).
In Côte d’Ivoire, this dynamic is observed at different regional scales. The work of Brou (2005) and of Brou and Chaléard (2007) showed that recent environmental changes result from a combination of climate variability, demographic dynamics and the expansion of agricultural land uses. In forest-savanna contact zones, Diomandé (2013) emphasizes that changes in rainfall regimes have direct effects on production systems, cropping calendars and yields. At the hydroclimatic scale, several studies converge on a decrease in precipitation, longer dry spells and a progressive weakening of water resources in Ivorian river basins (Kouassi et al., 2013; Irié, 2016; Balliet, 2017).
The Marahoué region fits fully within this context. Located in Central-West Côte d’Ivoire, it is strongly dependent on rainfed agriculture and particularly sensitive to fluctuations in rainfall and temperature. According to Yapi (2021), the progressive decline in rainfall has already led to difficulties in accessing water, reduced flood flows, more severe low-water periods and disruptions to agricultural production. Irié et al. (2015) showed in particular that the years 2000 and 2001 were very dry in the Marahoué, while Kassin et al. (2008) reported, more broadly for Central-West Côte d’Ivoire, periods of risk for cocoa replanting associated with agricultural drought. Land cover can therefore not be read as a simple descriptive state: it is the spatial expression of climatic constraints, production decisions and cumulative anthropization processes.
The scientific value of a diachronic approach based on remote sensing lies precisely in quantifying these reorganizations, identifying the most vulnerable classes and documenting the transitions among natural formations, agricultural areas and artificialized surfaces. In the Marahoué, this issue is reinforced by the expansion of cash crops, reforestation actions, the reorganization of village territories and the need to anticipate the future impacts of climate change. Previous work on the degradation of dense forests in Côte d’Ivoire, as well as studies conducted in the Marahoué and neighboring regions, shows that the observed transformations result from interlinked factors: deforestation, fires, cropland expansion, declining rainfall and intensified land use (Bigot et al., 2005; Brou, 2005; N’guessan Bi, 2014; Irié et al., 2015).
Against this background, the objective of this article is to highlight the past and future dynamics of land cover in the Marahoué region. More specifically, it aims (i) to characterize the structure of land cover in 1986, 2002 and 2019; (ii) to assess the changes that occurred between these dates; (iii) to test the robustness of the resulting mapping; and (iv) to project the spatial evolution of land cover classes to 2050 using a spatialized Markov chain. The main hypothesis is that the region is undergoing increasing anthropization, materialized by the expansion of agricultural land and of settlements and bare soil at the expense of natural components, under the combined effect of hydroclimatic variability and changes in land management systems.
2. Materials and methods
2.1. Study area
The Marahoué region is located in Central-West Côte d’Ivoire between latitudes 6°30′ and 7°45′ N and longitudes 5°15′ and 6°30′ W. It covers 9,092.48 km², divided among the departments of Bouaflé (4,222.48 km²), Zuénoula (3,252 km²) and Sinfra (1,618 km²). It is a forest-savanna contact zone with a Baoulé-type climate characterized by two rainy seasons and two dry seasons.
This bioclimatic setting and its agricultural specialization make the region particularly vulnerable to fluctuations in rainfall and to rising temperatures, which makes it a relevant site for the joint analysis of land surface dynamics and hydroclimatic constraints.
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Figure 1: Location of the Marahoué region
2.2. Data
The diachronic land cover study is based on Landsat images of scene 197-055: Landsat TM of 16 January 1986, Landsat ETM+ of 20 January 2002 and Landsat 8 OLI of 12 February 2019, all at a spatial resolution of 30 m.
Field missions carried out in August 2017, March-April 2018, May 2019 and December 2019 were used to identify the classes and to validate the classification results. A questionnaire-based socio-economic survey, conducted from 26 March to 9 April 2018 in the localities of Zuénoula, Gohitafla, Manfla, Bouaflé, Garango, Bonon and Sinfra, was also used to document the drivers of change and local perceptions. The sample comprises 453 respondents and 14 cooperatives.
For the prospective component, daily hydroclimatic data from the Climate Forecast System Reanalysis (CFSR) for 1980-2013 and the WeaGETS stochastic weather generator were used. In this article, this information is retained as explanatory variables of the context of change, whereas the land cover projection relies on the spatialized Markov chain derived from the earlier maps.
2.3. Image processing and nomenclature
The method adopted is a diachronic comparison of classifications. The images were first analyzed through color composites considered discriminant: 7-5-4 for Landsat TM and ETM+, and 7-5-6 for Landsat 8 OLI. Training plots were defined from fieldwork, cartographic documents and visual interpretation.
Five land cover classes were retained: (1) water, corresponding to the main watercourses; (2) settlements and bare soil, grouping surfaces dominated by mineral or built-up cover; (3) agricultural land, corresponding to cultivated areas; (4) shrub savanna; and (5) dense forest, including classified forests and gallery forests.
Supervised classification was performed using the maximum likelihood algorithm. This choice is justified by the good performance obtained in previous tropical remote sensing studies.
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Figure 2: Flowchart for the production of land cover maps
2.4. Validation and change analysis
The maps were validated using the confusion matrix, the Kappa index and comparison with ground truth. In the interpretation adopted, a Kappa value between 0.81 and 1 indicates almost perfect agreement between the classification and the observed reality.
Change analysis was based on the relative share (%) of each class in 1986, 2002 and 2019, followed by the rates of change between 1986-2002 and 2002-2019. This twofold reading makes it possible to identify both structural trends and the pace of transitions.
2.5. Prospective modeling
The projection to 2050 relies on a spatialized Markov chain, described as the combination of an observable Markov chain and a cellular automaton. This approach integrates both temporal and spatial dependence in the transitions among land cover classes.
Before projection, the model was validated by simulating the 2019 map from the earlier maps and then comparing the simulated map with the 2019 reference map.
The 1986, 2002 and 2019 images serve as the basis for extrapolating the quantities of the future land cover map. The 2050 land cover map generated at the end of this second step is accompanied by two other types of data: the transition probability matrix, which indicates the interactions among land cover classes from 2019 to 2050, and the equilibrium vector, which specifies the asymptotic behavior of the 2019 land cover pattern (Ladet et al., 2005).
The successive steps of the land cover projection for the Marahoué region are summarized in the flowchart in Figure 3.
The limited differences between simulated and observed areas were used as an indicator of model robustness before extrapolation to 2050.
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Figure 3: Flowchart of the land cover projection to 2050
3. Results
3.1. Classification performance
The validation results indicate excellent quality of the land cover maps. Overall accuracies reach 98.79% for the 1986 Landsat TM image, 97.61% for the 2002 ETM+ image and 93.79% for the 2019 OLI image. The associated Kappa coefficients are 0.98, 0.97 and 0.92, respectively. These values, all above 0.81, confirm the high reliability of the classifications and allow an analytical use of the observed changes.
The moderate decrease in overall accuracy in 2019 does not alter the general validity of the mapping. It may reflect increased spatial heterogeneity of recent landscapes, related to the stronger interlocking of land uses and vegetation formations.
3.2. Land cover structure between 1986 and 2019
In 1986 (Figure 4), land cover is dominated by agricultural land (31.14%), followed by water (19.23%), dense forest (19.09%), shrub savanna (18.05%) and settlements and bare soil (12.49%).
In 2002, the relative shares become 28.79% for agricultural land, 18.01% for water, 17.30% for dense forest, 20.80% for shrub savanna and 15.10% for settlements and bare soil (Figure 5).
In 2019, agricultural land rises again to 30.11%, settlements and bare soil to 18.58% and dense forest to 18.72%, whereas water declines to 15.64% and shrub savanna to 16.95%. These changes reflect a territory undergoing reorganization, marked by a lasting contraction of water surfaces and by the expansion of anthropized areas (Figure 6).
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Figure 4: Land cover map of the Marahoué in 1986
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Figure 5: Land cover map of the Marahoué in 2002
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Figure 6: Land cover map of the Marahoué in 2019
3.3. Observed dynamics between 1986 and 2002
Between 1986 and 2002, two classes expanded: settlements and bare soil (+2.61 points) and shrub savanna (+2.75 points). All the other classes declined: water (-1.22 points), dense forest (-1.79 points) and agricultural land (-2.35 points) (Table I).
This first sequence corresponds to a phase of strong drought pressure on the landscapes of the Marahoué. The increase in settlements and bare soil suggests growing degradation or exposure of surfaces, while the expansion of shrub savanna can be interpreted as a savannization process at the expense of denser formations.
Table I: Rates of change in land cover from 1986 to 2002
	Classes
	Area (%)
	Rate of change

	
	1986
	2002
	

	Settlements and bare soil
	12.49
	15.10
	2.61

	Water
	19.23
	18.01
	-1.22

	Dense forest
	19.09
	17.30
	-1.79

	Agricultural land
	31.14
	28.79
	-2.35

	Shrub savanna
	18.05
	20.80
	2.75



The rate of change of the land cover classes between the 1986 and 2002 images is illustrated in Figure 7. According to this figure, the “Settlements and bare soil” and “Shrub savanna” classes increased, with rates of change of 2.61% and 2.75%, respectively. However, all the other classes decreased in area: “Water” with a rate of 1.22%, “Dense forest” with (1.79%) and “Agricultural land” (2.35%). This reflects the intensity of the pressure exerted by drought in the Marahoué during the 1986-2002 period.

Figure 7: Change in the rate of land cover change from 1986 to 2002
3.4. Observed dynamics between 2002 and 2019
Between 2002 and 2019, settlements and bare soil continued to increase (+3.48 points). Dense forest (+1.42 points) and agricultural land (+1.32 points) also expanded. Conversely, water decreased by 2.37 points and shrub savanna by 3.85 points (Table II).
This second phase is less linear than the previous one. The recovery of dense forest observed in the area statistics does not cancel out the general trend toward weakening of natural formations, although it is associated in particular with reforestation and the expansion of new perennial tree crops. The continued decline of water remains the most consistent signal over the whole 1986-2019 period.
Table II: Rates of change in land cover from 2002 to 2019
	Classes
	Area (%)
	Rate of change

	
	2002
	2019
	

	Settlements and bare soil
	15.1
	18.58
	3.48

	Water
	18.01
	15.64
	-2.37

	Dense forest
	17.3
	18.72
	1.42

	Agricultural land
	28.79
	30.11
	1.32

	Shrub savanna
	20.8
	16.95
	-3.85



The change in the rate of land cover change from 2002 to 2019 in the Marahoué region is shown in Figure 8. According to this figure, the “Water” and “Shrub savanna” classes showed a marked decrease in area, with rates of 2.37% and 3.85%, respectively. In contrast to these two classes, an increase in area was recorded for the other land cover classes: “Settlements and bare soil” (3.48%), “Dense forest” (1.42%) and “Agricultural land” (1.32%).

Figure 8: Change in the rate of land cover change from 2002 to 2019
3.5. Validation of the prospective model
The retrospective simulation of the 2019 map (Figure 9) shows limited differences between the reference map and the simulated map. Settlements and bare soil represent 18.58% on the reference map versus 18.36% on the simulated map; water 15.64% versus 15.43%; dense forest 18.72% versus 19.13%; agricultural land 30.11% versus 31.71%; and shrub savanna 16.95% versus 15.37%.
These small differences attest to the satisfactory consistency of the spatialized Markov chain in reproducing overall spatial structures. They support the use of the model for projection to 2050.
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Figure 9: Reference land cover map (a) and simulated map (b) for 2019
3.6. Land cover projection to 2050
According to the 2050 projection (Figure 10), settlements and bare soil would occupy 25.74% of the region, compared with 18.58% in 2019, an increase of 7.16 points. Agricultural land would reach 38.40%, compared with 30.11% in 2019, a gain of 8.29 points.
Conversely, dense forest would decline from 18.72% to 12.17% (-6.55 points), water from 15.64% to 10.53% (-5.11 points) and shrub savanna from 16.95% to 13.16% (-3.79 points).
These results foreshadow continued artificialization and agricultural expansion, together with a simultaneous decline in water resources and natural vegetation formations. The projected 2050 structure thus confirms a shift of the regional landscape toward more anthropized forms of land cover.
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Figure 10: Projected land cover of the Marahoué to 2050
From 2019 to 2050, according to the spatialized Markov chain model, the “Settlements and bare soil” and “Agricultural land” classes will increase by 7.16% and 8.29%, respectively. However, the “Dense forest”, “Water” and “Shrub savanna” classes will lose area, by -6.55%, -5.11% and -3.79%, respectively (Table III).
Table III: Projected rate of change by class from 2019 to 2050
	
	Area (%)
	Rate of change

	
	2019
	2050
	

	Settlements and bare soil
	18.58
	25.74
	7.16

	Water
	15.64
	10.53
	-5.11

	Dense forest
	18.72
	12.17
	-6.55

	Agricultural land
	30.11
	38.4
	8.29

	Shrub savanna
	16.95
	13.16
	-3.79


The projected rate of land cover change from 2019 to 2050 yields the graph in Figure 11. According to this figure, the “Settlements and bare soil” and “Agricultural land” classes will increase in area, with rates of 7.16% and 8.29%, respectively. However, the “Water”, “Dense forest” and “Shrub savanna” classes will decrease in area by 2050, with rates of 5.11%, 6.55% and 3.79%, respectively.

Figure 11: Projected rate of land cover change from 2019 to 2050
4. Discussion
The results first highlight the consistency of the geomatic approach adopted. The high overall accuracy and Kappa values show that the combination of Landsat images, maximum likelihood supervised classification and field validation allows a robust reading of landscape trajectories in the Marahoué. In a tropical context where land cover heterogeneity often complicates classification, these performances strengthen the credibility of the trends described. This reading is consistent with that of N’Guessan Bi et al. (2013) in the Sinfra department, which is part of the Marahoué, where validation of the spatialized Markov model on the year 2002 gave a mean prediction error of less than 1%. It should nevertheless be recalled that the Kappa coefficient is subject to methodological criticism (Pontius and Millones, 2011), which suggests complementing it in future work with measures that distinguish quantity and allocation errors.
The past dynamics reveal three major processes. First, the continuous decline of the water class between 1986 and 2019 reflects the sensitivity of water surfaces to the progressive decrease in rainfall observed in the region since the 1980s. Second, the increase in settlements and bare soil over the two diachronic intervals suggests increasing anthropization and/or degradation of surface states. Third, the more contrasted variations of dense forest and shrub savanna show that the responses of vegetation formations result from a combination of drought, deforestation, reforestation and the expansion of perennial crops. These trajectories are consistent with those described in other forest-savanna transition zones of Côte d’Ivoire. In the east of the country, Barima et al. (2009) show that forests covered only 29% of the study area in 2000, compared with 73% in 1986. At the national scale, Barima et al. (2020) estimate forest area loss in the Centre-West at 46.39% between 1985 and 2018, in connection with the development of the cocoa economy. In the Sinfra department, N’Guessan Bi et al. (2013) likewise observe, between 1986 and 2003, a decline in forest (-6.3%) in favor of farms and the open forest-crop mosaic.
Yapi (2021) explicitly attributes the contraction of dense forest and agricultural land between 1986 and 2002 to the intensity of droughts, particularly during the years 1999, 2000 and 2001. She also links the initial expansion of shrub savanna to these hot and dry periods. Conversely, the decline of savanna after 2002 is interpreted as the probable effect of reforestation operations carried out between 2010 and 2018. This shows that landscape trajectories do not depend on a single climatic determinism but on interactions between bioclimatic factors and land-use decisions. This multifactorial reading is supported by Ruf et al. (2015), for whom drought and declining rainfall were supporting factors, rarely the main drivers, of cocoa migrations, which were more closely linked to the perceived availability of forest land; these authors also note that climatic extremes such as the 1982-1983 drought favored adaptations such as replanting and crop diversification. The climatic interpretation of Yapi (2021) must therefore be articulated with the dynamics of pioneer fronts and land pressure.
The projection to 2050 is particularly worrying because it combines a simultaneous expansion of agricultural land and of settlements and bare soil with a decline of all the major natural components. The projected increase of agricultural areas to 38.40% suggests intensified land pressure and a widening of cultivation fronts. Since the region remains highly dependent on rainfed agriculture, this expansion could paradoxically increase vulnerability if it takes place in a context of shrinking water surfaces and more frequent dry spells. This scenario is consistent with the projection of N’Guessan Bi et al. (2013) for Sinfra, where forest would cover only 37.6% of the sector in 2020, compared with 47% in 2003. It should also be read in light of the climatic vulnerability of cocoa farming: on the basis of projections for the 2050s, Schroth et al. (2016) recommend promoting shade trees, intensifying production on existing farms where future climatic conditions allow, and establishing new plantations in areas that are already deforested. These orientations are consistent with our recommendations for regulating agricultural expansion.
An important point of discussion concerns the interpretation of the “dense forest” class in the projection. Yapi (2021) mentions that the localized spatial increase of this class could be linked to the rise of new perennial tree crops such as rubber, teak or cashew. This remark calls for a distinction between the ecological reconstitution of forest formations and tree densification of agrarian origin. In other words, a local increase in “closed” signatures on imagery does not necessarily mean a functional restoration of the forest ecosystem. Comparable results are reported in the Lobo watershed, where Assoma et al. (2021) show that forest, which fell from 4.6% in 1986 to 0.96% in 2008, rose again to 2.3% in 2015 partly owing to the development of shrub crops, while continuing to decline in areas supposed to be protected, including the Marahoué National Park. Similarly, in Kokumbo, in a forest-savanna contact zone, Kpangui et al. (2018) establish that the expansion of cocoa farms, nearly 65% of whose plots were established between 2002 and 2014, came at the expense of forests and savannas, which lost 25% and 58.1% of their initial area, respectively. These studies confirm that an increase in the “dense forest” class must be interpreted with caution and argue for introducing a distinct “perennial tree crops” class in future nomenclatures.
Finally, the results underline the operational value of coupling diachronic analysis with Markov modeling. The prior validation on 2019 shows that the simulation adequately reproduces class proportions, which makes the projection useful as a tool for territorial decision-making. However, like any Markov model, it extrapolates transition probabilities from past states; it therefore only imperfectly captures institutional ruptures, future land policies, technical innovations or extreme shocks likely to change trajectories abruptly. This limitation is well documented: Mas et al. (2014), who compare four land cover change modeling tools including CA Markov and Land Change Modeler, review their procedures for estimating the quantity of change and spatial allocation, and recall that these inductive approaches rely on past changes. One avenue for improvement would be to integrate explanatory variables (demography, road network, land tenure status, rainfall), as proposed by N’Guessan Bi et al. (2013) with non-homogeneous Markov models.
5. Conclusion
The analysis shows that the Marahoué region experienced, between 1986 and 2019, a marked reorganization of its land surface states, dominated by the expansion of settlements and bare soil, the lasting decline of water, and contrasting changes in vegetation and agricultural formations.
The projection to 2050 confirms a clear trend toward anthropization of the territory: settlements and bare soil and agricultural land would gain 7.16 and 8.29 points, respectively, while water, dense forest and shrub savanna would decline. This trajectory is consistent with the hydroclimatic context of the region, characterized by declining rainfall, rising temperatures and intensifying dry spells.
In terms of planning, these results argue for integrated management of water resources, regulation of agricultural expansion, targeted restoration of natural formations and the deployment of adaptation practices with low water demand. In this sense, land cover dynamics constitute a territorial warning signal as much as a tool for guiding regional resilience policies.
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