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Abstract: Peatlands, a type of wetland, act as a natural carbon store, which, when left undisturbed,
prevent, this carbon from further warming the global climate. However, these peatlands, in the
Republic of Congo are subject to numerous anthropogenic pressures. Improvements have been made
using Sentinel-2 multispectral images between 2017 and 2023 in the Ngamakala peatland forest. We
applied a Machine Learning (ML) model using the Random Forest (RF) algorithm to map changes
over the period studied. The methodology involved preprocessing Sentinel-2B images, creating
training samples, designing the ML model, and then predicting (classifying) and validating the
results. . The overall accuracies of the classifications range from 91% to 96%. The time series
classifications show large changes in land cover type through time. This is owing to anthropogenic
activities that are threatening to the Ngamakala peatland forest. We recommend that the authorities
take action to protect this site, which is almost 25,000 years old.

Keywords: remote sensing; sentinel-2; random forest; land cover; peatland; ngamakala

1. Introduction

The most recent global assessment of the status of peatlands reveals that they currently cover
approximately 4 % of the Earth's terrestrial surface [1]. In Africa, the area designated as tropical
peatland is estimated to be around 40 million hectares [2]. The Congo Basin in Central Africa hosts
the largest contiguous expanse of peatland within the entire intertropical zone, measuring
approximately 167,600 square kilometers, which constitutes 36% of all tropical peatlands globally
[3,4]. The release of maps detailing the distribution of these peatlands, along with assessments of
their carbon content and chemical properties, has underscored their significant environmental value
on a global scale [4]. Nonetheless, various potential threats to the integrity of the Congo Basin
peatlands have been identified, which may lead to their degradation or destruction [5-7].

Peatland ecosystems are distributed across the Republic of Congo [8-13]., with the most
extensive area located in the northern region, encompassing approximately 54,000 km? [4]. In the
southern part of the country, although less expansive, peatlands are also present. Notably, this region
hosts one of the oldest peatlands in the Congo Basin, which formed around 24,000 years ago [11].
This particular peatland, referred to as Ngamakala peatland, has been extensively studied for nearly
five decades. Foundational research includes a floristic inventory conducted by [14-16], and a
reconstruction of paleoenvironments by [10,12]. More recent investigations have concentrated on
examining the physical and chemical properties of this peatland [15], as well as its floristic
biodiversity and aerial biomass [14,15].

Despite the ecological and environmental importance of peatlands within the Republic of the
Congo, peatlands are subject to several anthropogenic pressures, particularly in the south of the
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country, which threaten the persistence and ecological integrity of peatland within the landscape [6].
Here we assess changes in land cover in a southern Congolese peatland, known as Ngamakala
peatland, and its surrounding area, by using a time series of classifications of satellite imagery. We
then identify the drivers of this land cover change and consider management and conservation
options for Ngamakala peatland, and other peatlands in the region.

2. Materials and Methods

2.1. Study Area

This research examines the Ngamakala peatland, situated in the Pool Department,
approximately 30 km north of Brazzaville, the capital city (refer to Figure 1). The peatland is
positioned 37 km north of Brazzaville at coordinates 4°05'South latitude and 15°25’ East longitude,
with an elevation of around 508 meters [13,14,16,17]. It encompasses a diminishing area of roughly
17,503 hectares, reflecting a loss of about 13 hectares over the past fifty years [14]. Enclosed by hills,
this peatland is sustained by runoff water interacting with a sandy rocky substrate. The water biotope
exhibits acidic pH levels. From a phytogeographical perspective, Ngamakala lies within the Guinean-
Congolese endemism center [18], within the Congo/Zambezi transition zone and located in the Batéké
Plateaux region [19]. The climate is classified as Bas-Congolese of the Sudano-Guinean type [20,21],
characterized by minimal precipitation in July at just 1 mm and significantly increased rainfall in
November reaching up to 260 mm.

Ngamakala peatland is ca. 22 ha in size and has a relatively flat surface topography. The peatland
watertable is fed by natural rainwater runoff and the underlying geology is sedimentary rocks of
sandy composition [23]. Around the Ngamakala depression, see Figure 1b, vegetation dominated by
shrub savannahs has developed. The vegetation is predominantly composed of shrubby and grassy
savannah with a few patches of wooded areas in places [24].

The Ngamakala wetland, once far from urban areas, is trapped between several dwellings in the
Lifoula district and Igne district in the Pool Department. This depression houses the oldest peatland
in the Republic of Congo. Carbon-14 (14C) dating indicates that it started forming at least 24,000 years
BP. This ecological zone shelters sphagnum mosses and other places of wooded islets [15,17].
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Figure 1. Location of the study area Ngamakala peatland site (google earth).

2.2. Earth Observation Data Used


https://doi.org/10.20944/preprints202503.0644.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 March 2025

3 of 14

To assess land cover change at Ngamakala peatland over the period from 2017 to 2023, we ran
supervised classifications of harmonized Sentinel-2B multispectral (10 m resolution) images (MSI)
from July 2017 and July 2023. For the classifications we used Level L1C data (where the effects of
the atmosphere on the light reflected by the earth's surface and reaching the sensor are excluded) and
the following 6 bands B02, B03, B04, B08, B11 and B12 The data was obtained from the Copernicus
platform (https://dataspace.copernicus.eu/ ).

()

Figure 2. Sentinel-2B extract from the Ngamakala site.

The selected images underwent radiometric and atmospheric correction operations. This
allowed the conversion of raw luminance values into ground reflectance followed by image
enhancement by dynamic histogram spreading and extraction of the study area. These operations
were carried out using QGIS-3.28 software via the SCP (Semi-Automatic Classification Plugin)
module.

The data underwent enhancement techniques using dynamic histogram spreading. In addition,
by combining field data insights (from Dec 2023, Figure 5) with the coloured compositions and the
spectral characteristics of map objects (Table 1), we characterized the cartographic objects for analysis,
following [25,26].

This resulted in the identification and naming of 13 Land cover units (Table 2). Then, the
collection of training and control samples of the 13 Land cover classes was carried out for each of the
Sentinel-2B multispectral images for the years 2017 and 2023.

d0i:10.20944/preprints202503.0644.v1
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Figure 4. Spectral index maps from MSI Sentinel-2B images.
Table 1. Spectral characteristics of map objects.
Spectral indices Values Map objects
NDVI = (NIR - R) / (NIR + R) 0.25 to 0.4 Wooded forest
. . 0.1to0.2 Shrubby/grassy savannah
Normalized vegetation index )
0 Bare dry soil
MNDWI = (G - SWIR)/(G + SWIR) 0to 0.3 Water
Modified Normalized Water Difference Index -1to-0.3 Habitat
0to0.1 Wet bare ground
NDMI = (NIR - SWIR1)/(NIR + SWIR1) .
. . . . -0.2 Habitats
Standardized Differential Moisture Index .
-0.4 Bare dry soil
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Figure 5. Typology of surface conditions of the Ngamakala peatland site (Photos: field mission,December 21,
2023).

The thirteen Land cover classes were grouped into 10 classes for ease of visualization of the main
Land cover changes. In both years the majority of the landscape is covered by grassy savannah
(includes grassy types 1, 2 and 3), which accounts for 70.75 ha in 2017 and 88.29 ha in 2023, equivalent
to 49.2% and 61.4% respectively of the study site.
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Table 2. Nomenclature of Land cover classes.

Macro classes  Identified classes

Forest 1-Wooded forest, 2-Flooded vegetation

3-Shrub savannah, 4-Grass savannah type 1,
Savannah

5- Grassy savanna type 2, 6- Grassy savanna type 3
Crop 7-Crops, 8- Plowed soil
Bare ground 9- Bare ground and roads
Buildings 10- Typical buildings 1, 11- Typical buildings 2
Wet area 12- Wet area
Water 13-Water

2.3. Sampling ML Model Training Data

The collected geospatial data (MSI Sentinel-2B images) as well as field visit data were analyzed
to identify the Land cover and land cover units. Then, the Random Forest Machine Learning
algorithm was modeled to classify these units using the collected and analyzed geospatial data along
with the Scikit-learn machine learning library

In order to perform a supervised classification of land cover, units based on the 13 defined
classes, a process of selecting a representative subset of the available data is done to train a machine
learning model. This involves judiciously choosing examples of observations that represent different
classes or characteristics present in the complete dataset. A total of 318 samples for 2017 and 278 for
2023 were collected. These training samples were used to teach the model about patterns and
relationships between object features and desired outcomes. Of the set of representative samples
created for period (2017 and 2023) based on the collected data, half (50%) served as training data for
the ML model and the other half for validation. This step, also called pseudocode design or random
forest creation [27], consists of assigning a numerical code to each class, which is then associated with
a textual value. During the training process, the columns containing the numerical codes are
indicated to the algorithm as class references for the random trees [28]. The objective of this step is to
guarantee the availability of complete and quality data to obtain reliable results during the
application phase of the Machine Learning RF algorithm to these MSI Sentinel-2B images (insert the
refs of all these authors).

2.4. Training the Random Forest Algorithm

The Random Forest algorithm was activated using training data from a set of samples selected
from soil biophysical indices for the thirteen classes identified in the multispectral images. Each
sample was labeled with a corresponding class. These features were used to train the Random Forest
algorithm on the two separate dates. This algorithm learns to associate patterns and relationships
between features and corresponding classes. To use this algorithm, the scikit-learn library from
dzetsaka, a plugin for semi-automatic classification in QGIS, commonly used to assist in machine
learning, is previously installed into the QGIS environment [27].

2.5. Classification of MSI Sentinel-2B Images

The Random Forest algorithm was applied to MSI Sentinel-2B images for land cover mapping.
In this step, MSI Sentinel-2 images were segmented into homogeneous units called objects or regions
of interest. Similar to the sequence of steps in the Random Forest algorithm training phase, each object
was characterized by its spectral values and other attributes of the color composition of the different
bands. These features were used as inputs to the Random Forest algorithm, which classified each
object into a specific class corresponding to a ground object category. The features of the objects were
compared to the models learned by the algorithm during the training phase. Using this information,
the algorithm assigned a class to each object, thus allowing the Land covers of the peatland site to be
mapped.
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2.6. Classification Assessment and Validation of Results

After the classification of MSI Sentinel-2 images using the Random Forest algorithm, the
evaluation and validation of the results obtained are made from the measurement of the accuracy of
the mapping in order to verify the relevance and reliability of the classifications carried out. Thus,
different evaluation indicators, such as overall accuracy, Cohen's kappa and confusion matrices, were
used for this purpose to quantify the performance of the algorithm. These measurements made it
possible to determine the capacity of the Random Forest algorithm to correctly classify Land cover
units.

2.7. Detection of Land Cover Changes

Change detection in this study involves a comparison of the two Land cover maps for a given
area over the two study periods (2017 and 2023), to finally determine the type, magnitude and
location of the changes.

This study uses radiometric change detection to detect Land cover changes within a given pixel,
by comparing the images between the two years of analysis. In the case of this study, the specific
method adopted is that of supervised image classification from the capture of regions of interest to
define the belonging of pixels to a class. Other techniques such as pixel-by-pixel comparison of
images from two periods [29] and change vector analysis [30] are used in change detection analyses
in remote sensing studies. However, these techniques are very sensitive to registration errors and the
presence of mixed pixel radiometries. Supervised image classification establishes a correspondence
of radiometries between the old and the new date and a number of changes per class lower than the
number of objects that were used to describe it. Thus, it is more broadly a question of comparing the
Land cover classifications obtained for each year of analysis (2017 and 2023). This method is
commonly used in remote sensing studies monitoring changes in Land cover. The detection of
changes is done through the SCP (define acronym) module in QGIS through a post-processing
analysis of the two Land cover maps using that of 2017 as a reference. This produces a Land cover
change matrix which reflects the relationships over time between the different classes and the change
map [31]. The statistical analysis of Land cover changes is done by calculating the average annual
rate of change TC which in order to determine the rates of increase or decrease of Land cover classes
between two dates:

1
SZ)(Tz—T1) _1

TC =100 (—

3 )

where (52/51): ratio of the surfaces of a Land cover class of dates T1 and T2.
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Figure 3. Land cover mapping process by Machine Learning.

3. Results

3.1. Spatial Dynamics of Land Cover

Figures 6 and 7 depict maps of the spatial and temporal dynamics of the LULC at the Ngamakala

peatland site created using Sentinel-2B images. The LULC classification was performed using the

Random Forest (RF) supervised machine learning algorithm. Figure 9 illustrates the alterations

observed between the two specified dates. The overall accuracies of the Land cover maps for 2017

and 2023 stand at 91% and 96%, respectively, while the Kappa coefficients are recorded at 0.90 and

0.95, respectively.
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Figure 6. Land cover map of the Ngamakala Peatland site (July 2017).
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Figure 7. Land cover map of the Ngamakala Peatland site (July 2023).

Figure 8 shows the composition of Land cover classes between 2017 and 2023. The thirteen land
cover classes were grouped into 10 classes for ease of visualization of the main land cover changes.
These results show a high cover of grassy savannah overall across both years of study (included
grassy types 1,2 and 3); which represent 70.75 ha in 2017 and 88.29 ha in 2023, equivalent to 49.2 %
and 61.4% of the study site, respectively for each year of study.

Surface (%): 2017 » Woodedforest  Surface (%): 2023 ® Wooded forest
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Figure 8. Proportions of Land cover classes at the Ngamakala Peatland site between 2017 and 2023.
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3.2. Analysis of Land Cover Changes

The areas of the various Land cover classes and the average annual change rates of each class
between 2017 and 2023 are presented in Table 3. The positive TC (Rate of change) values translate to
an increase and the negative TC values translate to a decrease in a given Land cover at the study site.

Table 3. Land occupancy change rate between 2017 and 2023.

T1 (2017) T2 (2023) o
Major classes Surface (ha) Rate (%) Surface (ha) Rate (%) T2-Tl(ha)  TC (%)
Wooded forest 3.56 25 0.44 0.3 -3.12 -29.4
Flooded vegetation 13.28 9.2 20.69 14.4 7.41 +7.7
Shrubby savannah 11.38 7.9 11.5 8.0 0.12 +0.2
Grassy savannah 70.75 49.2 88.29 61.4 17.54 +3.8
Crops 2.51 1.7 0.29 0.2 -2.22 -30.2
Plowed soil 21.02 14.6 4.82 34 -16.2 -21.8
Buildings 1.43 1.0 1.49 1.0 0.06 +0.7
Bare ground and roads 15.1 10.5 8.09 5.6 -7.01 -9.9
Water 0.47 0.3 0.33 0.2 -0.14 -5.7
Wet area 4.25 3.0 7.81 5.4 3.56 +10.7
TOTAL 143.75 100 143.75 100

We note, a sharp decline in crops (-30.2%), wooded forest (-29.4%) and plowed soils (-21.8%),
bare ground and roads (- 9.9%) and water bodies (-5.7%). Conversely, we observe a growth in
wetlands (+10.7%), flooded vegetation (+7.7%) and grassy savannah (+3.8).

Figure 9 illustrates the Land cover changes within the Ngamakala peatland area from 2017 to
2023, utilizing supervised classification data derived from Multispectral Images of Sentinel-2B,
thereby delineating the codes of various classes. This figure effectively depicts the pixel alterations
occurring in both the peatland and its surrounding areas. Notably, there is a marked degradation of
vegetation observed in the northern region of the peatland. Furthermore, a decline in vegetation is
evident in the southeastern section of Ngamakala peatland. In contrast, an increase in vegetation has
been recorded at the center of the peatland.
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4. Discussion

This study implies the application of artificial intelligence (AI) methods via the Random Forest
algorithm of machine learning applied to MSI Sentinel-2B images for the mapping of occupation units
and Land cover of the Ngamakala site. The results obtained demonstrate that this approach
constitutes an effective and robust method to identify, classify and therefore more precisely map the
Land cover units that colonize the peatland area using high-resolution data. The advantage of using
this approach has been proven in various studies predicting Land cover [32,33].

All human activities have an indirect impact on the stability of the peat bog. Photographs taken
at the site show a high level of human activity. This activity weakens the structure to such an extent
that during heavy rainfall, large quantities of sand are drained into the water basin where the peat
bog is located. In addition, the cuts of wood visible on the ground could not be revealed by the
satellite images, but there is a strong degradation as shown in Figure 10.

$ () SHOTON AS6N
itel DUAL CAMERA

(b) (b)

Figure 10. Collected firewood from the species Symphonia sp.

4.1. Field Observations

Field observations indicate that type 3 herbaceous plants in proximity to peatlands are indicative
of regions influenced by human settlements and Land cover alterations driven by local livelihood
activities. These developed areas are frequently marked by residents using signs to denote land
ownership. Notably, there are locations adjacent to the peatland that have either been constructed
upon or are undergoing development with construction materials, signifying a considerable extent
of colonization in the surrounding regions. Such developed areas exhibit substantial human
activities, including agriculture, aquaculture, cashew nut cultivation, and residential structures.
Regarding land degradation, it is evident that commonly utilized access routes have led to the
formation of gullies that directly affect the hydrology of the peatland. This results in additional
drainage points from the peatland and elevates the risk of destabilizing its water balance towards a
drier condition. Furthermore, during periods of rainfall, the peatland experiences significant effects
from rainwater runoff accompanied by sedimentary deposits due to its geomorphological
characteristics as a catchment basin. In the long term, these sedimentary deposits pose a threat to
reducing both permanent and seasonal surface water area within the Ngamakala peatland, thereby
contributing to its contraction through encroachment by newly formed dry land.

4.2. Wood Collection

The results obtained show little degradation on the north side of the Ngamakala peat bog.
Observation in the field shows that this area of the bog has a few stands of forest species. This result
shows us a good correlation between the map results and the observations we made in the field. The
difficulty of a population group in the Lifoula district to meet their energy needs leads them to exert
strong pressure on the woody resources of the Ngamakala peatland. Several studies in the Congo
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Basin and around the world show the consequences of anthropogenic activities on the sustainability
of natural forest resources [33,34] (Figure 10).

5. Conclusions

The satellite and the ground data were used to feed the Machine Learning model implemented
via a machine learning library offering tools for image classification. The Machine Learning model
applied to Sentinel-2B images made it possible to perform supervised classifications by the Random
Forest algorithm. This resulted in the mapping of land cover in 2017 and 2023. The evaluation of the
classifications showed good performance of the model for overall accuracies of the order of 0.96. The
Land cover of the study site is dominated by grassy savannah (49% and 61%, in 2017 and 2023,
respectively. This study made it possible not only to map the Land covers, but also to identify the
various surface changes that occurred between 2017 and 2023 using both remotely-sensed and
ground-truthed data. The Ngamakala peatland site presents a variation in the areas of wooded
forests, crops and plowed soils in favor of wetlands, grassy savannah and flooded vegetation. These
changes in Land cover, particularly the resurgence of type 3 or low herbaceous plants, reflect strong
anthropogenic activity in terms of development from housing developments, and associated
livelihood activities, wood energy needs and resultant water pollution around the peatland. Human
settlement expansion is currently unmanaged in the area and if left unchecked, these developments
threaten to affect the hydrology of the peatland, though access routes causing gullies and land
clearance activities increasing siltation. The long-term sustainability of the peatland ecosystem and
the viability of wetland-based livelihoods in the area depend on keeping the Ngamakala peatland
wet. Future research in this area should further explore and integrate social dimensions of local Land
cover change dynamics.
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