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The rapid increase in population and urban development are exacerbating the transformation of
natural environments into unnatural forms. While detailed assessment of the environment is
beneficial for efficient ecosystem system management, it can also be time and resources-
consuming. This study aimed to map and quantify the spatio-temporal changes in land use and
land cover (LULC) using the Ouémé River Basin as a case study. The supervised classification in
Google Earth Engine (GEE) cloud-computing platform was employed to distinguish Landsat im-
ages for 1986, 2000, 2015 and 2023 into forest areas, settlements/bare lands, savanna areas
(woodlands), agricultural lands and water bodies. Analysis of the LULC changes revealed that
savanna areas and woodlands which were predominant in the basin in 1986 have steadily
declined by 24 % in area in 2023. Forest areas have diminished by 4.3 % at an annual rate of 4 %.
Agricultural lands have however grown exponentially by 28 % since 1986, with a more rapid
increase between 2015 and 2023 at an annual rate of 3.7 %, driven by rising food demand due to
population growth within and around the basin. Settlements and bare areas tripled in area,
reflecting a similar trend to Benin’s urban population growth. Accuracy statistics of the LULC
classification showed overall accuracy and kappa statistic values above 90 % and 86 %, respec-
tively, indicating the admirable performance and reliability of the Simple Composite Landsat
algorithm for image composition, and the Random Forest Classifier for LULC classification
approach applied in this study. The approach also demonstrates the robustness and potential of
LULC mapping in large and complex ecosystems using the GEE cloud-based remote sensing tool,
which is underutilized in the study area. Overall, the LULC trends provide beneficial insights
useful to policy-makers and any other stakeholders involved in sustainable ecosystem manage-
ment planning in the basin.
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Introduction

The rapid population growth and urban development are increasing the demand for water and food [1]. These factors have led to
significant increase in the conversion of naturally vegetated areas into croplands to meet the growing population food supply,
impacting overall ecosystem health. Land use and land cover (LULC) changes contribute to altering precipitation and temperature
patterns within regions [2-4]. These changes affect the ability of ecosystems to provide essential services including food and water.
Agriculture is crucial to West Africa’s economic growth, employing more than 60 % of the workforce and contributing 26.9 % to
Benin’s GDP [5]. However, freshwater availability is limited spatially and temporally, impacting its use for domestic, agricultural and
industrial purposes [6].

Approximately 80 % of Benin’s population, totaling over 13 million people, rely on agriculture, primarily subsistence farming
under rain-fed conditions. In 2014, more than 60 % of the population were reported to have had access to potable water [7]. The same
report of the institute added that there is limited information on the differences in accessibility or availability of water resources in the
landscape. Ecosystem processes, such as carbon and hydrological cycles and climate change, are complex to understand and predict.
Nevertheless, continuous monitoring provides valuable insights for sustainable management. For instance, it can support efforts to
improve the implementation of integrated water resources management to achieve SDG Target 6.5 (by 2030, implement integrated
water resources management at all levels, including through transboundary cooperation as appropriate) which lags globally [8].

Mapping changes in LULC plays a vital role in assessing environmental transformations. It helps identify shifts in vegetation types
and provides insight into spatio-temporal changes in regional hydrology [9]. Such mapping is crucial for achieving SDG target 15.1,
which aims to ensure the conservation, restoration and sustainable use of terrestrial and inland freshwater ecosystems and their
services, including forests, wetlands, mountains and drylands by 2020, in line with obligations under international agreements.

Today, the inaccessibility of certain areas of interest and the need for rapid results to inform decision-making have prompted the
utilization of Geographic Information Systems (GIS) and Remote Sensing applications. These complement field measurements by
providing additional environmental data. When combined with modeling tools, they enhance the visualization, manipulation and
interpretation of data across different spatial and temporal scales. Cloud-based remote sensing platforms, such as the Google Earth
Engine (GEE), facilitate the analysis of large data sets and extensive geographical areas efficiently. GEE hosts a diverse range of satellite
datasets at various resolutions, facilitating studies on environmental change.

Images obtained from remotely sensed sources, such as satellites, over time, offer valuable insight into changes in LULC [10]. This
information can be used to assess the impact of LULC on ecosystem processes and its ability to provide essential services.

The Ouémé region has been extensively studied for its environmental changes, with international initiatives such as IMPETUS (An
Integrate Approach to the Efficient Management of Scarce Water Resources in West Africa) and the RIVERTWIN projects contributing
significant insights. Through the IMPETUS project, Hiepe [11] utilized the Soil and Water Assessment Tool (SWAT) with Landsat
imagery to model soil degradation in the upper Ouémé River Basin. Results revealed that the north-western, eastern, and north-eastern
areas are soil erosion hotspots due to rapid agricultural expansion driven by high population growth.

The RIVERTWIN project produced the 2003 land cover map of the Ouémé River Basin which has been instrumental in LULC change
studies across various subbasins [12,13]. Bodjrénou et al. [14] evaluated LULC change in the basin using the US Geological Survey
(USGS) West African Land Cover Times Series for 1975, 2000 and 2013, revealing a trend of agricultural intensification.

Osseni et al. [9] assessed the changes in vegetation cover in the Ouémé Delta, south of the Ouémé River Bonou outlet, noting
extensive fragmentation and replacement of natural vegetation by agricultural lands and road networks due to population growth and
urbanization. Additionally, according to Hounkpe et al. [15], municipalities within the Ouémé River Basin face increasing vulnera-
bility to climate change unless adequate adaptive measures are implemented.

These studies, alongside initiatives like the Food and Agriculture Organization (FAO) Ouémé River Basin Climate-Resilience
Initiative (OCRI) Benin for improved food productivity, underscore the Ouémé River Basin’s critical role in the country’s food se-
curity and ecosystem sustainability. However, increased anthropogenic influences disrupt the environment’s natural replenishment
processes, leading to heightened risks of droughts and floods. Mapping changes LULC becomes challenging due to the large spatial size
of images, especially fine resolution ones. They often require lengthy download and processing times and occupy significant storage
space, particularly when working with extensive areas. The GEE cloud-based remote sensing tool offers an interactive platform for
accessing diverse satellite data and conducting LULC classification, accuracy assessments and change detection. It enables secure
storage of data and projects, with easy access to previous projects through retrieval links. This is particularly beneficial for the Ouémé
River basin which lacks sufficient information on historical LULC dynamics, a gap this study aims to fill.

While other tools have been used to assess LULC change in the area, further research is needed to explore robust technologies like
cloud computing technology and machine learning, which remain underutilized. The study delves into utilization of the Simple
Composite Landsat algorithm for compositing time series Landsat images within Google Earth Engine. Although this approach is
relatively uncommon in LULC classification assessments, it holds promise for advancing remote sensing methodologies. Streamlining
the management and analysis of environmental datasets is crucial for achieving sustainable use of terrestrial ecosystems and their
services, as by SDG target 15.1.

Therefore, this study aims to evaluate LULC change within the Ouémé River Basin leveraging GIS and cloud-based remote sensing
tools. The specific objectives include (i) mapping spatio-temporal changes in LULC types, (ii) assessing classification accuracy, and (iii)
quantifying the extent and rate of LULC change. The study utilizes the Simple Composite Landsat algorithm for image composition and
the Random Forest Classifier within Google Earth Engine, a machine learning tool for supervised classification of LULC. The findings
will provide valuable insights into environmental dynamics in the Ouémé River Basin, aiding stakeholders in making informed de-
cisions for sustainable management decisions.
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Study area and data sources
The Ouémé River Basin

The study area is the Ouémé River basin (Bonou), which is located between latitudes 6° 30’ N and 10° 00’ N, and longitudes 0° 52' E
and 3° 05’ E. Its surface area is about 50,000 km? with 89 % in Benin, and 10 % and 1 % in Nigeria and Togo respectively. It covers
about 43 % of Benin [14], which makes the basin an important land resource for both water and agriculture in the country. The Ouémé
River Basin lies in the transition between the northern and southern parts of Benin and has three different zones according to the
differences in weather variables such as rainfall and temperature.

The northern part of the basin has a unimodal rainfall regime with single rainy and dry seasons, while the southern part has bimodal
rainfall regime with two rainy and dry seasons where the dry season is shorter than the northern part. The average rainfall of the basin
is about 1050 mm, and temperature values range from 25 °C to 30 °C [1]. It is bounded above by the Atakora Mountains, and forms a
large Delta in the South at Cotonou, and discharges into the Gulf of Guinea at an average rate of 170 m3/s. According to the Koppen
climate classification, the Ouémé River Basin falls in the Tropical Savanna climate zone [16]. Its largest tributaries are the Okpara
River on the left and the Zou River on the right sides (Fig. 1). The soil of the region is mainly ferralitic, highly weathered, rich in
sesquioxide and mostly kaolinitic, with some changes in texture within the soil profile [17].

Data sources

Land use and land cover data were obtained based on considerations of data quality, accessibility, and the need for substantive
information on LULC changes. Four Landsat Tier 1 scenes of land use/cover for the entire basin were acquired for the dry season in the
years 1986, 2000, 2015 and 2023 (Table 1). All images were selected from 1st January and 31th March, and extended to 30th April
where image quality was insufficient. Images captured during the dry season exhibit lower percentages of cloud cover compared
during the rainy season. A high percentage of clouds in an image obscures the level of detail needed to achieve high accuracy values in
classification. Therefore, images with lower cloud cover are recommended to improve classification accuracy in GEE.

The GEE cloud computing database facilitates faster analyses through cloud processing and integrates various datasets at varying
resolutions, which are updated and expanded daily. For large basins like the Ouémé River Basin, GEE provides a fast and straight-
forward means of assessing land use and cover changes that have occurred within the basin for the past 38 years [18].
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Fig. 1. Elevation Map of the Ouémé River Basin (m) showing locations of rainfall and discharge measuring stations.
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Table 1

Satellite data used for LULC classification.
Year LULC data used Resolution Number of images available
1986 Landsat 5 TM 30 m 27
2000 Landsat 7 ETM+ 30m 23
2015 Landsat 8 OLI/TIRS 30m 55
2023 Landsat 8 OLI/TIRS 30 m 57

Methods

Data composition

Image composition is a crucial aspect of assessing time series LULC data. In this study, we employed the ‘Simple-Composite Landsat
algorithm’ available in the GEE interface (https://developers.google.com/earth-engine/guides/landsat). This algorithm utilizes
radiometrically and geometrically processed Tier 1 scenes of the images by selecting a subset from each location and converting them
to Top of Atmosphere (TOA) reflectance. It selects the lowest possible range of cloud and shadow scores at each point and, using the
Simple Landsat Cloud Score algorithm, calculates the median of the least cloudy pixels [19]. TOA reflectance for Landsat 5 TM /7
ETM+ and Landsat 8 OLI/TIRS is calculated using Eq. (1) [20] and Eq. (2) [21] respectively. This correction accounts for atmospheric
effects, and differences in solar zenith angles and Earth-sun distance between different data acquisition dates and sensors.

This innovative algorithm in GEE for compositing Landsat images preserves spectral and spatial fidelity, and is crucial in LULC
change detection, particularly challenging when using surface reflectance (SR) images due to data gaps created during cloud-masking.
While this algorithm has been understudied, it has proven to enhance effective compositing of Landsat images and yield high mapping
accuracy values [22,23].

ﬂ'L;dz
=" 1
P ESUN, cosf; @
M;)Qcal +A(J
— 2
Pi= " sin(0y) 2
where;

p, = Planetary TOA reflectance [unitless]

# = Mathematical constant equal to approximately 3.14159 [unitless]
L, = Spectral radiance at the sensor’s aperture [W /(m? sr ym)]
ESUN, = Mean exoatmospheric solar irradiance [W /(m? ym)]

0; = Solar zenith angle [degrees]

M, = Band-specific multiplicative rescaling factor from the metadata
Qca = Quantized and calibrated standard product pixel values (DN)
A, = Band-specifc additive rescaling factor from the metadata

Therefore, the code for input in GEE for image composition requires;

Image Collection to be used (e.g., Landsat 5 TM Tier 1 scenes)
Region of interest (roi) which is a shapefile of the study area
period of interest (e.g., 1986-01-01 to 1986-03-31)

select input bands of interest

LULC classification

Stratified random sampling technique was employed to select training samples by polygons, where random sampling was inde-
pendently performed for each land-cover type according to the proportion of the Landsat image covered by the type, as recommended
for land use classification [24]. These training samples were collected from Google Earth Pro, field visit and GEE base maps, following
the good practices for assessing land use change outlined by Olofsson et al. [24]. Ground-truth points and polygons were initially
collected for the current year, 2023, through field visits to the study area and the high-resolution satellite layer of Google Maps using
Google Earth Pro interface. The ‘historical imagery’ tool in Google Earth Pro allowed visualization of Google Maps from historical
years, aiding collecting reference data for 1986, 2000 and 2015. To collect training data, the reference data was imported into GEE and
superimposed as a shapefile on the Landsat composite images. The training data was generated based on the LULC types using the
spectral indices and visual interpretation of the land features.

A total of 1471 training/validation polygons were randomly generated throughout the basin in GEE for the four years, with 70 %
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allocated for training and 30 % for testing of the classification method. Polygons were used instead of points to enable uniform
collection of more pixel information on LULC types considering the large size of the basin. The variable ‘count’ was applied to the
algorithm to determine the number of images sampled for compositing in each year (refer to Table 1S in the supplementary material).
To ensure higher accuracy of classification of features in the raster images, auxiliary variables including the Normalized Difference
Vegetation Index and Bare Soil Index were computed for the composite images of each time step and added to the image band set [19,
25].

Five LULC classes were considered for the study, based on the FAO West African LAND Cover Reference System [26], as described
in Table 2. A supervised classification was performed using the Random Forest classification algorithm embedded in GEE to group the
land features of each of the Landsat composited images into the five different LULC classes. The ecosystem within the Ouémé River
Basin consists mostly of a mixture of LULC types per area, where settlement areas are interspersed with farmlands, trees, plantations,
and business centers, making it complex to map. One advantage of the Random Forest Classifier is its ability to handle high-dimension
data with complex interactions between variables, although it is sensitive to errors in the input data [27]. Moreover, it has been proven
to yield higher accuracy in land cover mapping and projections in Africa and many other parts of the world [23]. Furthermore,
handling a large area like the Ouémé River Basin is robust in GEE, and provides a wide variety of satellite data and faster data
visualization and analysis. The classification step therefore requires;

e a composited image

e feature collection containing training/validation polygons collected for each LULC class and given the same property name and
specify percentage for training and validation.

the output bands of interest (e.g., Landsat 5 bands, NDVI, BSI)

extract confusion matrices of the training and validation

Output folder to export classified map (e.g., google drive).

Acc uracy assessment

The cross-tabulation matrix (error matrix) of the validation sample in pixels extracted from GEE was utilized for the accuracy
assessment computations. The accuracy of the LULC classification for the four maps was evaluated using summary statistics such as the
overall accuracy (OA), producer accuracy (PA), user accuracy (UA), and kappa statistic. Values of overall accuracy and kappa statistic
above 85 % and 80 % respectively, are considered indicative of strong to almost perfect agreement between the reference and pre-
dicted classification categories [28]. Additionally, area-based statistics, recommended to address uncertainties and biases in the
classification process, were conducted. Accuracy was determined at the category scale (per each LULC class) and for the overall
classified image. The confusion matrix was converted into an area-based matrix representing the entire study area to compute unbiased
area-based summary statistics of the classified image using Card’s equations [24,29]. This method involves calculating the area
proportion of the predicted map (ratio of area of a category to total area of basin), based on which the area-based summary statistics
are recalculated. These statistics include the percentages of omission and commission errors quantified by the user and producer
accuracies, respectively, standard error of area estimates, and corrected area estimates with 95 % confidence to account for
uncertainty.

This approach, recommended in recent times in addition to the kappa value, enables assessment of classified maps based on the
area proportions of the categories reduces biases that could arise from the sampling method [24]. Two indices were used to express the
sum of omission and commission errors, namely, quantity disagreement and allocation disagreement. Quantity disagreement repre-
sents the difference between the classified map and validation data due to imperfections in the proportions of the categories, calculated
as the difference between omission and commission errors (sum of proportion of the category in the classified map minus sum of
proportion of the category in the reference from the error matrix). Allocation disagreement is the differences arising from mismatches
in the spatial locations of the categories, expressed as the sum of exchange (pairwise) and shift (non-pairwise) confusion between
categories [10,29].

Change detection

The Land Cover Change post-classification tool within the Semi-Automatic Classification plugin (SCP) in the QGIS interface was
utilized to analyze LULC change between the classified images. This process generates a change map (Fig. 3) illustrating the differences
in LULC between two maps and produces a change matrix indicating the persistence or transformation of LULC classes into other

Table 2
Description of land use/cover classes in the Ouémé River Basin.
LULC Type Description
Forest areas Areas with dense trees (including riparian forests) mostly classified forests
Settlements/Bare lands Cities, roads, bare (cleared) areas, towns
Savanna areas (Woodlands) Areas with sparse trees interspersed with grass, shrubs, bushes
Agricultural lands Croplands, plantations, fallow lands
Water bodies Rivers, lakes, wetlands and areas covered with water for all or most part of the year.
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classes. The magnitude of change between years (absolute change), relative change (%) and annual rate of change (%) were then
computed from the change matrix (refer supplementary material for details) using the equations below ([28]). Maps were created
using ArcGIS and QGIS software.

Absolute change, AC = A, — A; (km?) 3)
A, — A
Relative Change, RC = % (%) (©)]
1
1
_ (A2\=n ()
Rate of Change,q = I —1(%/y) 5)
1

where A, A; are areas of LULC classes at final and initial years, and t,, t;are their respective years.
Results
Spatio-temporal changes in LULC types

The results of the LULC Change assessment of the four classified maps revealed that the Ouémé River Basin was originally covered
with savanna areas and woodlands in its major parts (Fig. 2). These land units occupied more than 70 % of the total area of the basin in
1986, followed by agricultural lands and then forest areas (refer to Table 2S in the supplementary material for further detail). Set-
tlement areas and water bodies had the least cover in the basin. In 2023, agricultural lands dominated the basin by covering about 51 %
of the total basin area, followed by savanna areas, settlement areas and bare lands, forest areas and then water bodies. This indicates a
considerable decline in savanna and forest areas, in contrast to an expansion in agricultural lands and settlement areas.

The period between 2015 and 2023 exhibited the highest and fastest rates of losses and gains in LULC, spanning fewer years
compared to the periods 1986-2000 and 2000-2015. Specifically, savanna and forest areas showed sharp reductions in area at rates
3.0 %/y and 6.6 %/y, respectively, while agricultural lands and settlement areas and bare lands exhibited sharp increases at rates of 3.8
%/y and 3.7 %/y respectively. However, during the periods 1986-2000 and 2000-2015, the results revealed gradual annual changes,

Classified Maps of Land Use Land Cover in the Ouémé River Basin (Bonou)
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Fig. 2. Classified Maps of the Ouémé River Basin. It shows increasing agricultural land area and diminishing savanna and forest areas.
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Land Use and Land Cover Change maps of the Ouémé River Basin
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Fig. 3. Change Map of LULC in the Ouémé River Basin. It shows growing area of agricultural lands and diminishing savanna and forest areas. FRST,
Forest areas; STB, Settlements/bare lands; SAV, Savanna areas; AGR, Agricultural lands; WAT, Water bodies.

with reductions in savanna areas (0.4 % and 0.8 %) and forest areas (1.9 % and 4.3 %) and increase in agricultural lands (1.5 % and 1.8
%).

Acc uracy assessment

The supervised classification of LULC in the Ouémé River Basin for the year 1986, 2000, 2015 and 2023 yielded pixel-based ac-
curacy values exceeding 90 %. Additionally, both producer and user accuracy values were also greater than 88 % and 85 %,
respectively, for all four classified maps. Moreover, the kappa statistic values obtained were also above 85 % for all the maps (Table 3),
indicating the reliability of the LULC maps for further analysis of changes in the basin.

The area-based accuracy analysis for the 2023 classified map yielded an overall accuracy value of 91.8 % =+ 0.4, with commission
(overestimation) and omission (underestimation) errors totaling 8.2 %. The quantity and allocation disagreement values were 2.3 %
and 5.9 % respectively. Notably, the commission errors in agricultural lands estimation were of the equal magnitude to the omission
errors in savanna areas estimation, while the omission errors in agricultural lands equaled to the commission errors in savanna areas.
Additionally, the results indicated a 1 % underestimation in settlements areas and bare lands.

Overall, most of the errors stemmed misclassifications between savanna areas and agricultural lands, although a few forest areas
were misclassified as savanna areas. Furthermore, some pixels of water bodies were misclassified as forest and savanna areas,
particularly along riparian forests and swamps. The area of water bodies was higher in the 2015 classified map compared to the range
of values observed in the other years, indicating an overestimation.

Conversely, the 1986 classified map, based on the area proportion analysis, demonstrated an overall accuracy value of 93.7 % +
0.6, and a total error of 6.3 %. More than 50 % of the error were exchange and shift (allocation disagreement) errors, amounting to 3.3
% and 0.8 % respectively. Quantity disagreement summed to 2.2 %.

Table 3
Accuracy statistic of the LULC classification for each year based on their pixel and area-based error matrices.
Statistic 1986 2000 2015 2023
Pixel-based
Overall accuracy (%) 92.90 92.58 90.63 92.93
Kappa statistic 0.90 0.89 0.86 0.90
Area-based
Overall accuracy (%) 93.65 93.54 90.61 91.82
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Regarding omission, savanna areas estimation had the highest omission errors of about 3 % followed by agricultural lands, set-
tlement areas and bare lands, forest areas and water bodies having the least omission errors. This suggests that there were areas that
should have been classified as the aforementioned LULC types but were either left out or misclassified as other LULC types. The value of
exchange errors for savanna areas was the same as that for agricultural lands, indicating that most of the errors originated from
misclassification between those two LULC types. Additionally, settlement areas and bare lands were largely underestimated, leading to
a producer accuracy value less than 50 %.

Similar results were obtained for the year 2000 classified map, which had overall accuracy value of 93.5 % =+ 0.5, and producer
accuracy values >70 % for most classes, except for settlement areas and bare lands which had a value of 37 %. Furthermore, the area-
based accuracy for the 2015 map yielded an overall accuracy of 90.6 % =+ 0.5, with producer and user accuracy values >59 % and >87
% respectively.

The raw error matrix for the 2023 classified map, together with the producer, user accuracies (PA, UA), overall accuracy (OA) and
area proportions of each LULC class values are provided in the supplementary material Table 3S. The corresponding area-based un-
biased error matrix consisting the area proportions of each LULC class and the producer, user and overall accuracies and adjusted areas
at 95 % confidence interval are also presented as supplementary material Table 4S.

Change detection of LULC types

The magnitude of forest cover loss exhibited a declining pattern over the period, yet the annual rate of deforestation increased,
particularly during the period 1986-2000 compared to 2000-2015 (refer to Fig. 1S in the supplementary material). Approximately 78
% of the forest areas in the year 1986 have undergone degradation, resulting in a reduction of 2431 km? in area and an average 64 km?
loss per year. Similarly, by the year 2023, savanna areas experienced a decline of approximately 11,867 km?, representing a total loss
of about 35 % of its cover in 1986, with an average annual loss of 312 km?2.

Conversely, agricultural lands multiplied by more than 100 % of their quantity in 1986, primarily as crop lands (maize, beans,
cassava, yam, pepper and other vegetables) and plantations (cashew, oil palm, cotton, orange, tick), with an annual increase of 363
km?. Settlements and bare lands also expanded by over 100 % of their area in 1986, resulting in a total gain of 534 km?, with an annual
increase of 14 km? per year expansion primarily in settlement areas. The rates of expansion during the period 2000-2015 were steeper
than during 1986-2000 for settlements and bare lands, attributable to increasing population growth and urbanization rates.

Overall, the average annual rates of change between the years 1986 and 2023 were as follows: forest areas > settlements/bare lands
> agricultural lands > savanna areas > water bodies, corresponding to —4.0 %, 3.0 %, 2.2 %, —1.1 % and —0.9 % respectively.

In summary, it can be inferred that savanna and forest areas have been actively converted into agricultural lands and settlements
areas. Notable areas witnessing massive settlements expansion include Parakou and Djougou in the north, Bohicon and Ketou in the
south, and Save and Dassa-Zoume in the central parts of the basin. Agricultural lands expansion, on the other hand, occurred
throughout the basin, particularly in the north and southeast and west, encroaching into the savanna areas/woodlands, protected
areas, ‘classified forest” areas and along water bodies.

Discussion

The results reveal significant transformation in the Ouémé River Basin, with savanna areas being the predominant cover type in
1986. However, over time, large portions of these naturally vegetated areas have disappeared or been converted for other uses such as
agricultural lands and settlements. This trend mirrors findings from previous studies by Bodjrénou et al. [14] and Osseni et al. [9],
which also highlighted a decline in savanna areas and an expansion of agricultural lands. Additionally, assessments in neighbouring
areas like the Couffo catchment further illustrate similar trends, emphasizing the widespread conversion of naturally vegetated areas
into farmlands and settlement areas [30].

These transformations carry significant implications, including heightened erosion conditions and increased vulnerability to floods,
as indicated by previous studies. Hiepe [11] identified erosion hotspots in the basin, particularly in areas experiencing rapid expansion
of agricultural lands. Similarly, Bossa [13] found that soil degradation and sediment yield were sensitive to LULC changes in the basin,
underscoring the environmental repercussions of such transformations. Furthermore, assessments by Hounkpe et al. [15] highlighted
the vulnerability of Municipalities within the basin to climate events like flooding, particularly in areas where agricultural lands have
expanded and natural vegetation has been lost. They include Djougou and Perere, and Bohicon, Cove, Glazoue, Zangnanado, Toffo and
Djidja Municipalities.

The accuracy assessment of the classified maps demonstrated high agreement with the reference areas, indicating the reliability of
the Simple Composite Landsat and the Random Forest Classifier algorithms with remotely sensed data in the GEE cloud computing
platform for evaluating LULC information. However, challenges remain, particularly in accurately classifying settlement areas and
bare lands, which exhibit similarities in appearance and reflectance with agricultural lands and savanna areas, especially during the
dry season considered in this study. The presence of clouds and the resolution of the Landsat image also influenced classification
accuracy, highlighting the need for further refinement in classification methods and the potential benefits of higher-resolution satellite
data [31,32].

Overall, the findings underscore the importance of monitoring and understanding LULC changes in the Ouémé River Basin to
inform sustainable land management practices and mitigate environmental risks associated with ongoing transformations.

The most significant transformations in the Ouémé River Basin have involved the conversion of forest and savanna areas into
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agricultural lands and settlement areas. These changes have accelerated in recent years, particularly between 2015 and 2023,
reflecting trends observed in previous studies by Bodjrenou et al. [14] and Osseni et al. [9], These findings align with assessments of
land use change in Benin by the USGS, which identified the country as experiencing high rates of annual agricultural land expansion.

The rapid loss of tree cover in the basin has negatively implications for ecosystem functioning, as forests and savannas serve as
crucial carbon sinks. Consequently, the degradation of natural vegetation contributes to increased carbon emissions and exacerbates
global warming and climate change [33]. Moreover, the susceptibility of the basin to extreme events like flooding is exacerbated by the
degradation of natural vegetation, as highlighted by studies assessing flood risks in the region [34,35].

Population growth within and around the basin emerges as a primary driver of anthropogenically-influenced land use and land
cover change. Increasing population leads to greater demand for food, water, and settlement areas, driving the expansion of agri-
cultural lands and urbanization. The establishment of dense road networks and access to water sources for irrigation further facilitate
agricultural expansion within the basin.

The fertility of the soils in the basin also plays a significant role in driving LULC change, with different soil types supporting various
agricultural activities. It has also propelled the progressive expansion of agricultural and other economic activities within the basin.
Ferralitic soils in the southern part of the basin are suitable for plantations and commercial vegetable production, while ferruginous
soils in the central and northern parts support crops like cotton, peanut, sorghum, millet, and tobacco. Additionally, the lower zones
prone to ponding during rainfall, known as the ‘Bas-Fonds’ are utilized for rice production [36].

Considering the projected continued population growth in Benin and Africa as a whole, as indicated by the IPCC sixth report, it is
imperative to manage land use and land cover change effectively to ensure the sustainability of the environment and inherent re-
sources for current and future generations. This underscores the importance of implementing sustainable land management practices
to mitigate the adverse impacts of land use and land cover change on ecosystem and human well-being.

Conclusions

Assessing changes in land use and land cover is crucial for understanding environment dynamics, especially as the 2030 target for
the Sustainable Development Goals approaches. This study utilized the Google Earth Engine cloud-based remote sensing tool to
analyze land use and land cover changes in the Ouémé River Basin from the year 1986 to 2023. It also examined the Simple Composite
Landsat and Random Forest Classifier algorithms in land use and land cover classification. The main findings are as follows:

e In 1986, the basin was predominantly covered by savanna vegetation (69.7 %), with smaller areas of agricultural land (23.3 %),
forest areas (6.3 %), settlements and bare lands (0.6 %), and water bodies (0.1 %). However, by 2023, agricultural lands have
become the dominant land cover type (51.3 %), with significant decreases in savanna (45.7 %) and forest areas (1.4 %).

e The accuracy assessment revealed that the Simple Composite Landsat and Random Forest algorithms performed well, with overall
accuracy values exceeding 90 % and kappa values surpassing 85 %. This indicates the effectiveness of the algorithms in mapping
land use and land cover in large and complex ecosystems. Additionally, the Google Earth Engine platform showed promise for
robust and reliable mapping of land use and land cover in tropical areas.

e The changes observed in land use and land cover primarily involved the conversions of naturally vegetated areas into agricultural
and settlement areas. The annual rates of transformation and fragmentation of LULC increased over the study period, with the
highest rates observed from 2015 to 2023 (—4.0 %, 3.0 %, —1.1 %, and 2.2 % for forest areas, settlements/bare lands, savanna
areas, and agricultural lands, respectively).

These findings reflect the population growth and urbanization trends in Benin, where demand for food and shelter drives intensive
agricultural expansion, leading to deforestation and land degradation. Such changes in the natural ecosystem can impact processes like
weather patterns, the hydrological cycle and carbon sequestration. Understanding these impacts on ecosystem functioning and services
is essential for promoting sustainable ecosystem management within the basin and therefore recommended for further studies.
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