Past dynamics and projection to 2050 of land cover in the Marahoué region (Central-West Côte d’Ivoire)
Abstract
Land-cover change was evaluated for the Marahoué region of central-western Côte d’Ivoire (9,092.48 km²) using Landsat TM (1986), ETM+ (2002) and OLI (2019) imagery and a conditional spatialised Markov-chain projection to 2050. Five classes were mapped: water, settlements and bare soil, agricultural land, shrub savanna and dense forest. Field observations collected in 2017–2019 and a 2018 socio-economic survey supplied contextual information. Reported overall classification accuracies were 98.79%, 97.61% and 93.79%, with Kappa values of 0.98, 0.97 and 0.92 for 1986, 2002 and 2019, respectively; detailed validation matrices were not reported. Between 1986 and 2019, the mapped shares of settlements and bare soil increased from 12.49% to 18.58%, whereas the water class decreased from 19.23% to 15.64%. The modelled 2050 scenario assigns 25.74% of the region to settlements and bare soil and 38.40% to agriculture, compared with 18.58% and 30.11% in 2019. Dense forest, shrub savanna and water decline in this scenario. The retrospective 2019 comparison indicates a 2.01-percentage-point minimum redistribution between simulated and observed class totals but does not establish spatial prediction accuracy. The scenario therefore illustrates possible continuation of historical land-cover transitions rather than a climate-driven forecast. The findings are relevant to regional land-use monitoring, subject to uncertainties in classification and model validation.
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1. Introduction
Land-cover change is an important indicator of environmental and land-use transformation in tropical regions, particularly where forests, savannas and cultivated land occur in close proximity. Drought can affect water availability, biological productivity and agricultural systems, although its relationship with land-cover change depends on local environmental conditions and human decisions (Wilhite, 2000; Intergovernmental Panel on Climate Change [IPCC], 2007, 2013). Studies across Africa have documented changing patterns of temperature extremes and spatially variable precipitation trends rather than a uniform trajectory throughout the continent (Aguilar et al., 2009; New et al., 2006).
In Côte d’Ivoire, land-cover changes have been associated with climate variability, demographic dynamics and agricultural expansion (Brou, 2005; Brou & Chaléard, 2007). Diomandé (2013) discusses the sensitivity of forest–savanna production systems to changing rainfall conditions. Investigations of Ivorian catchments have also examined variability in precipitation and water availability (Balliet, 2017; Irie, 2016; Kouassi et al., 2013).
The Marahoué region is strongly dependent on rainfed agriculture. Yapi Assa (2021) describes hydroclimatic pressures on local water use and production activities, while Irie et al. (2015) identify dry conditions in 2000 and 2001. Kassin et al. (2008) report agricultural drought risks affecting cocoa replanting in central-western Côte d’Ivoire. Nevertheless, observed land-cover changes cannot, on the basis of remotely sensed class proportions alone, be attributed to an individual climatic or socioeconomic driver.
Remote sensing provides consistent spatial coverage for examining transitions between vegetation, agricultural and built-up classes. Prior studies in Côte d’Ivoire have documented forest loss, cultivation and the effects of land-management decisions in forest–savanna landscapes (Barima et al., 2009, 2020; Bigot et al., 2005; N’Guessan Bi, 2014a). Spatially explicit Markov approaches have also been used for land-cover scenarios in the Sinfra department (N’Guessan Bi et al., 2014b), making it important to distinguish a regional application from a new modelling method. 
This study describes mapped land cover in 1986, 2002 and 2019, compares changes across the two historical intervals and examines a spatialised Markov-chain scenario for 2050. The central question is whether the mapped distributions indicate increasing human modification of land cover and how persistence of historical transitions would affect the shares of major classes. The prospective results are treated as conditional extrapolations rather than direct predictions of future climate or water resources.
2. Materials and methods
2.1. Study area
The Marahoué region is located in central-western 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 and comprises Bouaflé (4,222.48 km²), Zuénoula (3,252 km²) and Sinfra (1,618 km²). The region spans a forest–savanna transition zone with a Baoulé-type climate characterised by two rainy and two dry seasons.
The forest–savanna setting, agricultural activities and geographic extent of the three departments are shown in Figure 1. The spatial boundary defines the area to which the reported class shares refer.
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Figure 1. Location of the Marahoué region and its constituent departments.
2.2. Data
Three Landsat scenes covering path/row 197/055 were used: Landsat TM acquired on 16 January 1986, Landsat ETM+ acquired on 20 January 2002 and Landsat 8 OLI acquired on 12 February 2019. The mapped products were analysed at a nominal spatial resolution of 30 m. The acquisition dates fall within the early dry season, although residual differences in seasonal surface conditions cannot be excluded.
Field missions in August 2017, March–April 2018, May 2019 and December 2019 informed the identification of land-cover classes and the interpretation of imagery. A questionnaire-based socio-economic survey was conducted from 26 March to 9 April 2018 in Zuénoula, Gohitafla, Manfla, Bouaflé, Garango, Bonon and Sinfra. The survey encompassed 453 respondents and 14 cooperatives. Ethical approval for the survey was obtained from the Institute's Research Ethics Committee, and consent was obtained from the participating respondents. The survey was undertaken to provide contextual information on local socio-economic conditions relevant to the interpretation of land-cover dynamics. The sampling frame and procedures used to select individual respondents and cooperatives were not sufficiently documented to establish statistical representativeness. Consequently, the survey findings were treated as contextual information rather than as a basis for population-level generalisation or statistical inference. No survey-derived statistical estimates were included in the present land-cover analysis.
Daily hydroclimatic information from the Climate Forecast System Reanalysis (1980–2013) and the WeaGETS weather generator was considered in the broader environmental context (Chen et al., 2012). No rainfall, temperature or socioeconomic covariates are explicitly specified as inputs to the 2050 Markov projection presented here. Consequently, the projection should not be interpreted as a simulation under a particular future climate scenario.
2.3. Image processing and land-cover classes
The land-cover analysis compared classified satellite images from the three acquisition years. Colour composites were examined using bands 7–5–4 for Landsat TM/ETM+ and 7–5–6 for Landsat 8 OLI. Classification training areas were identified using field observations, cartographic materials and visual interpretation. Details of atmospheric correction, image co-registration, cloud treatment and the spatial distribution of the training and reference samples were not reported.
Five classes were distinguished: water (features classified as watercourses and water surfaces); settlements and bare soil (built or exposed mineral surfaces); agricultural land (cultivated areas); shrub savanna; and dense forest (including mapped forest stands and gallery forests). The grouping of built-up surfaces with bare soil and the possible spectral similarity of dense vegetation and perennial tree crops are important interpretative constraints.
A maximum-likelihood supervised classifier was applied to the satellite scenes. Figure 2 summarises the reported processing sequence, from image preparation and training-data identification to classification, agreement assessment and map production.
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Figure 2. Reported workflow for producing the 1986, 2002 and 2019 land-cover maps.
2.4. Classification assessment and change calculation
Classification performance was summarised with overall accuracy and the Kappa coefficient. In conventional interpretations, Kappa values above 0.81 indicate high categorical agreement (Landis & Koch, 1977); however, Kappa does not distinguish quantity and spatial allocation errors (Pontius & Millones, 2011). The individual confusion matrices, the number and independence of reference observations, and class-specific accuracy estimates were not included in the analytical materials, restricting independent assessment of the reported performance. In addition, the field observations postdate the 1986 and 2002 scenes and cannot constitute contemporaneous ground observations for those years.
For each date, class shares were expressed as percentages of the total mapped region. Historical and projected changes were calculated as the later share minus the earlier share, in percentage points. These differences are not relative growth rates or annualised rates. This distinction is maintained throughout the tables and figures. For a mapped area A, the corresponding class area equals A multiplied by the class percentage divided by 100. No class-specific error-adjusted area estimates were available (Olofsson et al., 2014).
2.5. Conditional projection to 2050
The prospective analysis applied a spatialised Markov-chain approach combining land-cover transition probabilities with a cellular-automaton component. This class of models extrapolates observed transitions and uses a spatial allocation mechanism to distribute future categories across a map (Ladet et al., 2005; Mas et al., 2014). The 1986, 2002 and 2019 classifications are the historical reference maps for the 2050 scenario.
The method also involved a retrospective simulation of the 2019 map and comparison with its observed class shares. This comparison is presented as a check of aggregate class quantities; without a documented independent hold-out design and pixel-level confusion matrix, it is not equivalent to an external assessment of spatial predictive accuracy. The numerical transition matrix, cellular-automaton neighbourhood and suitability parameters, and temporal scaling assumptions are not reproduced in the reported results. Accordingly, the 2050 output is interpreted as a single conditional scenario rather than a probabilistically validated forecast.
Figure 3 outlines the reported temporal and spatial modelling workflow, including historical maps, conditional transition information and production of the 2050 output.
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Figure 3. Reported temporal and spatial workflow for the 2050 land-cover projection.
3. Results
3.1. Reported classification performance
Overall classification accuracies were reported as 98.79% for 1986 (Landsat TM), 97.61% for 2002 (ETM+) and 93.79% for 2019 (OLI). The respective Kappa coefficients were 0.98, 0.97 and 0.92. Although these summary values indicate high agreement under the reported assessment, the absence of sample sizes and confusion matrices prevents independent recalculation or estimation of accuracy by class.
The reported overall accuracy was lower for 2019 than for the earlier dates. The evidence available does not distinguish whether this reflects landscape heterogeneity, different reference samples, acquisition conditions or classification effects. Therefore, differences between map years require consideration of classification uncertainty.
3.2. Land-cover composition, 1986–2019
In 1986, agricultural land accounted for the largest mapped share (31.14%), followed by water (19.23%), dense forest (19.09%), shrub savanna (18.05%) and settlements and bare soil (12.49%). Figure 4 depicts their reported spatial distribution and relative proportions.
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Figure 4. Mapped land cover in the Marahoué region in 1986.
In 2002, agricultural land represented 28.79%, shrub savanna 20.80%, water 18.01%, dense forest 17.30%, and settlements and bare soil 15.10%. Figure 5 shows the corresponding classified map and distribution.
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Figure 5. Mapped land cover in the Marahoué region in 2002.
In 2019, the mapped agricultural share was 30.11%, dense forest 18.72%, settlements and bare soil 18.58%, shrub savanna 16.95% and water 15.64%. Relative to 1986, this distribution indicates a larger settlement/bare-soil class and a smaller water class. Figure 6 depicts the 2019 classification.
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Figure 6. Mapped land cover in the Marahoué region in 2019.
3.3. Changes between 1986 and 2002
The first interval was characterised by increases of 2.61 percentage points in settlements and bare soil and 2.75 points in shrub savanna. The shares of agricultural land, dense forest and water decreased by 2.35, 1.79 and 1.22 points, respectively. Table 1 presents the class percentages and signed differences.
Table 1. Mapped changes in land-cover share, 1986–2002.
	Land-cover class
	1986 share (%)
	2002 share (%)
	Change (percentage points)

	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



As illustrated in Figure 7, the largest positive change in class share occurred in shrub savanna, followed closely by settlements and bare soil. These mapped changes are compatible with vegetation and land-use reorganisation but do not identify their causes independently.
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Figure 7. Change in mapped land-cover shares between 1986 and 2002.
3.4. Changes between 2002 and 2019
Between 2002 and 2019, settlements and bare soil increased by 3.48 percentage points, agricultural land by 1.32 points and dense forest by 1.42 points. Water decreased by 2.37 points and shrub savanna by 3.85 points (Table 2).
Table 2. Mapped changes in land-cover share, 2002–2019.
	Land-cover class
	2002 share (%)
	2019 share (%)
	Change (percentage points)

	Settlements and bare soil
	15.10
	18.58
	+3.48

	Water
	18.01
	15.64
	-2.37

	Dense forest
	17.30
	18.72
	+1.42

	Agricultural land
	28.79
	30.11
	+1.32

	Shrub savanna
	20.80
	16.95
	-3.85



Figure 8 highlights the contrasting changes: the largest decrease was recorded for shrub savanna, whereas settlements and bare soil continued to expand. The temporary increase in the dense-forest category cannot, on its own, establish ecological forest recovery, since some perennial tree crops may resemble closed-canopy vegetation in satellite imagery.
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Figure 8. Change in mapped land-cover shares between 2002 and 2019.
3.5. Retrospective comparison of the 2019 simulation
The observed and simulated 2019 shares were, respectively, 18.58% and 18.36% for settlements and bare soil; 15.64% and 15.43% for water; 18.72% and 19.13% for dense forest; 30.11% and 31.71% for agricultural land; and 16.95% and 15.37% for shrub savanna. The largest differences were +1.60 percentage points for simulated agricultural land and −1.58 points for simulated shrub savanna.
The sum of the absolute differences between the five class-share distributions was 4.02 percentage points. Half of this total, 2.01 percentage points, is the minimum share of the region that would have to be assigned to a different class to reconcile the two aggregate distributions. It describes class-quantity disagreement only and does not quantify spatial allocation errors or cell-by-cell agreement (Pontius & Millones, 2011). Figure 9 displays the observed and simulated maps for qualitative comparison.
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Figure 9. Reference (a) and simulated (b) land-cover maps for 2019.
3.6. Conditional land-cover scenario for 2050
In the projected scenario, settlements and bare soil represent 25.74% of the study area compared with 18.58% in 2019, a gain of 7.16 percentage points. Agricultural land increases from 30.11% to 38.40%, a gain of 8.29 points. Figure 10 depicts the modelled spatial distribution, which reflects the historical transition structure assumed by the Markov-chain approach.
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Figure 10. Conditional modelled land-cover distribution for 2050.
The remaining classes decrease in the same scenario: dense forest falls from 18.72% to 12.17% (−6.55 percentage points), water from 15.64% to 10.53% (−5.11 points) and shrub savanna from 16.95% to 13.16% (−3.79 points). The projected class percentages and changes are summarised in Table 3.
Table 3. Modelled changes in land-cover share, 2019–2050.
	Land-cover class
	2019 share (%)
	2050 share (%)
	Change (percentage points)

	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
	38.40
	+8.29

	Shrub savanna
	16.95
	13.16
	-3.79



Figure 11 emphasises that the projected expansion of agricultural land and settlements/bare soil is counterbalanced by declines in the three remaining mapped classes. The projection does not incorporate a specified future rainfall trajectory, and the mapped water category must not be interpreted as a direct estimate of available water resources.
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Figure 11. Modelled changes in land-cover shares between 2019 and 2050.
4. Discussion
The three satellite classifications offer a regional account of change across more than three decades. High reported overall accuracies and Kappa values are encouraging, yet the absence of confusion matrices and temporal reference-sampling details limits their evidential weight. Olofsson et al. (2014) recommend that accuracy estimates, class-specific commission and omission errors, area estimation and uncertainty be grounded in a suitable reference sampling design. The distinction between quantity and allocation disagreement is also important when interpreting land-cover maps and simulated outcomes (Pontius & Millones, 2011).
Three changes are prominent in the historical mapped distributions: the rise in settlements and bare soil, the reduction in the mapped water class, and variable changes in agricultural land and vegetation classes. The mapped water fraction declined in both intervals, but surface-water classification on individual satellite dates is not a direct measurement of hydrological storage, streamflow or water security. The mapped water proportions are substantial given the description of the class as principally watercourses; independent verification of the class definition and segmentation is therefore especially important. Climatic variability may contribute to environmental change, but the images alone cannot identify its relative contribution alongside cultivation, settlement and forest management.
Related Ivorian studies document substantial forest and agricultural land-cover transitions. Barima et al. (2009) observed landscape changes in forest–savanna transition zones, while Barima et al. (2020) described forest losses associated with expansion of the cocoa economy across regional production areas. N’Guessan Bi et al. (2014b) reported marked changes in Sinfra, and Assoma et al. (2021) identified a complicated relationship between mapped forest cover, cultivation and shrub crops in the Lobo catchment. These studies provide context but do not validate the accuracy of the particular Marahoué class shares presented here.
Yapi Assa (2021) associates vegetation and agricultural changes in the Marahoué with dry periods around 1999–2001, while regional evidence suggests interactions among climatic conditions, economic decisions and land access. Ruf et al. (2015) found that perceived availability of forest land was often a more immediate reason for cocoa migration than drought alone. The observed rise in shrub savanna during 1986–2002 and its decline after 2002 should therefore be interpreted as a land-cover pattern compatible with multiple pathways, not as a demonstrated response to a single causal mechanism.
The mapped proportion of dense forest increased from 17.30% in 2002 to 18.72% in 2019, representing a gain of 1.42 percentage points. However, this increase should be interpreted cautiously because the classification scheme did not distinguish natural forest from perennial tree crops as separate categories. Mature cocoa plantations, other tree-based agricultural systems and secondary woody vegetation may exhibit spectral characteristics similar to those of natural forest, potentially introducing uncertainty into land-cover classification. Previous research has documented cocoa expansion within forest–savanna landscapes in Côte d’Ivoire (Kpangui et al., 2018), while Moraiti et al. (2024) highlighted the difficulties of distinguishing cocoa-growing areas from other vegetation categories using satellite imagery. In the present study, the absence of class-specific confusion matrices and independent historical reference observations prevents reliable quantification of possible classification errors. Consequently, the observed increase in the dense-forest category cannot be interpreted as definitive evidence of natural forest regeneration or ecological recovery. Future investigations should consider using more detailed classification schemes and independent accuracy assessments to distinguish natural forest, secondary woody vegetation and perennial tree crops.
The modelled 2050 scenario describes what could arise if estimated historical transition behaviour continued. Such scenarios can inform discussion of competing land demands, but they do not incorporate future policy shifts, land tenure, roads, demographic change or projected climate directly. Mas et al. (2014) demonstrate that land-change models can differ in transition quantity and spatial allocation, reinforcing the importance of model specifications and retrospective tests. The proposed expansion of agriculture should also be considered in the context of climatic vulnerability of cocoa production documented by Schroth et al. (2016), without treating their climate projections as inputs to the current land-cover model.
4.1. Limitations and future research
Several limitations constrain inference from these results. The images represent three dry-season acquisition dates rather than a continuous record, and the reported preprocessing and class-specific validation information is insufficient to quantify mapping uncertainty independently. In particular, the relatively large share assigned to water and potential confusion between dense forest and tree crops warrant further checking. The 2017–2019 field observations were not contemporaneous with the 1986 or 2002 imagery. The retrospective 2019 simulation was evaluated mainly through class totals; its independence from model calibration and pixel-level spatial accuracy cannot be established. The 2050 output excludes explicit climatic or socioeconomic scenarios. Future work should document source rasters, transition matrices and training and validation designs; use independent spatial validation and reference-based area estimates; and test multiple policy and hydroclimatic assumptions. These improvements would better distinguish descriptive mapping, causal interpretation and conditional projection.
5. Conclusion
The mapped land-cover distributions indicate important reorganisation in the Marahoué region between 1986 and 2019. Settlements and bare soil increased from 12.49% to 18.58%, while the water class declined from 19.23% to 15.64%. The agricultural and vegetation classes followed non-monotonic patterns across the two historical intervals.
Under the conditional spatialised Markov-chain scenario examined in this study, settlements and bare soil and agricultural land account for 25.74% and 38.40% of the study area, respectively, in 2050, while dense forest, shrub savanna and the mapped water class exhibit declining proportions. These results represent modelled outcomes based on the assumed continuation of historical land-cover transitions rather than independently validated forecasts. Although the retrospective comparison for 2019 indicated a minimum redistribution of 2.01 percentage points between observed and simulated class proportions, this aggregate measure does not establish spatial predictive accuracy or pixel-level agreement (Pontius & Millones, 2011). Furthermore, the absence of a documented independent spatial validation procedure limits confidence in the model's ability to reproduce future land-cover distributions. Accordingly, the 2050 results should be interpreted as a conditional scenario illustrating potential changes under the model's assumptions, rather than definitive predictions of future land cover or water availability.
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