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Abstract

The degradation of forest landscapes in West Africa, particularly in Togo, threatens ecologi-
cal and socio-economic sustainability. This study analyzes the spatio-temporal dynamics
of land use in the central plains of Togo between 1991 and 2022, and projects its evolution
for 2030 and 2050 to guide restoration strategies. The methodology integrates the inter-
pretation of Landsat images (1991, 2005, 2022) and the analysis of indicators, including
conversion rates and the anthropization index. Prospective modeling (Markov chains and
neural networks) follows a trend scenario. The results reveal a sharp decline in natural
forest formations: dense semi-deciduous and dense dry forests (−50.55%) and woodlands
(−62.06%), converted mainly to cropland, plantations, and built-up areas. Shrub/tree sa-
vannas, the dominant class, represent a transitional stage resulting from forest degradation.
The average annual deforestation rate is 0.75%. The ecological disturbance index increased
from 0.24 (1991) to 0.45 (2005), and then to 0.56 (2022), reflecting increased human impact
and fragmentation. Projections indicate that these trends will continue, highlighting the
growing vulnerability of ecosystems and the need to integrate this dynamic into sustainable
management and restoration policies.

Keywords: spatio-temporal dynamics; forest landscape restoration; prospective modeling;
anthropization; Togo

1. Introduction
Forest ecosystems are reservoirs of biodiversity and play a crucial role in climate and

water regulation, soil protection, and supporting the livelihoods of local communities [1–3].
Despite their crucial role, the latest Forest Resources Assessment (FRA) report by the Food
and Agriculture Organization of the United Nations found that nearly 2.96 million hectares
(ha) of forest disappeared each year in Africa between 2015 and 2025 [4]. Approximately
65% of the land is already degraded, especially in Sub-Saharan Africa [5]. Forest loss and
degradation stem from a combination of natural factors (increased climate variability) and
growing anthropogenic pressures, such as agricultural expansion, unsustainable timber
exploitation, charcoal production, bush fires, overgrazing, and rapid urbanization, which
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compromise the ecological resilience of forest landscapes [6–8]. In view of this alarming
situation, the restoration of forest landscapes appears to be a strategic opportunity and
an important lever for sustainable development [9]. It takes place in a context marked by
high socio-ecological vulnerability, increased climate variability, and persistent land use
conflicts, requiring integrated and ambitious responses at the territorial level [10].

In Togo, the loss of forest cover remains severe. Between 1990 and 2025, forest area
decreased from approximately 1.3 million ha to 1.23 million ha. The central plains of the
Guinean zone are a hotspot of deforestation [11]. Historically characterized by Guinean
savannas interspersed with semi-deciduous and dense dry forests, the area is currently
under intense pressure from agriculture, population growth, charcoal production, graz-
ing, transhumance, urban expansion, and quarrying [11–13]. These activities lead to the
fragmentation of natural habitats, soil degradation, and progressive alteration of essential
ecosystem services, such as the provision of food, fodder, and energy resources for local
communities [14,15]. As a result, forest degradation is altering landscape structure and
accelerating transitions between land-use and land-cover (LULC) classes [16–19].

To address these challenges, it is essential to analyze the dynamics of forest landscape
transformation in the central plains to understand and quantify the spatio-temporal trajec-
tories of landscape change. The progressive loss of ecological connectivity and the decline
of ecosystem services require rigorous and spatially explicit analyses to inform effective
planning and management strategies for forest landscape restoration (FLR).

Despite initiatives implemented at various levels in Togo, knowledge about the dynam-
ics of forest landscapes in the central plains remains limited. Existing studies have mainly
focused on descriptive analyses of land use/land cover (LULC) and have insufficiently ad-
dressed structural landscape changes and their implications for guiding effective restoration
interventions [15,20]. Furthermore, the available information on spatial dynamics remains
fragmented, with limited understanding of land-use changes and a lack of forward-looking
analyses of future trends, thereby limiting policymakers’ ability to anticipate landscape
transformations and design appropriate, sustainable restoration strategies. In this context,
land-use change over time is a fundamental component of landscape management, and
forest landscape restoration requires in-depth prospective analysis [21–25]. Sustainable
natural resource management and restoration interventions, therefore, rely on a detailed
understanding of past and present land use dynamics and their ecological impacts [26–28].

Furthermore, recent advances in remote sensing, geographic information systems
(GIS), and spatial modeling provide robust tools for analyzing and projecting landscape
dynamics. In particular, integrating machine learning approaches, such as the multilayer
perceptron (MLP), with Markov chain analysis enables the simulation of LULC changes by
combining transition probabilities and spatial suitability [29–32]. These approaches enable
the reconstruction of past dynamics and the projection of future scenarios, supporting the
evaluation of forest management strategies, restoration impacts, and land-use planning. In
this perspective, the present study aims to address these gaps by providing an integrated
analysis of forest landscape change in the central plains of Togo. Specifically, the objectives
are: (i) to analyze the spatio-temporal dynamics of forest landscapes between 1991 and
2022; and (ii) to simulate future land-use scenarios for 2030 and 2050 using an integrated
MLP–Markov approach.

2. Materials and Methods
2.1. Study Area

Togo comprises five ecological zones [11]. This study focuses on the central plains
(ecological zone III), which cover approximately 17,051.59 km2 (Figure 1). The area mainly
encompasses the Mono Basin, with small portions of the Zio and Volta basins. Soils include
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four types: ferralitic, ferruginous, poorly developed, and mineral hydromorphic (gley
or pseudogley) soils, particularly in the valleys of major rivers such as the Anié, Amou,
Wahala, and Mono [33]. The study area is in the Benin–Togo plain, east of the Atakora
mountain range, and the climate is characterized by a Guinean lowland climate. Vegetation
is dominated by Guinean savanna, interspersed with extensive dry forests of Anogeissus
leiocarpa, with a diverse flora of Combretaceae and Poaceae, as well as patches of semi-
deciduous forests and gallery forests [34–36]. Agriculture, including cotton, maize, soybean,
yams, rice, beans, and voandzou, is the main livelihood of local communities. Livestock
farming, practiced either sedentarily or through transhumance by Fulani pastoralists and
agro-pastoralists, is also significant [34,37]. Cashew-based agroforestry systems are present
in the northeastern study area [38–40].

 

Figure 1. Location of the Central Plain of Togo. I: Northern Plains Savannas. II: Northern Mountains.
III: Central Plains. IV: Southwestern Mountains. V: Coastal Plain

2.2. Data Collection Methods and Techniques

The study adopts a transversal framework combining both analytical and diachronic per-
spectives. We used remote sensing data (Section 2.2.1) and complementary data (Section 2.2.2).

2.2.1. Satellite Data

The satellite data used in this study are from the Landsat program for three reference
years: 1991, 2005, and 2022. These dates, corresponding to intervals of approximately
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14 years (1991–2005) and 17 years (2005–2022), were selected based on both methodological
and contextual criteria. From a methodological standpoint, three main criteria guided the
selection of these years: (i) the availability of Landsat images with satisfactory radiometric
and atmospheric quality for the selected periods; (ii) the need for sufficiently long time
intervals to capture major landscape transformation trends; and (iii) the continuity of
the Landsat archive, which represents one of the few multispectral image series provid-
ing homogeneous coverage and a consistent spatial resolution of 30 m over more than
three decades.

For each reference year, four Landsat scenes were mosaicked to ensure complete
coverage of the study area. Only images showing no or minimal cloud cover were selected.
All scenes were acquired during the dry season (January–February), when cloud cover is
typically low (≤10%). This seasonal consistency minimizes spectral variability related to
vegetation phenology and improves the reliability of diachronic comparisons [31].

The images were uploaded using the USGS Global Visualization Viewer portal (https:
//glovis.usgs.gov/). The products selected are level 2 (Surface Reflectance) data, previously
corrected for atmospheric and geometric effects. The use of these pre-treated products is
recommended for land-use change analyses, as it ensures better temporal comparability and
reduced artifacts, especially for historical forest cover monitoring [41,42]. The characteristics
of the images used in this study are summarized in Table 1.

Table 1. Characteristics of the acquired satellite images.

Year Acquisition Date Sensor Path/Row

1991 3 January 1991 Landsat 4/TM 192/54
1991 3 January 1991 Landsat 4/TM 192/55
1991 10 January 1991 Landsat 4/TM 193/54
1991 10 January 1991 Landsat 4/TM 193/55
2005 1 February 2005 Landsat 7/ETM+ (SLC-off) 193/55
2005 1 February 2005 Landsat 7/ETM+ (SLC-off) 193/54
2005 9 January 2005 Landsat 7/ETM+ (SLC-off) 192/55
2005 9 January 2005 Landsat 7/ETM+ (SLC-off) 192/54
2022 31 January 2022 Landsat 9/OLI-TIRS 193/55
2022 24 January 2022 Landsat 9/OLI-TIRS 192/55
2022 2 January 2022 Landsat 8/OLI-TIRS 192/54
2022 16 February 2022 Landsat 9/OLI-TIRS 193/54

OLI = Operational Land Imager, SLC = Scan Line Corrector, TM = Thematic Mapper, ETM+ = Enhanced The-
matic Mapper.

2.2.2. Additional Data

The auxiliary data used in this study include both raster and vector datasets, har-
monized for integration with Landsat imagery. The raster file of the digital elevation
model (DEM) with a 90 m × 90 m spatial resolution was obtained from the USGS portal.
Data on roads, the hydrographic network, and built-up areas were obtained from the
OpenStreetMap (OSM) platform. Other variables, such as soil types and administrative
boundaries (at regional, prefectural, and communal levels), were primarily acquired in
vector format [43]. To ensure compatibility with Landsat data (30 m spatial resolution),
we preprocessed the datasets in several steps. First, all datasets were reprojected into a
common coordinate system (UTM, WGS 84, corresponding to the study area) to ensure
spatial consistency. Next, raster data were resampled to a uniform spatial resolution of
30 m × 30 m using the nearest neighbor method for categorical variables to preserve class
integrity. Vector data were reprojected and rasterized to match the spatial resolution and
extent of the Landsat imagery. All data were integrated into a GIS environment to improve
classification accuracy, spatial interpretation, and landscape change analysis.
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2.2.3. Data Processing Methods
Satellite Image Processing

The uploaded images were preprocessed through mosaicking and clipping to ensure
complete spatial coverage of the study area (Figure 2). LULC mapping for 1991, 2005, and
2022 followed a consistent and rigorous methodological framework. Two main approaches
are commonly used in LULC mapping: automated classification and visual interpretation.
Although automated methods are efficient for large datasets, they are often limited by
spectral variability and class confusion [44]. Therefore, a visual interpretation approach, rec-
ognized for its higher reliability, was adopted [45]. Classification was performed using the
Rapid Land Cover Mapper (RLCM) tool, an Esri ArcGIS Desktop (version 10.8) add-in de-
veloped by the US Geological Survey EROS [46]. This tool integrates a hybrid vector–raster
system and generates systematic point grids to support visual photo-interpretation [46].
The mapping procedure included: (i) satellite image selection; (ii) overlay of a systematic
point grid; (iii) visual interpretation and class attribution; and (iv) generation of final LULC
maps. A total of 68,212 interpretation points were generated using a systematic sampling
strategy based on a regular grid covering the entire study area. The points were evenly
spaced at 500 m intervals, ensuring a homogeneous spatial distribution and adequate rep-
resentation of the spatial variability of land-use classes. This sampling intensity provided
comprehensive spatial coverage while balancing classification accuracy and interpretive
effort. To minimize potential spatial autocorrelation effects, the relatively wide spacing
between points (500 m) helped reduce spatial dependence among neighboring observations.
In addition, each point was interpreted independently based on its visual characteristics,
thereby limiting biases associated with spatial proximity and improving the robustness of
the classification results. A cascading classification strategy was applied. The most recent
year (2022) was interpreted first, and the classification was subsequently backdated to 2005
and 1991. This approach ensured temporal consistency and facilitated the identification
of land cover transitions across the three periods. The classification scheme was based
on the Yangambi classification system [47] and adapted to Togo’s national standards in
accordance with the First National Forest Inventory [48]. Eight LULC classes were defined:
dense forest, gallery forest, woodland, tree and shrub savanna, cropland/fallow, plantation,
built-up area/bare land, and water body.

The accuracy of land use and land cover (LULC) classifications was assessed using
confusion matrices based on comparisons between the classes derived from the classifi-
cation and reference data. The selected indicators include Overall Accuracy, the Kappa
coefficient, and the Producer’s and User’s accuracies, which allow evaluation of omission
and commission errors, respectively [49,50]. For each LULC map (1991, 2005, and 2022),
validation points were generated through stratified random sampling, supplemented by
available field data, to ensure balanced representation of the different classes [51]. A total
of 336, 359, and 336 points were used for the three years, respectively. These points were
converted to KML format and overlaid in Google Earth Pro with high-resolution imagery,
enabling visual interpretation of historical data.

The reference points were compared with the classification results to populate the
confusion matrices and calculate accuracy indicators for each year [49]. Overall accuracy
corresponds to the proportion of correctly classified pixels, while the Kappa coefficient
measures the level of agreement by accounting for the portion attributable to chance [52].
Its value ranges between 0 and 1, and its interpretation follows the scale proposed by Landis
and Koch [53]: poor (≤0), slight (0.00–0.20), moderate (0.21–0.60), substantial (0.61–0.80),
and almost perfect (0.81–1.00).
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Figure 2. LULC of the central plains in 1991, 2005, and 2022.
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User’s accuracy (UA) and Producer’s accuracy (PA) were calculated for each class
and each year, enabling a detailed evaluation of classification performance, including for
underrepresented classes (Table 2). Following validation, classified raster datasets were
vectorized and exported to QGIS (v. 3.34.8, QGIS Development Team). Class areas were
then calculated to ensure a comparative analysis of landscape spatio-temporal dynamics.

Table 2. Assessment of the accuracy of the 1991, 2005, and 2022 image classifications.

Land Use Class
1991 2005 2022

UA (%) PA (%) K (%) UA (%) PA (%) K (%) UA (%) PA (%) K (%)

Dense forest 92.90 92.90

81.00

96.70 96.70

88.00

83.00 81.50

72.00

Gallery forest 90.50 90.5 95.50 95.50 76.20 78.00

Woodland 88.00 88.00 94.30 92.60 74.50 71.70

Shrub/tree savanna 85.10 87.00 92.00 93.90 69.40 69.40

Cropland/Fallow 88.90 87.30 94.70 93.10 75.00 72.40

Plantation 90.90 88.20 97.20 97.20 72.70 72.70

Built-up/Bare Land 90.30 93.30 97.00 100.00 71.00 78.60

Water Body 95.70 95.70 100.00 100.00 85.70 90

Overall accuracy (%) 86.20 91.00 80.00

UA = User’s accuracy, PA = Producer’s accuracy, K = Kappa coefficient.

Annual average rate of spatial expansion (Ta)
To assess LULC dynamics, the Annual Average Rate of Spatial Expansion (Ta) was

calculated based on the initial and final areas of each land cover class. This indicator
expresses the annual proportion of change affecting each land use unit over a given
period [54,55]. It is calculated using the following formula and has been applied by
several authors [56,57].

Ta =
lnS2 − lnS1

(t2 − t1)× lne
× 100

S1 and S2 are the areas of a landscape unit at date t1 and t2, respectively; t2 − t1 is
the number of years of evolution; ln is the natural logarithm, e is the base of the natural
logarithm (e = 2.71828)

Conversion rate (Tc)
The conversion rate of a land cover class (Tc) corresponds to the degree of transforma-

tion undergone by one class into other classes. Tc is the amount of change observed at the
level of a land use unit between the dates 1991−2005, 2005–2022, and 1991–2022 [58–61].
The results of the calculation of the rate of change in land cover will include either a minus
(−) or a plus (+) sign to indicate a regressive or a progressive dynamic, respectively [57,62].
Tc is obtained from the transition matrix following the formula:

Tc =
(S2 − S1)

S1
× 100

Deforestation rate
The annual rate of deforestation (R) was estimated using the formula below [63,64].

R =
1

t2 − t1
× ln

(
A2
A1

)
× 100

With t2 − t1, the time interval in which we want to calculate changes in land use. A1 and
A2 represent the sum of the proportion of land use in the initial and final year, respectively.

Level of anthropization
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To determine the level of anthropization in the central plains area, the ecological distur-
bance index (U) was used [55,65,66]. This index allows the level of ecological disturbance
to be assessed over 31 years. It corresponds to the ratio between the areas of anthropized
zones, such as fields, fallow land, bare soil, built-up areas, and plantations, and those of
natural or slightly transformed zones, such as dense forest, gallery forest, woodland, and
shrub/tree savanna [67,68].

The formula is therefore as follows:

U =
∑ Aa
∑ An

× 100

Aa represents the total area of anthropized land cover classes,
An represents the total area of natural or semi-natural land cover classes.

Prospective Modeling of Land Cover Dynamics for 2030 and 2050

The land cover prediction model we have utilized during the study for the 2030 and
2050 time horizons is the Land Change Modeler (LCM), delivered in IDRISI Selva 17.0
software [69,70]. The model is generated by analyzing past and present land cover dynam-
ics to predict future changes. Several factors affecting land cover change are integrated,
and these transitions can be modeled; the impacts of change on biological diversity can
be investigated, and the evolution of forest cover can be estimated for the future, taking
into account relative transition potentials [69,71]. Our modeling was based on review-
ing historical dynamics, generating transition probabilities, and a spatial allocation in a
consolidated approach. The first thing the analysis addressed was the spatiotemporal
evolution of land cover between 2005 and 2022, which was analyzed using a multi-criteria
evaluation (MCA). The identified independent variables (distance to roads, altitude, and
slope) were determined based on the literature, which has identified them as the primary
drivers of land cover change in tropical climates [72–74]. Distance to roads indicates the
accessibility and anthropogenic pressure on roads, which have increased agricultural areas
and built-up land [75,76]. Altitude affects biophysical features and accessibility, whereas
slope is a physical boundary that restricts change on mountain slopes [77–79]. A logistic
regression analysis was performed to establish the impact of these independent variables.
This regression demonstrates a positive impact from altitude (β = 0.0197) and distance to
roads (β = 2.14 × 10−4), whereas slope has a minimal impact. Moderate fit is demonstrated
for the model (Pseudo R2 = 0.0584), as is typical in rare transition modeling [80,81]. Tran-
sition probabilities were then projected from (i) the changes observed between 2005 and
2022, and (ii) transition matrices prepared to represent the forecasting for future scenarios.

The Markov chain model allowed modeling the temporal dynamics of land cover
systems based on class change probabilities [57,69,82]. The MLP’s performance was evalu-
ated based on the accuracy of its predictions of transition probabilities. The performance
of the logistic regression model was assessed using the chi-square test (χ2) to assess the
statistical significance of the relationships between the explanatory variables and the ob-
served transitions, and using the ROC curve to evaluate its discriminatory power. The
results indicate a statistically significant overall fit (χ2 = 59.50; df = 3), while the ROC value
(70%) reflects acceptable predictive performance. Transition probabilities were spatially
allocated and integrated into a multilayer perceptron (MLP) neural network, allowing
the combination of temporal dynamics and spatial constraints [32,83,84]. This model was
trained using a supervised learning approach, with the explanatory variables and observed
transitions as outputs, employing a two-hidden-layer architecture (10 and 5 neurons) opti-
mized via backpropagation with a sigmoid activation function. In this study, the future
projections follow a trend-based scenario (“Business As Usual,” BAU), which assumes the
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continuation of the dynamics observed between 2005 and 2022 in the absence of major new
economic or environmental policies [61,85]. Under this scenario, future changes in land
use follow past trends, in line with recent socio-economic dynamics such as population
growth and increased demand for agricultural land and energy resources. Demand for
cropland and wood energy follows trajectories similar to those during the reference period.
This widely used approach enables thethe projection of future land-use trajectories through
2030 and 2050 and provides decision-support information for the sustainable management
of forest landscapes.

3. Results
3.1. Land Use in the Central Plains of Togo in 1991, 2005, and 2022

The overall accuracy and Kappa index values indicate that classifications from Landsat
images in 1991, 2005, and 2022 are of good quality and reliable for analyzing land-use
dynamics (Table 2). They enabled distinguishing the main land-use classes in the central
plains (Figure 2).

The overall accuracy of land-use classifications decreased in 2022 (80%) compared to
1991 (86.2%) and especially to 2005 (91%), mainly due to the confusion between certain
classes, which was linked to the growing landscape heterogeneity. Class-specific accuracy
indicators remain generally satisfactory but also show a decline in 2022. Forest formations
exhibit a notable decrease, with high values in 1991 and 2005 (>90%) dropping in 2022
(dense forests: UA = 83%, PA = 81.5%; gallery forests: 76%–78%; woodlands: 72%–74%).
Savanna classes, cropland/fallow areas, plantations, built-up areas, and bare soils followed
a similar pattern, with accuracies generally ranging between 69% and 78% in 2022, owing
to their high heterogeneity and spectral proximity. In contrast, water bodies maintained
high accuracy across all periods (>85%, reaching up to 100%) owing to their stable and
well-differentiated spectral signatures.

3.2. Spatio-Temporal Dynamics of Land Use from 1991 to 2022

The spatio-temporal dynamics reveal the evolution of land use in the central plains.
In 1991, shrub/tree savanna dominated the landscape (6270.57 km2; 36.77%), followed
by woodland (4761.83 km2; 27.93%) and crops/fallow land (2792.13 km2; 16.37%). In
2005, shrub/tree savanna remained dominant (7047.43 km2; 41.33%), cropland/fallow land
increased (4557.55 km2; 26.73%), and forest formations declined (dense forest: 435.98 km2;
2.56%, woodland: 2433.56 km2; 14.27%). In 2022, shrub/tree savanna remained the domi-
nant class (6938.32 km2; 40.69%), followed by cropland/fallow land (4736.42 km2; 27.78%)
and rapidly expanding plantations (909.47 km2; 5.33%), while dense forests and gallery
forests continued to decline (Figure 3). These changes reflect gradual savannization and
growing human pressure of forest landscapes.

Analysis of average annual spatial expansion rates (Ta) and conversion rates (Tc)
between the periods 1991–2005, 2005–2022, and 1991–2022 reveals that, of the eight classes
identified, four have declined while the other four are expanding. Natural forest formations,
particularly dense forests (dense dry and semi-deciduous forests), gallery forests, and
woodland, show negative average annual rates over all the periods analyzed, reflecting a
persistent trend of decline. This trend is particularly marked for the woodland forests class,
which recorded an average annual rate (Ta) of −3.13% over the period 1991–2022 and a
cumulative conversion rate (Tc) of −62.06% (Table 3). The dense forest class also shows
a significant loss, with an overall conversion rate of –50.55%, confirming the continued
degradation of forest cover in the study area. Furthermore, anthropogenically dominated
classes are experiencing significant growth, particularly plantation, which has the highest
expansion rate (Ta = 4.40% over 1991–2022) and a very high cumulative conversion rate
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(+291.41%). This trend demonstrates a process of conversion or gradual degradation of
closed forest formations towards more open formations.

 

Figure 3. LULC trends in the Central Plains for 1991, 2005, and 2022.

Table 3. Changes in land use categories between 1991, 2005, and 2022.

LULC Class
Average Annual Rate of Space Expansion (%) Conversion Rate (%)

Nature
1991–2005 2005–2022 1991–2022 1991–2005 2005–2022 1991–2022

Df −3.12 −1.58 −2.27 −35.36 −23.50 −50.55 Regression
Gf −0.57 −0.11 −0.32 −7.70 −1.85 −9.40 Regression
W −4.79 −1.75 −3.13 −48.89 −25.76 −62.06 Regression

Sh/Sav 0.83 −0.09 0.33 12.39 −1.55 10.65 Progress
C/F 3.50 0.23 1.70 63.23 3.92 69.63 Progress

Bu/Bs 1.28 2.31 1.84 19.60 48.08 77.11 Progress
Pl 3.04 5.52 4.40 53.12 155.62 291.41 Progress

Wb −0.04 −0.05 −0.05 −0.59 −0.92 −1.51 Regression

Legend: Dense forest (Df), Gallery forest (Gf), Woodland (W), Shrub/tree savanna (Sh/Sav), Crop/fallow (C/F),
Built-up area/bare soil (Bu/Bs), Plantation (Pl), Water body (Wb).

Plantation classes and built-up/bare soil areas also show a trend of progression.
Crops/fallow land show a more contrasting trend, with a slight decline between 2005 and
2022, but an overall positive balance over the entire period, indicating spatial readjustments
linked to agricultural production systems.

Analysis of the land-use conversion matrix from 1991 to 2022 reveals significant
changes in the Central Plains (Table 4 and Figure 4). These changes mainly affect natural
formations. The dense forest class has lost a significant portion of its area to shrub/tree sa-
vannas (149.11 km2), crops/fallow land (119.15 km2), and plantations (21.94 km2). Similarly,
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woodland has been largely converted to shrub/tree savanna (1744.77 km2), crops/fallow
land (1162.14 km2), and plantations (202.57 km2).

Table 4. LULC conversion matrix for 1991–2022.

1991

LULC Class
(km2)

2022

Df Gf W Sh/Sav C/F Bu/Bs Pl Wb Total 1991

Df 290.31 22.27 62.95 149.11 119.15 8.90 21.94 0.00 674.63
Gf 11.64 1579.56 15.84 131.32 118.34 12.66 43.17 0.00 1912.53
W 12.38 64.00 1525.49 1744.77 1162.14 50.09 202.57 0.00 4761.44

Sh/Sav 14.04 45.51 169.07 4589.42 1101.48 64.15 284.28 0.00 6267.94
C/F 4.96 17.00 32.20 293.58 2200.96 81.98 161.33 0.00 2792.01

Bu/Bs 0.26 1.84 1.27 13.85 12.69 206.01 7.60 0.00 243.52
Pl 0.00 2.14 0.00 14.24 20.37 7.01 188.63 0.00 232.39

Wb 0.00 0.00 0.00 0.73 1.03 0.49 0.24 162.73 165.23
Total 2022 333.60 1732.31 1806.82 6937.03 4736.15 431.29 909.75 162.73 17,049.69

Legend: Dense forest (Df), Gallery forest (Gf), Woodland (W), Shrub/tree savanna (Sh/Sav), Crop/fallow (C/F),
Built-up area/bare soil (Bu/Bs), Plantation (Pl), Water body (Wb).

Figure 4. Sankey diagram illustrating LULC changes and transitions (1991–2022). Legend: Dense
forest (Df), Gallery forest (Gf), Woodland (W), Shrub/tree savannah (Sh/Sav), Crop/fallow (C/F),
Built-up area/bare soil (Bu/Bs), Plantation (Pl), and Water body (Wb).

The massive conversions to shrub/tree savanna, particularly from woodland (169.07 km2)
and gallery forest (131.32 km2), reflect a gradual degradation of natural formations. On the
other hand, plantations have expanded rapidly, mainly at the expense of shrub savanna
(284.28 km2) and crops/fallow land (161.33 km2). Built-up/bare land has also increased,
with 206.01 km2 coming from various categories, including fallow land and savannah.
These results confirm a growing trend towards anthropization and urbanization, marked
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by increased pressure on forest ecosystems and a shift in land use toward agriculture,
plantations, and built-up areas.

3.3. Ecological Disturbance of Forest Landscapes in the Central Plains of Togo

The results show that between 1991 and 2022, the average annual rate of deforestation
and degradation of natural formations (dense forests, gallery forests, woodlands, and
shrub/tree savanna) in the central plains of Togo was 0.75%, representing a loss of approxi-
mately 127.01 km2 per year. The deforestation and forest degradation trend is consistent
with the rate of anthropization. This is reflected by the ecological disturbance index, which
increased from 0.24 in 1991 to 0.45 in 2005 and 0.56 in 2022. This represents an overall
increase of more than 130% over the 31 years.

3.4. Land Cover Projections for 2030 and 2050

By 2030, shrub/tree savanna areas will remain the dominant land cover type, account-
ing for 40.47% of the total area, with no significant change compared to the reference year
2022. This is followed by crop/fallow areas, which will see a slight increase to 28.40%.
On the other hand, gallery forest and woodland cover will decrease to 9.68% and 9.15%,
respectively (Table 5). Plantations will see a notable increase, reaching 6.65%. By 2050,
shrub/tree savanna areas will remain the dominant class, decreasing slightly to 39.01%.
Meanwhile, crops/fallow land and plantations will continue to expand, reaching 28.77%
and 9.31% respectively. Gallery forests will see a slight recovery to 9.69%, while woodlands
will experience a sharp decline to 7.45% (Figures 5 and 6).

 

Figure 5. Projected land use of the central plains of Togo in 2030 and 2050.
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Figure 6. Simulated land cover of the central plains of Togo by 2030 and 2050.
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These changes are reflected by the analysis of the average annual spatial expansion
rates (Ta) and conversion rates (Tc) for 2030 and 2050. The results indicate a strong increase
in plantation areas (Tc = +74.47%), accompanied by the expansion of croplands and built-
up areas. In contrast, natural formations, particularly woodland, are projected to lose
approximately 30% of their area (Table 5). In addition, the 2030 and 2050 projections reveal
a predominance of stable areas, covering 14,674.92 km2, or 86.11% of the total area (Figure 7).
These are mainly composed of shrub/tree savannah and water bodies. Areas in decline
(losses) account for 722.58 km2 (4.24%), primarily affecting woodland. Conversely, areas of
projected gain extend over 1644.56 km2 (9.65%) and primarily comprise plantations and
cropland/fallow areas.

Figure 7. LULC Change Detection Map between 2030 and 2050.
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Table 5. Projected land cover changes in the Central Plains for 2030 and 2050.

LULC
Class

2022 2030 2050 Ta (%) Tc (%)

Area
(km2)

Area
(km2)

Share of
LULC (%)

Area
(km2)

Share of
LULC (%) 2022–2030 2022–2050 2022–2030 2022–2050

Df 333.54 341.06 2.00 340.00 1.99 0.28 0.07 2.26 1.94
Gf 1731.76 1650.00 9.68 1653.00 9.69 −0.60 −0.17 −4.72 −4.55
W 1806.61 1560.15 9.15 1270.79 7.45 −1.83 −1.26 −13.64 −29.66

Sh/Sav 6938.32 6900.07 40.47 6651.80 39.01 −0.07 −0.15 −0.55 −4.13
C/F 4736.42 4842.01 28.40 4904.83 28.77 0.28 0.12 2.23 3.56

Bu/Bs 431.21 457.97 2.69 458.27 2.69 0.75 0.22 6.21 6.28
Pl 909.47 1134.13 6.65 1586.72 9.31 2.76 1.99 24.7 74.47

Wb 162.74 165.00 0.97 165.00 0.97 0.17 0.05 1.39 1.39

Legend: Average annual rate of spatial expansion (Ta) Conversion rate (Tc), Dense Forest (Df), Gallery Forest (Gf),
Woodland (W), Shrub/tree savannah (Sh/Sav), Crop/fallow (C/F), Built-up area/bare soil (Bu/Bs), Plantation
(Pl) and Water body (Wb).

4. Discussion
4.1. Patterns of Forest Degradation and Land Cover Transformation

The results of this study reveal a gradual yet profound transformation of the for-
est landscapes of Togo’s central plains over the past three decades. In line with land-
use analysis approaches, this study goes beyond quantifying changes to also elucidate
the complex interactions between biophysical processes, ecological dynamics, and socio-
economic factors shaping landscape evolution [86].

The spatio-temporal analysis reveals a trajectory dominated by the continuous de-
cline of natural formations in favor of more open vegetation types and anthropogenic
land uses. The marked regression of dense forests (−50.55%) and woodlands (−62.06%)
observed in the study area is consistent with trends documented in other Sudanian and
Guinean landscapes, particularly in northern Benin [68] and across several West African
regions [59,87–90]. These patterns confirm a broader regional dynamic of vegetation degra-
dation largely driven by agricultural expansion and demographic pressure [91–93].

The conversion of dense forests and woodlands into shrub/tree savannas reflects a
gradual, cumulative, and non-linear degradation process rather than abrupt deforestation,
aligning with observations reported in other West African contexts [93,94]. The high
vulnerability of woodland plays a central role in this dynamic. Their intermediate ecological
position between closed forest formations and agricultural lands makes them particularly
susceptible to successive disturbances and conversions. Frequent transitions towards shrub
savannas, which exhibit the highest expansion rates, suggest progressive degradation in
which these open formations represent transitional states rather than stable ecological
systems [67,95]. However, the present study does not explicitly incorporate time-series-
derived fragmentation metrics (patch density, edge density), which limits the ability to
confirm the transitional nature of these formations, despite their recognized importance in
recent landscape ecology research [96,97].

These structural landscape transformations also present methodological challenges
for the accurate understanding of land cover and land use change. The reduction in overall
classification accuracy observed in 2022 (80.0%) compared to previous years (86.2% in 1991
and 91.0% in 2005) reflects the increasing complexity of the landscape under anthropogenic
pressure. This decrease in performance is primarily explained by confusion among land
cover classes, particularly between woodland, tree/shrub savanna, cropland/fallow, and
plantations, owing to their high spectral similarity [98,99]. Increasing landscape heterogene-
ity also reduces classification performance [100–102], directly impacting biodiversity and
ecosystem functioning [103]. Despite these uncertainties, classification accuracy remains
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acceptable for analysis at the scale of our study area and does not compromise the major
land cover change trends identified here.

These results support the hypothesis of nonlinear landscape trajectories in tropical
landscape ecology, whereby incremental changes may push ecosystems beyond critical
thresholds that are difficult to reverse [67]. The increase in the ecological disturbance index
from 0.24 in 1991 to 0.56 in 2022 reflects not only a reduction in natural areas but also
intensifying fragmentation and anthropogenic heterogeneity within the landscape. Similar
dynamics have been widely documented in regional studies conducted in Benin [104],
Mali [87], the Democratic Republic of Congo [105], and Côte d’Ivoire [106], all of which
highlight the growing influence of anthropization on forest landscape structure. Such
fragmentation compromises functional connectivity between forest remnants, limiting
biological flows, species dispersal, and natural regeneration processes [107,108]. In the
central plains, gallery forests, although spatially limited, play a major ecological role
as biological corridors and hydrological regulators. Their decline signals accelerated
biodiversity loss and increasing instability of ecosystem services [109,110].

The expansion of cropland and plantations reflects intensifying agriculture and eco-
nomic dependence on land-based production systems. While contributing to short-term
livelihood security, this expansion often accelerates soil fertility loss, biomass depletion,
and long-term land degradation when sustainable management practices are lacking [74].
The observed land cover transitions, therefore, illustrate the combined pressures of demo-
graphic growth and market-oriented agriculture, which progressively transform multifunc-
tional forest–savanna mosaics into simplified agro-production systems. These findings
are consistent with the forest transition framework, which suggests that the early stages
of economic development are typically accompanied by rapid forest decline, followed
by potential stabilization under improved governance and land-use regulation [111,112].
However, in the absence of proactive restoration policies and effective land-use planning,
the continuation of current trends points toward increasing ecological homogenization and
further loss of ecosystem services. Beyond biophysical processes, these landscape changes
are strongly influenced by socio-economic drivers.

4.2. Anthropization of the Landscape and Socio-Economic Pressures

The transformation of forest landscapes in the central plains is also characterized
by a significant increase in human impact. Built-up areas, bare land, croplands, fallow
areas, and plantations are expanding rapidly. This reflects growing pressure on natural
ecosystems. It also indicates a shift in how landscapes function and are used for production.
Cropland and fallow areas are increasing overall, despite some fluctuations. These results
corroborate numerous diachronic studies in Togo and West Africa reporting continuous
decline of forest and savanna formations in favor of agricultural land, bare areas, urban
zones, and plantations [34,113–115]

The drivers of these changes are both socio-economic and biophysical. The expan-
sion of extensive agriculture, particularly the establishment of new soybean and maize
fields, growing demand for arable land, fuelwood and charcoal production, recurrent
vegetation fires, and urban expansion constitute the principal factors behind forest and
savanna degradation [61,116,117]. This agricultural expansion, largely driven by food and
economic needs associated with population growth, accelerates the direct conversion of
natural formations and contributes to the estimated annual deforestation rate of 0.75% and
the rise in the anthropization index [118]. Additionally, artisanal extraction of sand, gravel,
and gold, especially gold panning, is a significant source of degradation, particularly along
rivers and in gallery forests, where it leads to the destruction of riparian vegetation and
destabilization of riverbanks [119]. These anthropogenic pressures are exacerbated by
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biophysical constraints, including the fragility of ferruginous and ferralitic soils, interan-
nual variability in rainfall, and increased susceptibility to water erosion, which amplify
degradation processes in already disturbed areas [120].

In the Guinean and Sudanian zones, shifting cultivation, shortened fallow cycles, and
the expansion of permanent cropping systems progressively reduce vegetation cover and
soil regenerative capacity [121]. The patterns observed in the central plains are aligned
with this intensification trend. They are particularly reflected in the conversion of natural
formations such as wooded savannas, open forests, and gallery forests into cropland, as
well as in the gradual transformation of traditional agro-ecological mosaics, including
fallow land and shrub savannas, into more permanent, spatially extensive agricultural
systems. Market integration and the development of cash crops further reinforce land
conversion processes. The expansion of plantations, particularly teak and cashew, reflects a
growing orientation toward commercial production. Although plantations can contribute
to economic growth and employment, they often simplify vegetation structure and reduce
biodiversity compared with natural or semi-natural formations [122].

Energy demand constitutes another major pressure factor. In many rural areas of
Togo, wood biomass remains the primary source of household energy. The exploitation of
wood energy, through fuelwood collection and charcoal production, leads to a progressive
reduction in canopy density and promotes the degradation of forest ecosystems, particularly
in areas close to human settlements and transportation corridors. Similar patterns have
been documented in northern Ghana and Burkina Faso, where wood extraction for energy
plays a significant role in forest structure simplification [123]. These pressures do not
necessarily result in immediate large-scale deforestation but instead generate cumulative
structural degradation that gradually shifts ecosystems toward shrub-dominated states.

Apart from the pressures associated with timber harvesting, infrastructure devel-
opment, and improved spatial accessibility are key factors influencing the dynamics of
anthropization. According to land system theory, enhanced accessibility through roads and
market linkages reduces transportation costs and stimulates agricultural expansion [124].
Even moderate improvements in rural infrastructure can trigger substantial landscape
transformations, particularly in contexts where land tenure systems are weakly regulated.
In the central plains, the expansion of built-up areas likely acts as a catalyst for intensified
resource extraction, thereby accelerating fragmentation in adjacent forest patches. Insti-
tutional and governance factors also play a decisive role in shaping these dynamics. In
particular, inadequate enforcement of land-use regulations, limited monitoring capacity,
and the coexistence of customary and legal systems can contribute to uncontrolled land-use
expansion [72]. Under such conditions, land conversion often occurs incrementally and
diffusely, resulting in a mosaic of anthropogenic land uses interspersed with remnant natu-
ral formations. The increasing ecological disturbance index thus reflects not only physical
land cover change but also governance shortcomings in sustainable land management.

Although anthropization can enhance livelihoods and food security, its ecological
consequences become problematic when expansion occurs without appropriate safeguards.
Unregulated land conversion leads to landscape homogenization, reduced provision of
ecosystem services, and increased vulnerability to climate variability [125]. In forest–
savanna transition zones such as the central plains, excessive land conversion may reduce
carbon stocks, alter hydrological regimes, and intensify soil erosion, thereby undermining
long-term socio-economic resilience. The observed trajectory suggests that the study area is
undergoing a transition from a semi-natural mosaic to a predominantly human-dominated
agro-production matrix. Without integrated land-use planning and restoration measures,
continued anthropization may push the system beyond recovery thresholds towards ecolog-
ical simplification. To mitigate irreversible damage, these results suggest integrating FLR
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strategies within broader territorial development frameworks that reconcile agricultural
productivity, biodiversity conservation, land degradation neutrality, and climate change
adaptation objectives [126]. These observed trends have important implications for future
land management and restoration strategies.

4.3. Forward-Looking Implications for Sustainable Forest Landscape Restoration

The prospective modeling results for 2030–2050 under the BAU scenario indicate a
continued decline in natural forests, further expansion of cropland and plantations, and
progressive structural simplification of the landscape. These findings are consistent with
other prospective studies conducted in Togo [14,61,127] and across West Africa [31,128],
illustrating the utility of spatial modeling tools for anticipating land-use changes in regions
under high anthropogenic pressure. However, the observed increase in plantations, often
interpreted as a positive indicator of restoration, should be considered cautiously. The
predominance of fast-growing exotic species such as Anacardium occidentale, Gmelina ar-
borea, and Tectona grandis limits long-term ecological benefits in terms of biodiversity, soil
fertility, and overall ecosystem resilience. If these trajectories persist, the central plains risk
transitioning toward a largely anthropogenic agro-production matrix with reduced ecologi-
cal resilience and diminished ecosystem services provision, underscoring the urgency of
integrating forward-looking spatial planning into sustainable development strategies.

The study also highlights limitations in current restoration practices, which frequently
overlook spatial for spatial heterogeneity and varying degrees of landscape degradation.
Such an approach compromises both the sustainability and effectiveness of restoration
efforts [129,130]. Incorporating spatio-temporal landscape change into restoration strategies
is therefore essential to better define sustainable management and intervention options.
The use of degradation maps, spatial analysis tools, and prospective scenarios allows for
improved prioritization of intervention areas, adaptation of restoration techniques to local
contexts, and strengthening of ecological connectivity, which is crucial for maintaining
ecological resilience, biodiversity, and ecosystem services over the long term [131–134].

FLR offers a strategic framework that reconciles ecological recovery with socio-
economic development. Unlike conventional reforestation approaches focused solely
on tree planting, FLR emphasizes the restoration of ecological functionality at the land-
scape scale while enhancing human well-being [5,130]. However, implementing forest
landscape restoration (FLR) often involves trade-offs between carbon sequestration goals
and biodiversity conservation outcomes, particularly in plantation-based approaches. The
expansion of such plantations highlights significant ecological trade-offs, with direct im-
plications for forest landscape restoration [135,136]. Although plantations contribute to
carbon sequestration, they may, in certain contexts, compromise biodiversity, particularly
when they rely on monocultures or exotic species [122,129,137]. Furthermore, the spatial
and functional priorities of carbon do not necessarily align with those of biodiversity,
meaning that strategies focused exclusively on carbon can lead to significant biodiversity
losses [138,139]. This tension underscores the need to explicitly address trade-offs through
integrated, context-specific approaches that balance climate goals with the preservation of
ecological integrity within the framework of forest land restoration strategies [140]. In the
central plains, restoration should prioritize connectivity between remnant forest patches,
protection and rehabilitation of gallery forests, and the promotion of agroforestry systems
that integrate production with ecological functions. The projections further emphasize the
need for spatially explicit land-use governance. Prospective modeling provides decision-
makers with anticipatory tools to identify high-risk areas and prioritize intervention. Inte-
grating these modeling outputs into territorial planning instruments, including regional
development plans and land-use zoning frameworks, can support evidence-based policy
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formulation [124]. Without proactive governance, continued expansion of cropland and
plantations may reduce restoration opportunities and increase long-term restoration costs.

Although the analytical framework is robust and the findings are relevant, the use of
higher-resolution imagery would significantly improve land use and land cover (LULC)
classification accuracy by reducing attribution errors and more finely representing land-
scape heterogeneity [141]. Furthermore, the projection model used relies on a limited
number of explanatory variables (distance to roads, elevation, and slope), which limits its
ability to explicitly incorporate other key factors such as wildfires, logging, socio-economic
pressures, or the effects of climate change factors recognized as major drivers of land-use
changes [72,73,142]. Furthermore, the adopted “business-as-usual” scenario assumes past
trends will continue, which may not reflect potential disruptions arising from public poli-
cies, economic transformations, or global environmental dynamics. From this perspective, a
more robust approach would involve integrating spatially explicit socio-economic data and
alternative scenarios, particularly the Shared Socio-economic Pathways (SSPs), to better
represent uncertainties and explore a range of possible futures [143].

5. Conclusions
In a context marked by intensifying global change, this study highlights the impor-

tance of analyzing landscape evolution trajectories to support sustainable FLR strategies.
The combined use of remote sensing and spatial modeling tools reveals a rapid and pro-
found transformation of the forest landscapes of Togo’s central plains between 1991 and
2022. This dynamic is characterized by a marked decline in natural formations, especially
woodlands and gallery forests, in favor of anthropogenic land covers, including agricul-
tural areas, plantations, and built-up zones. The results revealed increased landscape
fragmentation, reduced ecological connectivity, and heightened vulnerability of forest
ecosystems, thereby compromising their capacity to sustainably provide essential ecosys-
tem services. Projections for 2030 and 2050 indicate that, without a significant reversal
of current trends, these degradation processes will continue to permanently affect the
ecological resilience of landscapes and the livelihoods of local communities. These findings
confirm that land-use changes must be understood as complex, nonlinear processes closely
intertwined with interactions among socioeconomic dynamics, biophysical constraints,
and territorial governance arrangements. These results provide a valuable foundation for
public policymakers, NGOs, and the scientific community involved in natural resource
management, particularly in land-use planning and forest cover monitoring. In light of
these results, five strategic directions appear essential for enhancing the effectiveness of
land management and forest landscape restoration policies, namely: the systematic integra-
tion of the spatiotemporal dynamics of land use into spatial planning through the regular
use of remote sensing, predictive modeling, and degradation mapping; the implementation
of differentiated restoration strategies, adapted to local ecological contexts and levels of
degradation; the promotion of diversified restoration approaches favoring local species and
mixed agroforestry systems rather than monospecific plantations of exotic species; strength-
ening ecological connectivity through the protection and restoration of gallery forests, as
well as the establishment of ecological corridors to limit landscape fragmentation; and
improving land governance by strengthening the involvement of local communities while
developing sustainable energy alternatives to reduce pressure on forest resources. The
consistent implementation of these guidelines would help slow the degradation of forest
landscapes and strengthen countries’ commitments to land restoration, climate change
adaptation, and sustainable development.
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