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1  Introduction
Deforestation is one of the major environmental challenges facing the planet [12]. It is 
a complex and multifactorial phenomenon, which depends on the geographical, socio-
economic and political conditions of each region [10]. Among the countries of the 
Congo Basin, the Democratic Republic of Congo (DRC) has the largest forest area, with 
around 155  million hectares, or almost 10% of the world’s tropical forests [31]. How-
ever, this natural heritage of the DRC is under increasing pressure from agricultural 

Discover Forests

Abstract
The Sankuru province, in its Lodja and Lomela territories, constitutes a vast forest 
province, rich in biodiversity. However, the province’s forest ecosystems are 
undergoing changes because of human activities. This study uses remote sensing, 
cartography and landscape ecology analysis tools to quantify landscape dynamics 
and analyze the anthropogenic drivers behind these dynamics in Lodja and Lomela. 
Evolutionary trends in land use were quantified through the proportion of classes 
in the study area. The results obtained indicate a loss of 9.23% of dense forest 
between 2013 and 2023, with a significant increase in degraded forest and the rural 
complex. However, the landscape studied remains predominantly forest-dominated, 
although human impact is beginning to make itself felt. The main deforestation 
factors identified in the region are tree felling, vegetation fire, agriculture (slash-and-
burn) and hunting. These factors are variably distributed in relation to villages in 
the landscape, so that agriculture, logging and fire are generally practiced in areas 
close to villages, while hunting is practiced far from villages. Our observations imply 
the need for land-use policies and actions that can involve all stakeholders in forest 
ecosystem management.
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expansion, logging, hunting and poaching, infrastructure construction, urbanization and 
artisanal mining [1]. The province of Sankuru, located in the heart of the Democratic 
Republic of Congo, is home to exceptional natural wealth, particularly in terms of forest 
biodiversity. The region is home to a portion of the Salonga National Park, the largest 
protected tropical forest reserve on the African continent, as well as the Sankuru Nature 
Reserve [42]. However, deforestation and forest degradation are major issues threatening 
this unique ecosystem. In particular, the Lodja and Lomela territories are at the heart of 
this dynamic landscape, where anthropogenic factors are exerting increasing pressure 
on forest resources [17]. In tropical regions, the use of remote sensing and landscape 
metrics has greatly contributed to analyzing forest dynamics and assessing anthropo-
genic pressures on ecosystems [49]. These approaches not only allow for the character-
ization of land-use and land-cover changes but also enable the quantification of habitat 
fragmentation and connectivity, which are essential for sustainable forest management 
[24]. However, despite the abundance of studies conducted in the Amazon, Southeast 
Asia, and parts of the Congo Basin, very few have specifically focused on Sankuru Prov-
ince. This province is characterized by unique socio-political constraints and poorly 
studied forest ecosystems. Significant scientific gaps remain, particularly in understand-
ing the local dynamics of deforestation and forest degradation. To address this gap, our 
study stands out by combining satellite imagery analysis with field-based inventories of 
anthropogenic drivers of deforestation. This integrated approach not only provides a 
comprehensive view of landscape changes but also sheds light on local forest governance 
challenges, thereby offering a relevant scientific framework for sustainable forest plan-
ning and management in Sankuru (Mobunda Tiko et al. 2025).

To reconcile nature conservation with human development, several strategies have 
already been attempted in the Democratic Republic of Congo, including the establish-
ment of protected areas such as Salonga National Park and the Sankuru Nature Reserve, 
as well as community forestry initiatives supported by national policies and international 
donors. While these approaches were designed to safeguard biodiversity and provide 
alternative livelihoods, they have often proved insufficient due to weak enforcement, 
limited financial and technical resources, and inadequate involvement of local commu-
nities in decision-making processes. As a result, slash-and-burn agriculture, timber har-
vesting, and hunting continue to exert pressure on forest ecosystems. In this study, we 
contribute new empirical evidence by combining remote sensing with field-based inven-
tories to document both the spatial patterns and the underlying drivers of forest loss 
in Lodja and Lomela. This integrated approach provides critical insights for designing 
land-use policies that better align conservation goals with the socio-economic realities 
of local populations.

Despite the limited number of studies focusing specifically on Sankuru Province, the 
relevance of this research extends beyond filling a geographic gap. It aims to provide 
an integrated analytical framework for understanding how human activities reshape for-
ested landscapes in Central Africa through combined remote sensing and field-based 
ecological data. Most existing studies on deforestation in the Congo Basin rely primar-
ily on satellite-derived landcover change detection, often neglecting fine-scale field evi-
dence of anthropogenic pressures. Our approach therefore bridges this gap by coupling 
spatially explicit forest dynamics with quantitative measures of human disturbance along 
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village gradients. This dual perspective allows us to link spatial patterns of deforestation 
to underlying socio-ecological processes.

Specifically, this study addresses three central research questions:

1.	 What are the spatial and temporal patterns of forest cover change in the Lodja and 
Lomela territories between 2013 and 2023?

2.	 How do anthropogenic activities such as agriculture, logging, vegetation fires, and 
hunting contribute to forest degradation and fragmentation?

3.	 What landscape-structural processes (e.g., fragmentation, dissection, aggregation) 
characterize the transition from natural to anthropized areas?

By articulating these questions, the study contributes to the broader field of tropi-
cal landscape ecology by operationalizing a replicable framework that quantifies both 
the extent and configuration of anthropization processes in under-documented forest 
regions like Sankuru.

We hypothesize that slash-and-burn agriculture and lack of land-use planning are 
leading to measurable forest loss and structural simplification in Lodja and Lomela.

2  Study area
This study was carried out in the central region of the Democratic Republic of Congo, 
more precisely in the province of Sankuru. This province, which resulted from the divi-
sion of the former Kasaï Oriental province, comprises six territories: Lusambo (pro-
vincial capital), Lubefu, Katako-Kombe, Kole, Lodja and Lomela [48]. The territories of 
Lodja and Lomela (LL) were selected for this study due to their accessibility and proxim-
ity to green areas already identified and mapped in the region, such as Salonga National 
Park and Sankuru Nature Reserve (Fig. 1). The landscape of Lodja and Lomela has an 
Am (for Lodja) and Af (for Lomela) climate, characterized by average annual rainfall 

Fig. 1  Geographical location of the study area (Lodja and Lomela territories) and outlying territories in Sankuru 
province, central DR Congo
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of 1700–1800  mm. There are two seasons in the area: the rainy season from August 
to April and the dry season from May to July [36]. Soil is predominantly sandy, highly 
degraded sandy-clay and hydromorphic clay. The average annual temperature is around 
25 °C, while annual rainfall varies between 1600 and 2000 mm [23]. Agriculture is the 
province’s main activity, followed by hunting, fishing, livestock breeding and, to a lesser 
extent, handicrafts. Trade, transport and financial transactions are also present, but con-
centrated in the urban centers [29].

3  Materials and methods
3.1  Satellite data acquisition and processing

Our methodological framework was designed to combine remote sensing and landscape 
ecology tools to capture both the extent and the structure of forest change. We selected 
Landsat imagery because it provides a long-term, consistent, and cost-effective record 
of land-cover dynamics, with spatial and temporal resolutions suitable for detecting 
major changes in tropical forest landscapes over decadal scales. To complement this, we 
employed landscape metrics, which enable the quantification of fragmentation, config-
uration, and anthropization processes that cannot be captured by area statistics alone. 
This integration of land-cover change detection with spatial pattern analysis allows us to 
assess not only how much forest has been lost, but also how the spatial structure of for-
est patches has evolved under anthropogenic pressures.

We selected three Landsat images acquired during the dry season between 2013 and 
2023, with an interval of five years. Our selection was primarily based on image avail-
ability, seasonality, and quality, particularly ensuring low cloud cover. We then used 
these images to analyze spatio-temporal changes in the landscape, following approaches 
that have been successfully applied in previous studies [18, 35, 39]. The satellites used 
varied according to the study period, including Landsat 9 with the OLI-2 sensor, Landsat 
8 with the OLI sensor, and Landsat 7 with the ETM + sensor. Considering the persistent 
cloud cover in the study area, we opted to use pre-processed Landsat surface reflectance 
products, which were downloaded via the SEPAL (System for Earth Observation Data 
Access, Processing and Analysis for Land Monitoring)1 platform. SEPAL provides user-
friendly access to massive Earth observation archives and facilitates the selection of the 
most suitable cloud-free scenes [11]. It is important to note that SEPAL was only used 
as a data access and download platform; the actual pre-processing steps (surface reflec-
tance correction verification, cloud and shadow masking, and radiometric normaliza-
tion), as well as the supervised classification, were carried out in Google Earth Engine 
(GEE). Final cartographic layouts and map editing were then produced in QGIS 3.32. 
For field validation, we used a Garmin 65s GNSS receiver (multi-constellation), with a 
nominal horizontal accuracy of approximately 3.65 m as specified in the manufacturer’s 
manual. The positioning data collected with this device was employed to validate the dif-
ferent land-use classes identified during the supervised classification.

3.2  Supervised classification of Landsat images

Satellite image pre-processing was carried out in two complementary environ-
ments. In this study, SEPAL was used solely as a data access portal, and not for image 

1  https://sepal.io/.

https://sepal.io/
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pre-processing or compositing. The subsequent and more detailed pre-processing steps 
were performed in Google Earth Engine (GEE), including atmospheric correction to 
surface reflectance, cloud and shadow masking (using the Fmask algorithm), and radio-
metric normalization across years [11]. Supervised classification and all accuracy assess-
ments were also conducted in GEE to ensure consistency and reproducibility. To better 
differentiate the different land use classes, a false color composition was performed by 
combining the red, near infrared and mid-infrared bands [33]. This method was also 
used to identify training sites corresponding to the land-use classes observed in the field. 
Training areas for each class were delineated from 451 GPS points collected, creating at 
least 75 polygons per class. Supervised classification was carried out using the “Random 
Forest” algorithm, based on the local knowledge and reliability of this method [43]. Five 
land-use classes were selected for the study: dense forest, secondary forest, rural com-
plex, savannah and water, of which the first two are considered natural and the others 
anthropogenic (Table 2).

To avoid confusion between land-cover categories, we refined the definitions of the 
two classes that were initially overlapping. Degraded forest refers to areas that were orig-
inally dense forest but have undergone partial canopy loss due to human activities (e.g., 
selective logging, fuelwood harvesting, fire damage) or natural disturbances. This class 
also includes abandoned plantations and long-term fallows where a significant propor-
tion of tree cover remains visible. In contrast, the rural complex class groups actively 
managed or permanently converted areas, including cultivated fields, built-up zones, 
bare soils, and short-term fallows (< 3 years) where tree cover is absent or negligible. 
Field photographs collected during ground-truthing were used to illustrate and validate 
these criteria, ensuring a clear operational distinction between the two categories.

To validate the classification, 224 GPS points collected in the field, independent from 
those used for supervised classification, were used. Classification accuracy was assessed 
using the kappa coefficient and overall accuracy [25]. Despite some criticism of the 
Kappa index, it was chosen for this study because the number of pixels in the training 
sites for each land-use class was similar for the different dates considered [38, 44]. To 
evaluate the accuracy of the supervised classifications, we reported multiple comple-
mentary indicators, including overall accuracy, user’s and producer’s accuracies for each 
land-cover class, and associated confidence intervals, following the best practices out-
lined by. While the Kappa coefficient was also calculated for comparability with previous 
studies, we acknowledge its limitations and therefore do not rely on a single threshold 
to determine classification acceptability. Instead, we interpret accuracy as a process that 
combines several measures to provide a more robust and transparent assessment of clas-
sification performance (Tables 1 and 2).

3.3  Landscape dynamics assessment

3.3.1  Landscape composition dynamics

The spatio-temporal evolution of different land cover types was measured using the 
transition matrix [46]. The extent of deforestation (Ed) was assessed using the annual 
deforestation rate, determined by applying the formula proposed by Puyravaud [40].

Ed (%) =
[

1
T2 − T1

× ln A2
A1

× 100
]
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A1​ is the area of the land-cover class at the initial date (ha), A2​ is the area of the same 
class at the final date (ha), and T1-T2 is the time interval in years between the two obser-
vations. In this study, the term forest refers exclusively to the dense forest class, which 
is the best proxy for intact ecosystems. To complement this analysis, we constructed 

Table 1  Accuracy assessment results for the supervised classifications (2013–2023)
Year Land-cover class User’s ac-

curacy (UA, 
%)

Producer’s ac-
curacy (PA, %)

95% CI (± %) 
(confidence 
intervals)

Overall 
accuracy(OA, %)

Kappa

2013 Dense forest 95.2 93.8 ± 2.1 96.1 0.94

Degraded forest 92.7 91.4 ± 2.6

Rural complex 94.5 92.8 ± 2.3

Savannah 93.6 91.9 ± 2.8

Water 99.1 98.6 ± 1.0

2018 Dense forest 97.5 96.8 ± 1.5 97.3 0.96

Degraded forest 95.2 94.5 ± 1.8

Rural complex 97.1 96.3 ± 1.6

Savannah 96.7 97.0 ± 1.7

Water 99.4 99.1 ± 0.5

2023 Dense forest 99.0 98.5 ± 1.0 99.1 0.98

Degraded forest 97.8 98.2 ± 1.2

Rural complex 98.9 98.7 ± 1.1

Savannah 98.6 98.9 ± 1.1

Water 99.9 99.8 ± 0.2

Table 2  Description of land cover classes. Small images are Quick Bird images available free of 
charge on Google Earth from June 2023.
Land use class Description
Dense forest This class is characterized by vegetation with a complex vertical structure 

(several strata), with a canopy that is often high (between 30–50 m) and 
closed (dense). Human activities are limited or absent (MEDD, 2018).

Degraded forest This category includes forests resulting from the disturbance of the 
“dense forest” class. It has a heterogeneous canopy height of up to 30 m, 
depending on the age of the stand (MEDD, 2018). It also includes old fal-
low land and abandoned rubber plantations. They are often located close
to fields.

Rural complex This class comprises a set of anthropized areas present in the landscape. 
These include cultivated fields, fallow land, bare areas, roads and inhab-
ited areas along roads.

Savannah Savannah zones with low vegetation, and sometimes shrubs character-
ized by a low density of trees, with a canopy cover
< 30% (MEDD, 2018). They are found mainly in the south, in Lodja, and in 
the northeast, in the RNSA.

Water Surface water, including rivers (For example the Lomela and Lukenie 
rivers) and ponds.
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transition matrices for each time interval (2013–2018 and 2018–2023). Each matrix 
records the area (in ha) of land that transitioned from one class to another, thereby iden-
tifying dominant conversion pathways (e.g., dense forest: degraded forest; degraded for-
est: rural complex). This approach allows us to quantify not only net changes in area but 
also the specific trajectories of forest cover dynamics.

3.3.2  Landscape structural dynamics

To assess the relationship between landscape configuration and related ecological pro-
cesses in a measurable way, spatial structure indices were calculated using FRAGSTATS 
2.0 software, chosen for compatibility with earlier landscape studies conducted in the 
Democratic Republic of Congo, which facilitates comparison of results across different 
regions and time periods. All analyses were performed on classified raster maps at a spa-
tial resolution of 30 m, corresponding to the native resolution of Landsat imagery. This 
free software, developed by the U.S. Department of Agriculture’s Forest Service, can be 
used to analyze landscape structure [27]. These indices include:

The three-landscape metrics presented in Table  3 were selected because they cap-
ture complementary and ecologically meaningful dimensions of landscape transforma-
tion under human pressure. The Number of patches (Nt) quantifies spatial subdivision 
and is one of the most direct indicators of fragmentation intensity, allowing us to detect 
whether forest continuity is being disrupted into smaller units. The Anthropization 
index (U) expresses the balance between anthropogenic and natural land-cover types 
and thus provides a synthetic measure of human dominance within the landscape as a 
key concern in studies of deforestation and land-use conversion in tropical regions [6]. 
Finally, the Fractal dimension (Df) characterizes the complexity and shape irregularity 
of patches, distinguishing natural, irregular forest forms (Df → 2) from human-modi-
fied, regularized patches (Df → 1) [8]. These three indices were chosen because together 
they summarize the extent, intensity, and geometric expression of anthropogenic dis-
turbance. Other metrics (e.g., edge density, contagion, or Shannon diversity) were con-
sidered but not retained, as they tend to be highly correlated with Nt or U and provide 
limited additional interpretive value for landscapes dominated by binary transitions 
between natural and anthropogenic covers. This concise set therefore ensures analytical 
efficiency while maintaining ecological interpretability and comparability with previous 
studies conducted in Central Africa.

In addition, to identify spatial landscape transformation processes, particularly with 
regard to natural and anthropogenic land use, the decision tree algorithm was used [6]. 
To this end, comparisons were made between the number of patches, area and perim-
eter of patch type before and after transformation [19, 46]. A value of t = 0.75 was used 
to distinguish the process of fragmentation from that of dissection, with values greater 
than 0.75 indicating dissection, while values less than or equal to 0.75 signaling a preva-
lence of fragmentation [8].

3.4  Analysis of anthropogenic drivers of deforestation and forest degradation

3.4.1  Village selection

Based on purposive sampling, ten villages (Kalema, Mukumari, INERA, Lomela Centre, 
Vango, Lokolo, Lohalo ya Donga, Lukavukavu, Hyoka and Okonga) were selected along 
the Lodja-Lomela axis (± 140 km). In this study, we conceptualize anthropization as the 
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set of human-induced transformations of natural ecosystems, measured both through 
land-cover conversion and through direct disturbance indicators observed in the field 
(tree cutting, vegetation fires, agriculture, hunting, settlement, and fish farming). To 
investigate these processes, we purposively selected ten villages along the Lodja–Lomela 
axis based on three criteria: (i) relatively high population density, (ii) accessibility via 
National Road 7, and (iii) proximity to protected areas such as the Sankuru Nature 
Reserve. This allowed us to focus on sites where anthropogenic pressures are particularly 
pronounced.

3.4.2  Data collection

Based on the study carried out by Rakotondrasoa et al. [41], a multidisciplinary approach 
was applied: (i) four 500 m × 10 m transects were established in each village (oriented 
along the four cardinal directions) [41], where quantitative indicators of disturbance 
were systematically recorded in 50 m² plots; and (ii) informal interviews with local stake-
holders were conducted to provide qualitative context on land-use practices and forest 
resource exploitation. In total, 400 plots were inventoried, covering an area of 20  ha. 
Data collection took place between March and June 2023, during the dry season, when 
anthropogenic activities such as slash-and-burn are most visible. Ethical considerations 
were respected: the study protocol received approval from the Institutional Review 
Board of ERAIFT (Protocol N° ERAIFT/CAR/BM/12/03/2025, dated 12 March 2025), 
and informed consent was obtained from all interview participants (Table 4).

3.4.3  Data analysis

Data analysis was based on a model describing the disturbance process in terms of vari-
ous characteristics, such as disturbance type (classification of events or observations), 
frequency (extent of disturbance) and the spatial structure of the disturbance, notably 
distance from the village. The relative frequencies of each type of anthropogenic distur-
bance were calculated from the presence-absence data [14, 41].

To formally analyze the relationship between anthropogenic pressures and spatial pat-
terns, we developed a simple analytical model in which the frequency of disturbance 
indicators (FD) was expressed as a function of the distance from the village (DV):

FDi = β o + β 1DV i + ϵ

Where FDi represents the relative frequency of disturbance indicators recorded in 
plot i, DVi​ is the distance from the center of the village to the plot, β0 is the intercept, 
β1 the slope, and ε the error term. Disturbance indicators included tree cutting, veg-
etation fires, agricultural plots, hunting traces, settlements, and fishponds, each treated 
as a binary presence/absence variable at the plot level. Relative frequencies were then 
computed as the proportion of plots affected within each transect. We first calculated 
descriptive statistics of disturbance frequencies across villages, then tested associations 
between FDi and DVi using Pearson correlation tests. For indicators showing significant 
correlations, we applied linear regression models to quantify the effect of distance on 
disturbance frequency. All analyses were performed in R version 4.3.2. This approach 
allowed us to evaluate both the strength and direction of spatial gradients of anthropo-
genic influence (Table 5).
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4  Results
4.1  Classification and mapping of land use from 2013 to 2023

Assessment of the quality of supervised classifications of Landsat images, based on the 
Random Forest algorithm, reveals overall accuracy rates ranging from 96.16% to 99.15%, 
with Kappa coefficients (k) varying between 0.94 and 0.98. These results are satisfactory 
and demonstrate a good ability to discriminate between different land-use classes. A 
visual analysis of the maps (Fig. 2) shows a progressive decrease in dense forest cover 
(shown in dark green) and an increase in degraded forest areas and the rural complex 
(fields, fallow land, built-up areas and bare soil). The loss of dense forest is particularly 
visible in the northeast, where the Sankuru Nature Reserve is located (Fig. 3).

4.2  Landscape composition dynamics

The Sankey diagram (Fig. 4) illustrates the quantitative transitions between land-cover 
classes from 2013 to 2018 and 2023. In 2013, dense forests (FD) covered 65.84% of the 
landscape; this proportion slightly increased to 69.76% in 2018 before dropping sharply 
to 60.54% in 2023. A large share of the dense forest area observed in 2013 remains in the 
same class in 2018, but a noticeable portion transitions into degraded forests (Fdeg) and 
the rural complex (CR). Degraded forests, which represented 14.02% in 2013, decreased 
to 10.97% in 2018, then increased significantly to 18.23% in 2023, indicating a dynamic 

Table 4  Typology of anthropogenic forest degradation factors identified in the Lodja and Lomela 
landscape
Types of factors Indicators
Agriculture Presence of crop fields and fallow land

Carbonization Charcoal remains, active or inactive ovens

Cutting Presence of tree stumps or cut trunks,

Hunting Presence/traces of traps, animal tracks or remains

Vegetation fire Observation of black spots, charred trunks

Human settlement Presence of human dwellings

Fish farming Presence of fish ponds

Table 5  Variables used in the analysis of anthropogenic drivers of forest degradation
Variable Type Definition Measurement/Unit Source
FD (Frequency 
of disturbance 
indicators)

Dependent Proportion of plots affected by a 
given disturbance type (tree cutting, 
vegetation fire, agriculture, hunting, 
settlement, fish farming)

Relative frequency per 
transects (%)

Field tran-
sects (400 
plots, 20 ha 
total)

DV (Distance 
to village)

Independent Distance from village center to each 
plot along transects

Meters (measured with 
GNSS receiver, ± 3.65 m 
accuracy)

Field GNSS 
data

Tree cutting Explanatory 
(binary)

Presence of stumps or cut trunks in 
plot

0 = absent, 1 = present Field ob-
servations

Vegetation 
fire

Explanatory 
(binary)

Presence of burnt vegetation or 
charred trunks

0 = absent, 1 = present Field ob-
servations

Agriculture Explanatory 
(binary)

Presence of active crop fields or short 
fallows

0 = absent, 1 = present Field ob-
servations

Hunting Explanatory 
(binary)

Presence of traps, animal remains, or 
tracks

0 = absent, 1 = present Field ob-
servations

Settlement Explanatory 
(binary)

Presence of houses or human 
infrastructure

0 = absent, 1 = present Field ob-
servations

Fish farming Explanatory 
(binary)

Presence of fishponds in the plot 0 = absent, 1 = present Field ob-
servations
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process where some areas originate from dense forests while others shift toward the 
rural complex. The rural complex moves from 15.07% in 2013 to 13.99% in 2018, then 
rises to 16.59% in 2023, supported by inflows from degraded forests and savannas. 
Savannas (SA) display more limited fluctuations, shifting from 5.04% in 2013 to 5.26% 
in 2018, and then to 4.61% in 2023, with minor transitions toward the rural complex and 
degraded forests. Finally, water surfaces, which are extremely marginal, remain almost 
constant: 0.03% in 2013, 0.01% in 2018, and 0.03% in 2023. The annual deforestation rate 
from 2013 to 2023 is estimated at 0.25%.

Fig. 3  Land use statistics for the years under review

 

Fig. 2  Multitemporal land cover mapping of the Lodja and Lomela landscape in central DR Congo, based on 
supervised classification of Landsat images using the Random Forest algorithm
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4.3  Landscape structural dynamics

Between 2013 and 2023, the dense forest experienced a phenomenon of patch dissec-
tion, resulting in a decrease in the total area of the class, in parallel with an increase in 
the number of zones (Table 6). As regards the dominance index, indicating the portion 
of surface occupied by the largest patch, dense forest shows the highest values for all 
years, although this trend is downward. It should be noted, however, that the dissection 

Table 6  Spatial structure indices calculated for the years 2013, 2018, and 2023, and identification of 
Spatial transformation processes (STPs) based on the decision tree algorithm of Bogaert et al. [6]. Nt: 
number of patches per class, at: total class area in km²
Index Dense forest Degraded forest Rural complex Savannah Water
2013

 Nt 8161 26,112 7827 127 2281

 At 28,726 4518 5761 2165 10

 D 33,02 0,95 3,39 0,11 0,69

 Df 1,20 1,23 1,19 1,18 1,21

 STP 2013–2018 Dissection Creation Aggregation Creation Deletion

2018

 Nt 11,124 30,513 5062 376 1437

 At 27,113 5772 6202 2076 12

 D 30,87 2,46 4,35 0,16 0,68

 Df 1,19 1,21 1,18 1,18 1,19

 STP 2018–2023 Dissection Creation Creation Aggregation Deletion

2023

 Nt 14,840 30,446 6828 357 1372

 At 24,923 7505 6831 1897 14

 D 28,47 3,36 5,44 0,14 0,57

 Df 1,16 1,18 1,17 1,17 1,17

Fig. 4  Sankey diagram in percentages, with FD, dense forest; Fdeg, degraded forest; CR, rural complex; SA, 
Savannah
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of dense forest has led to the formation of patches of degraded forest, leading to an 
increase in the total area occupied by this class over time. This is accompanied by an 
increase in the number of patches and in the dominance index, highlighting a process of 
aggregation of degraded forest patches after their creation.

The other classes show similar trends, as is the case for the rural complex and water, 
which have also seen changes in their surface areas and spatial structure indices, reflect-
ing the creation or aggregation processes that ensue. The savannah class, for its part, has 
seen a steady decline in the number of tasks and its surface area throughout the periods 
studied, justifying the process of suppression it has undergone over time. From 2013 to 
2023, the human impact on the landscape is generally reflected in the fragmentation of 
dense forest areas, the creation of new patches in degraded forests and the rural complex 
(fields, fallow land, built-up areas and bare soil), followed by their aggregation.

As shown in Table 6, the dominance index (D) provides insight into how much of the 
landscape is controlled by the largest patch of each land-cover class, while the fractal 
dimension (Df) reflects the geometric complexity of these patches. A decline in D over 
time indicates a loss of spatial dominance of dense forest areas, consistent with increas-
ing fragmentation, whereas a decrease in Df toward values closer to 1 suggests simplifi-
cation of patch shapes due to anthropogenic modification such as logging, agriculture, 
and settlement expansion.

We can see a regressive trend in the fractal dimension for all forest types, with dense 
forests showing lower values than degraded forests. Despite this, fractal dimension val-
ues approaching 1 for all classes and periods analyzed suggest an evolution towards 
increasingly regular shapes. This reflects an increase in human impact on the Lodja and 
Lomela forest landscape (Fig. 5). It should be noted that, overall, according to the differ-
ent indices presented in this section, the landscape of Lodja and Lomela in Sankuru is 
less anthropized. However, although the anthropization index remains below 1, indicat-
ing that dense forest, considered as the natural class, still occupies a significant part of 

Fig. 5  Anthropization indice. An increase in the value of this index reflects an expansion or predominance of 
anthropogenic classes in the landscape
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the Lodja and Lomela landscape, it is necessary to reflect now on the strategies to be put 
in place for the preservation of these ecosystems.

4.4  Anthropogenic factors of degradation and deforestation

The inventory of indicators of anthropogenic factors revealed four major disturbances 
identified in the Lodja and Lomela landscape, namely tree cutting, agriculture, vegeta-
tion fire and hunting (Fig. 6 and Table 7).

The inventory of anthropogenic disturbance indicators (tree cutting, vegetation fires, 
agriculture, hunting, settlements, fish farming) was not limited to a descriptive listing 
but rather served as the basis for our statistical analyses. Each indicator was recorded 
in binary form (presence/absence) at the plot level, then aggregated into relative fre-
quencies per transect and per village. These frequencies were subsequently used as the 
dependent variables in correlation and regression analyses, with distance from the vil-
lage center serving as the independent variable. Pearson correlation tests revealed sig-
nificant negative associations for tree cutting (r = − 0.97, p < 0.001), vegetation fires (r 
= –S0.96, p < 0.001), and agriculture (r = − 0.91, p < 0.001), while hunting showed a sig-
nificant positive association with distance (r = 0.81, p < 0.01). Linear regression models 
confirmed these trends, quantifying the rate of decline or increase of each indicator as a 
function of distance (Fig. 7).

Table 7  Anthropogenic drivers of forest degradation
Disturbance factor Pearson r p-value Regression slope R² Direction
Tree cutting –0.97 < 0.001 –0.65 per 100 m 0.94 Negative

Vegetation fire –0.96 < 0.001 –0.39 per 100 m 0.92 Negative

Agriculture –0.91 < 0.001 –0.08 per 100 m 0.87 Negative

Hunting + 0.81 0.009 + 0.05 per 100 m 0.66 Positive

Fig. 6  Proportion of plots affected by type of disturbance. These data come from inventories carried out in 400 
plots of 500 m² in the Lodja and Lomela landscapes
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5  Discussion
5.1  Dynamics of anthropization in the Lodja and Lomela forest landscape

One limitation of our study is the relatively low temporal resolution of the imagery, as 
only three Landsat composites were analyzed over a 10-year period. This temporal spac-
ing may underestimate short-term disturbances such as selective logging, shifting culti-
vation cycles, or small-scale clearings that occur between acquisition dates. Our choice 
was primarily constrained by persistent cloud cover in the region and the availability of 
cloud-free scenes during the study period, which limited the number of usable images. 
Despite this limitation, Landsat remains a robust data source for detecting major trends 
in forest cover dynamics at the landscape scale. Nevertheless, we recommend that future 
research build on our results by incorporating higher temporal resolution datasets such 
as Sentinel-2 (5-day revisit) or PlanetScope imagery, which would allow for a more 
detailed monitoring of fine-scale forest disturbances.

The results of this study show an evolution over time of land use in the study area. 
There has been a gradual reduction in the area occupied by dense forest, from 69.75% in 
2013 to 60.52% in 2023. At the same time, the surface area of anthropogenic zones such 
as degraded forests and the rural complex (fields and fallow land, built-up areas and bare 
soil) is increasing. This phenomenon of change in the landscape is also observed in other 
research carried out in Central Africa, highlighting a regression of dense forests in favor 
of an expansion of anthropogenic zones [3, 32, 39].

Analysis of the land-use maps highlights several significant aspects of deforestation 
and the expansion of rural areas in the region studied (Fig. 2). Firstly, it is observed that 
the loss of dense forest cover and the expansion of the rural complex are most marked 
along main roads, as well as secondary roads, where most villages and human dwellings 
are concentrated, reflecting high population density. This correlation between the pres-
ence of roads and deforestation is consistent with the road effect theory, corroborated by 
various studies in DR Congo[4, 19, 22, 26].

Fig. 7  Effect of distance from the village on the frequency of degradation factors. These data come from invento-
ries carried out in 400 plots of 500 m² in the Lodja and Lomela landscapes
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On the other hand, deforestation is more pronounced in the north-eastern part of the 
study area, notably around the Sankuru Nature Reserve, exposed to various threats such 
as population expansion, growing demand for agricultural land, logging and mining, as 
well as poaching [15–17].

Furthermore, the expansion of the rural complex is particularly noticeable in the 
southern part of the region, notably in the Lodja territory. This predominantly agricul-
tural area is densely populated and constitutes a major economic hub of the Sankuru 
province[9]. The presence of an airport in Lodja facilitates the marketing of agricultural 
produce to the surrounding urban centers, while Lomela, which is landlocked, is lim-
ited to subsistence farming. These observations underline the challenges of biodiversity 
conservation and sustainable natural resource management in the region, requiring con-
certed action by local stakeholders and the relevant authorities [5].

This study shows an annual deforestation rate of 0.25% between 2013 and 2023, in line 
with national estimates of 0.2% to 0.4% according to various sources [3, 21, 39]. These 
rates remain relatively low in relation to the classification of [7], but contrast with stud-
ies carried out in other DR Congo provinces with much higher deforestation rates [21, 
33, 34, 46]. Sankuru’s isolation and low population density seem to explain this trend. 
The anthropization of Lodja and Lomela is also corroborated by spatial structure indi-
ces highlighting negative transformation processes. These results underline a transition 
from dense forest landscapes to anthropogenic zones, notably through forest dissection.

5.2  Anthropogenic drivers of deforestation and forest degradation

This study, carried out in the Lodja and Lomela landscape, identified several factors of 
forest disturbance, including agriculture, tree cutting, carbonization, hunting, vegeta-
tion fire, human settlement and fish farming. The frequency of factors revealed that tree 
cutting was the main disturbance factor, although it can only be considered an abun-
dant factor in the area in association with other factors. Indeed, tree-cutting is practiced 
for a variety of uses, mainly for agriculture (slash-and-burn), fish farming, construction, 
energy, etc. [2, 4, 47]. Its high frequency in our study area is explained by the methodol-
ogy used, which consisted of counting the number of trees or stumps encountered.

Agriculture is the main activity of the Congolese rural population, with over 70% of 
the national population involved. Due to growing demographic pressure and saturation 
of the most fertile land, forest areas are threatened with conversion to farmland [20]. 
Agriculture, focused on rice and manioc, is the main activity of the rural populations 
of Lodja and Lomela [16]. Vegetation fires are linked to agriculture, particularly slash-
and-burn agriculture, which is the main driver of deforestation in the DRC according to 
several studies [19, 32, 37, 45].

Hunting, mainly for small games, is also a major disturbance factor. It should be 
emphasized that, according to field observations, bushmeat is a quality food highly 
appreciated by the population of Lodja and Lomela, often preferred to meat from cattle. 
This confirms the study.

of [50], according to which bushmeat is the main source of animal protein available to 
Congolese rural populations living in forested areas.

Overall, the results found for this research objective are similar to those of Rakoton-
drasoa et al. [41], who found that logging, fire, species invasion and agriculture were the 
main anthropogenic factors in the degradation of Tapia (Uapaca bojeri) woodlands in 
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Arivonimamo, Madagascar. Kabemba et al. [15–17], also found that in Sankuru, pre-
cisely at RNSA level, slash-and-burn agriculture and hunting are the anthropogenic fac-
tors driving forest degradation. The multidimensional methodological approaches used, 
as well as the almost identical local conditions, explain the similarity of the results of 
these studies.

It is important to note that the villages included in this study were selected purpo-
sively, based on population density, accessibility, and proximity to the Sankuru Nature 
Reserve. As such, the results are not statistically representative of the entire province but 
should instead be interpreted as case studies that highlight typical dynamics of anthro-
pogenic pressures in areas of high human–forest interaction. The insights generated 
from these focal sites provide valuable guidance for local and provincial land-use plan-
ning, but further studies with broader spatial coverage are needed to generalize these 
findings across Sankuru Province.

6  Conclusion
This study was carried out in the province of Sankuru, more precisely in a forest land-
scape encompassing the territories of Lodja and Lomela, home to a portion of the 
Salonga National Park (SNP) and the Sankuru Nature Reserve (SNR). Its main objective 
was to analyze, for the period 2013 to 2023, landscape changes within the forest eco-
systems of this region. Using methods based on geographic information systems com-
bined with remote sensing, statistics and landscape ecology analysis, forest losses were 
observed. The area of dense forest has been lost to that of degraded forest, in parallel 
with the rural complex. The result has been a reduction in dense forest zones and a sim-
plification of the shape of these natural areas, which can be explained by a reduction 
in the fractal dimension. These changes in forest cover are the result of human activi-
ties identified in the area, mainly tree-cutting, agriculture, vegetation fires and hunting. 
Tree-cutting and vegetation fires are the starting point for agriculture and other human 
activities, exposing the forest and its biodiversity to significant losses. It is therefore 
important to put in place a land-use policy and measures that should take a systemic 
approach, considering the enhancement of other ecosystem services, and the improve-
ment of the socio-economic conditions of the population, thus requiring a diversifica-
tion of sustainable activities.
Author contributions
J.M.M, O.R.L and J.P.M.T.H, Conceptualization, methodology, formal analysis; J.M.M Wrote the first draft of the article; L.A.B, 
J.M.T, E.N, S.M.M, O.M.K, C.M.M were responsible for proofreading the text,

Funding
This research was fully funded by the European Union / ENABEL Project, DeSIRA Agroforêt COD2006/DA113220000037.

Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding author on 
reasonable request.

Declarations

Ethics approval and consent to participate
Institutional Review Board Statement: The study was conducted in accordance with the Declaration of Helsinki and was 
approved by the Institutional Review Board (IRB) of the Ecole Régionale Postuniversitaire d’Aménagement et de Gestion 
Intégrés des Forêts et Territoires Tropicaux (ERAIFT/UNESCO), which serves as an official ethics committee for research 
approval (Protocol code N° ERAIFT/CAR/BM/12/03/2025, dated 12 March 2025). The authors attest that informed consent 
was obtained from the participants and from the parents or legally authorized representatives of subjects under 16 years 
of age, for participation in the study and for the publication of images in an open-access online publication.



Page 18 of 20Matabaro et al. Discover Forests             (2026) 2:1 

Consent for publication
All participants provided written informed consent for participation and publication of their anonymized data in this 
study.

Competing interests
The authors declare no competing interests.

Author details
1Ecole Régional Post-Universitaire d’Aménagement et de gestion Intégrés des Forêts et territoires Tropicaux (ERAIFT/
UNESCO), Kinshasa, Democratic Republic of the Congo
2Unité d’Analyses Géospatiales, Université Catholique de Bukavu (UCB), BP.285, Bukavu , Congo
3Faculté de Sciences Agronomiques et Environnement, Université Catholique de Bukavu (UCB), BP.285, Bukavu, 
Congo
4Faculté de Sciences Agronomiques, Institut Facultaire de Yangambi, P.O. Box 1232, Kisangani, Congo
5Ecole Supérieure des Sciences Agronomiques, Mention Foresterie et Environnement, Université d’Antananarivo, 
Ambohitsaina 101, P.O. Box 175, Antananarivo, Madagascar
6Fcaulté des sciences agronomiques, Université Catholique de Graben, Butembo, Democratic Republic of the Congo

Received: 28 July 2025 / Accepted: 19 December 2025

References
1.	 Achille LS, Zhang K, Anoma CJK. Dynamics of deforestation and degradation of forests in the Democratic Republic of 

Congo from 1990 to 2018. Open J Ecol. 2021a;11(05):451–61. https://doi.org/10.4236/oje.2021.115029.
2.	 Achille LS, Zhang K, Anoma CJK Dynamics of deforestation and degradation of forests in the Democratic Republic of 

congo from 1990 to 2018. Open J Ecol. 2021. https://doi.org/10.4236/oje.2021.115029.
3.	 Atyi ER, Hiol H, Lescuyer F, Mayaux G, Defourny P, Bayol P, Saracco N, Pokem F, Sufo Kankeu D, R., Nasi R. (2022). The forests 

of the Congo Basin : state of the forests. CIFOR; CIFOR. https://doi.org/10.17528/cifor/008565
4.	 Bamba I, Bogaert J, Yedmel MSC. Effets des routes et des villes Sur La forêt dense Dans La Province orientale de La répub-

lique démocratique du congo. Eur J Sci Res. 2010;43(3):417–29.
5.	 Beuve-Mery J. Enquête socio-économique Dans les territoires de Lodja – Lomela – Kole, Province du Sankuru, RDC con-

tribuant à La formulation d’un projet de promotion des activités génératrices de revenu Dans La zone d’influence du parc 
de La Salonga. Université de Liège; 2015.

6.	 Bogaert J, Ceulemans R, Eysenrode S-V, D. Decision tree algorithm for detection of Spatial processes in landscape transfor-
mation. Environ Manag. 2004;33(1):62–73. https://doi.org/10.1007/s00267-003-0027-0.

7.	 Catalán A. El Proceso de Deforestación En Venezuela Entre 1975–1988. Revista Ambiente. 1992;49:1–12.
8.	 De Haulleville T, Rakotondrasoa OL, Ratsimba R, Bastin H, Brostaux J-F, Verheggen Y, Rajoelison FJ, Malaisse GL, Poncelet 

F, Haubruge M, Beeckman É, H., Bogaert J. Fourteen years of anthropization dynamics in the Uapaca Bojeri Baill. Forest of 
Madagascar. Landscape Ecol Eng. 2018;14(1):135–46. https://doi.org/10.1007/s11355-017-0340-z.

9.	 De Roover E. Analyse de la chaîne de valeur hévéa selon la méthode VCA4D, dans les territoires de Lodja et Lomela, prov-
ince du Sankuru, RDC, en vue de la relance de la filière [Université de Liège]. (2022) ​h​t​t​p​s​:​/​/​m​a​t​h​e​o​.​u​l​i​e​g​e​.​b​e​/​h​a​n​d​l​e​/​2​2​6​8​.​
2​/​1​3​8​6​3​​​​​​​

10.	 Gillet P, Vermeulen C, Feintrenie L, Dessard H, Garcia C. Quelles Sont Les causes de La déforestation Dans Le Bassin du 
Congo ? Synthèse bibliographique et études de Cas. BASE. 2016. https://doi.org/10.25518/1780-4507.13022.

11.	 Gomes VCF, Queiroz GR, Ferreira KR. An overview of platforms for big Earth observation data management and analysis. 
Remote Sens. 2020 https://doi.org/10.3390/rs12081253 

12.	 González-González A, Villegas JC, Clerici N, Salazar JF. Spatial-temporal dynamics of deforestation and its drivers indicate 
need for locally-adapted environmental governance in Colombia. Ecol Ind. 2021;126:107695. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​j​.​​e​c​o​
l​i​​n​d​.​2​0​2​​1​.​1​0​​7​6​9​5.

13.	  Jan Bogaert & Issouf Bamba & Kouao Jean Koffi & Serge Sibomana & Jean-Pierre Kabulu Djibu & Dominique Champluvier 
& Elmar Robbrecht & Charles De Cannière & Marjolein Visser, 2008. "Fragmentation of forest landscapes in Central Africa: 
Causes, consequences and management," ULB Institutional Repository 2013/115084, ULB -- Universite Libre de Bruxelles. 

14.	 Kabanyegeye H, Sikuzani YU, Sambieni KR, Mbarushimana D, Masharabu T, Bogaert J. Analysis of anthropogenic distur-
bances of green spaces along an Urban–Rural gradient of the City of Bujumbura (Burundi). Land. 2023;12(2):465. ​h​t​t​p​s​:​/​/​d​
o​i​.​o​r​g​/​1​0​.​3​3​9​0​/​l​a​n​d​1​2​0​2​0​4​6​5​​​​​.​​​

15.	 Kabemba FN, Mbaya RL, Kapuadi AM, Nyembwe AM, Mamadou C, Kamutanda K, Koné I. Couvert forestier et distribution 
de pan paniscus dans la Réserve Naturelle de Sankuru, RD Congo. Conférence OSFACO : des images satellites pour la ges-
tion durable des territoires en Afrique. 2019, mars 13 https://hal.science/hal-02189507

16.	 Kabemba FN, Benoit M, Mamadou C, Koné I. Menaces d’origine anthropique et habitat de Pan Paniscus Dans La reserve 
naturelle de Sankuru, En republique democratique du congo. Eur Sci J. 2020a;ESJ(21). ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​9​0​4​4​/​e​s​j​.​2​0​2​0​.​v​1​
6​n​2​1​p​2​9​0​​​​ . Article 21. 16.

17.	 Kabemba FN, Mbaya RL, Kapuadi AM, Nyembwe AM, Mamadou C, Kamutanda K, Koné I. Couvert forestier et distribution 
de Pan paniscus dans la Réserve Naturelle de Sankuru, RD Congo. 2020b 

18.	 Kaleba SC, Sikuzani YU, Sambieni KR, Bogaert J, Kankumbi FM. Dynamique des écosystémes forestiers de i’arc Cupri-
fére Katangais En République Démocratique du Congo. I. Causes, transformations spatiales et ampleur. Tropicultura, 
2017;35(3). 

19.	 Kaleba SC, Sikuzani YU, Yamba AM, Kankumbi FM, Bogaert J. Activités anthropiques et dynamique des écosystèmes forest-
iers Dans les zones territoriales de l’arc Cuprifère Katangais (RD Congo). Tropicultura. 2022;40(3/4):27.

https://doi.org/10.4236/oje.2021.115029
https://doi.org/10.4236/oje.2021.115029
https://doi.org/10.17528/cifor/008565
https://doi.org/10.1007/s00267-003-0027-0
https://doi.org/10.1007/s11355-017-0340-z
https://matheo.uliege.be/handle/2268.2/13863
https://matheo.uliege.be/handle/2268.2/13863
https://doi.org/10.25518/1780-4507.13022
https://doi.org/10.3390/rs12081253
https://doi.org/10.1016/j.ecolind.2021.107695
https://doi.org/10.1016/j.ecolind.2021.107695
https://doi.org/10.3390/land12020465
https://doi.org/10.3390/land12020465
https://hal.science/hal-02189507
https://doi.org/10.19044/esj.2020.v16n21p290
https://doi.org/10.19044/esj.2020.v16n21p290


Page 19 of 20Matabaro et al. Discover Forests             (2026) 2:1 

20.	 Karume K, Mondo JM, Chuma GB, Ibanda A, Bagula EM, Aleke AL, Ndjadi S, Ndusha B, Ciza PA, Cizungu NC, Muhindo D, 
Egeru A, Nakayiwa FM, Majaliwa J-GM, Mushagalusa GN, Ayagirwe RBB. Current practices and prospects of climate-smart 
agriculture in Democratic Republic of Congo: a review. Land. 2022;11(10):10. https://doi.org/10.3390/land11101850

21.	 Kyale Koy J, Wardell DA, Mikwa J-F, Kabuanga JM, Ngonga M, Oszwald AM, J., Doumenge C. Dynamique de La déforesta-
tion Dans La Réserve de biosphère de Yangambi (République démocratique du Congo): variabilité spatiale et temporelle 
Au cours des 30 dernières années. Bois For Trop. 2019;341:15. https://doi.org/10.19182/bft2019.341.a31752.

22.	 Li M, De Pinto A, Ulimwengu JM, You L, Robertson RD. Impacts of road expansion on deforestation and biological carbon 
loss in the Democratic Republic of congo. Environ Resource Econ. 2015;60(3):433–69. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​0​7​/​s​1​0​6​4​0​-​0​1​
4​-​9​7​7​5​-​y​​​​​.​​​

23.	 Lohese E. Climatic and vegetative drivers of soil genesis, soil properties, and soil distribution in Sankuru province, Central 
Democratic Republic of Congo (DRC). 2021. ​h​t​t​p​:​/​​/​c​o​n​s​​e​r​v​a​n​c​​y​.​u​m​​n​.​e​d​u​​/​h​a​n​d​​l​e​/​1​1​2​​9​9​/​2​​2​4​9​8​9.

24.	 López S, López-Sandoval MF, Gerique A, Salazar J. Landscape change in Southern Ecuador: an indicator-based and multi-
temporal evaluation of land use and land cover in a mixed-use protected area. Ecol Ind. 2020;115:106357. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​
1​​0​.​1​0​​1​6​/​j​.​​e​c​o​l​i​​n​d​.​2​0​2​​0​.​1​0​​6​3​5​7.

25.	 Mama A, Sinsin B, Cannière CD, Bogaert J. (2013). Anthropisation et dynamique des paysages en zone soudanienne au 
nord du Bénin. Tropicultura. ​h​t​t​p​s​:​​/​/​w​w​w​​.​s​e​m​a​n​​t​i​c​s​​c​h​o​l​a​​r​.​o​r​g​​/​p​a​p​e​r​​/​A​n​t​​h​r​o​p​i​​s​a​t​i​o​​n​-​e​t​-​d​​y​n​a​m​​i​q​u​e​-​​d​e​s​-​p​​a​y​s​a​g​e​​s​-​e​n​​-​z​o​n​
e​​-​a​u​-​M​​a​m​a​-​S​i​​n​s​i​n​​/​5​5​a​1​​3​7​a​7​8​​8​a​1​7​2​6​​d​7​b​a​​b​d​3​3​b​7​e​b​9​b​8​b​a​6​3​6​1​b​9​3​2.

26.	 Masimo KJ, Guguya A, Ngenda Okito B, Maestripieri E, Saqalli N, Rossi M, V., Waya I, Mongo L. (2020). Suivi de 
l’anthropisation du paysage dans la région forestière de Babagulu, République Démocratique du Congo. VertigO : la revue 
électronique en sciences de l’environnement, 20(2). https://doi.org/10.4000/vertigo.28347.

27.	 McGarigal K, Marks BJ. (1995). FRAGSTATS: spatial pattern analysis program for quantifying landscape structure. (PNW-
GTR-351; p. PNW-GTR-351). U.S. Department of Agriculture, Forest Service, Pacific Northwest Research Station. ​h​t​t​p​s​:​/​/​d​o​i​.​
o​r​g​/​1​0​.​2​7​3​7​/​P​N​W​-​G​T​R​-​3​5​1​​​​​.​​​

28.	  MEDD.,2018, Niveau d’émissions de référence des forêts pour la réduction des émissions dues à la déforestation en 
République Démocratique du Congo, rapport soumis à la convention cadre des nations unies sur le changement 
climatique,178p. 

29.	 Michel B, Lumbuenamo R, Konunga G, Kasereka P. Développement des outils et méthodes d’aide à la décision dans des 
aires protégées (AP) ciblées par le 11ème FED en République Démocratique du Congo : Etude de cas du Parc National de 
la Salonga. 2017;4: 93 

30.	  Mobunda Tiko, J., Badesire, L.A., Mukirania, J.K. et al. Assessment of carbon storage potential and its ecological implica-
tions in historic rubber plantations in Sankuru, DR Congo. Discov. For. 1, 47 (2025). ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​0​0​7​/​s​4​4​4​1​5​-​0​2​5​-​0​0​0​
4​9​-​6​​​​ 

31.	 Molinario G, Hansen MC, Potapov PV. Forest cover dynamics of shifting cultivation in the Democratic Republic of congo : 
A remote sensing-based assessment for 2000–2010. Environ Res Lett. 2015a;10(9):094009. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​8​8​/​1​7​​4​8​-​9​3​​
2​6​/​1​0​/​​9​/​0​9​​4​0​0​9.

32.	 Molinario G, Hansen MC, Potapov PV. Forest cover dynamics of shifting cultivation in the Democratic Republic of congo : 
A remote sensing-based assessment for 2000–2010. Environ Res Lett. 2015b;10(9):094009. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​8​8​/​1​7​​4​8​-​9​
3​​2​6​/​1​0​/​​9​/​0​9​​4​0​0​9.

33.	 Mukenza MM, Muteya HK, Nghonda D-DN, Sambiéni KR, Malaisse F, Kaleba SC, Bogaert J, Sikuzani YU Uncontrolled exploi-
tation of pterocarpus tinctorius Welw. And associated landscape dynamics in the Kasenga territory: case of the rural area 
of Kasomeno (DR Congo). Land. 2022;11(9):9. https://doi.org/10.3390/land11091541.

34.	 Muteya HK, Nghonda D-DN, Malaisse F, Waselin S, Sambiéni KR, Kaleba SC, Kankumbi FM, Bastin J-F, Bogaert J, Sikuzani YU. 
Quantification and simulation of landscape anthropization around the mining agglomerations of southeastern Katanga 
(DR Congo) between 1979 and 2090. Land. 2022;11(6):850.

35.	 Muteya HK, Nghonda DN, Kalenda FM, Strammer H, Kankumbi FM, Malaisse F, Bastin J-F, Sikuzani YU, Bogaert J Mapping 
and quantification of Miombo deforestation in the Lubumbashi charcoal production basin (DR Congo): spatial extent and 
changes between 1990 and 2022. Land. 2023;12(10):10. https://doi.org/10.3390/land12101852.

36.	 Ngueliele A. La problématique de La gestion des déchets Liquides Dans La Province du Sankuru En République Démocra-
tique du congo. Université Libre de Bruxelles; 2022.

37.	 Opelele OM, Yu Y, Fan W, Lubalega T, Chen C, Kachaka SK. Understanding spatial drivers of deforestation in the Luki bio-
sphere reserve, Democratic Republic of Congo. Appl Ecol Environ Res. 2022;20(1):653–70. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​1​5​6​6​6​/​a​e​e​r​/​2​
0​0​1​_​6​5​3​6​7​0​​​​​.​​​

38.	 Pontius R, Millones M. Death to kappa : birth of quantity disagreement and allocation disagreement for accuracy assess-
ment. Int J Remote Sens. 2011;32:4407–29. https://doi.org/10.1080/01431161.2011.552923.

39.	 Potapov P, Turubanova SA, Hansen MC, Adusei B, Broich M, Altstatt A, Mane L, Justice CO. Quantifying forest cover loss in 
Democratic Republic of the Congo, 2000–2010, with Landsat ETM + data. Remote Sens Environ. 2012;122:106–16. ​h​t​t​p​s​:​/​/​
d​o​i​.​o​r​g​/​1​0​.​1​0​1​6​/​j​.​r​s​e​.​2​0​1​1​.​0​8​.​0​2​7​​​​​.​​​

40.	 Puyravaud J-P. Standardizing the calculation of the annual rate of deforestation. For Ecol Manag. 2003;177(1):593–6. ​h​t​t​p​s​:​​/​
/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​S​0​3​7​8​-​1​1​2​7​(​0​2​)​0​0​3​3​5​-​3.

41.	 Rakotondrasoa OL, Ayral A, Stein J, Rajoelison GL, Ponette Q, Malaisse F, Ramamonjisoa B, Raminosoa N, Verheggen F, 
Poncelet M, Haubruge E, Bogaert J. Analyse des facteurs anthropiques de dégradation des bois de tapia (Uapaca bojeri) 
d’Arivonimamo. 2013 https://orbi.uliege.be/handle/2268/158054.

42.	 Reinartz GE, Isia IB, Ngamankosi M, Wema LW. Effects of forest type and human presence on Bonobo (Pan paniscus) den-
sity in the Salonga National Park1. Int J Primatol. 2006;27(2):603–34. https://doi.org/10.1007/s10764-006-9020-9.

43.	 Rodriguez-Galiano VF, Ghimire B, Rogan J, Chica-Olmo M, Rigol-Sanchez JP. An assessment of the effectiveness of a ran-
dom forest classifier for land-cover classification. ISPRS J Photogramm Remote Sens. 2012;67:93–104. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​
1​6​/​j​.​​i​s​p​r​s​​j​p​r​s​.​2​​0​1​1​.​​1​1​.​0​0​2.

44.	 Sama A, Ramdé Z, Carine Ouédraogo P, Useni Sikuzani Y, Salomon W, Dipama J-M, Bogaert J. Pression anthropique et 
dynamique de l’occupation du Sol Autour du corridor n°1 du complexe écologique Pô-Nazinga-Sissili Au Burkina Faso. 
Tropicultura. 2023. https://doi.org/10.25518/2295-8010.2200.

https://doi.org/10.3390/land11101850
https://doi.org/10.19182/bft2019.341.a31752
https://doi.org/10.1007/s10640-014-9775-y
https://doi.org/10.1007/s10640-014-9775-y
http://conservancy.umn.edu/handle/11299/224989
https://doi.org/10.1016/j.ecolind.2020.106357
https://doi.org/10.1016/j.ecolind.2020.106357
https://www.semanticscholar.org/paper/Anthropisation-et-dynamique-des-paysages-en-zone-au-Mama-Sinsin/55a137a788a1726d7babd33b7eb9b8ba6361b932
https://www.semanticscholar.org/paper/Anthropisation-et-dynamique-des-paysages-en-zone-au-Mama-Sinsin/55a137a788a1726d7babd33b7eb9b8ba6361b932
https://doi.org/10.4000/vertigo.28347
https://doi.org/10.2737/PNW-GTR-351
https://doi.org/10.2737/PNW-GTR-351
https://doi.org/10.1007/s44415-025-00049-6
https://doi.org/10.1007/s44415-025-00049-6
https://doi.org/10.1088/1748-9326/10/9/094009
https://doi.org/10.1088/1748-9326/10/9/094009
https://doi.org/10.1088/1748-9326/10/9/094009
https://doi.org/10.1088/1748-9326/10/9/094009
https://doi.org/10.3390/land11091541
https://doi.org/10.3390/land12101852
https://doi.org/10.15666/aeer/2001_653670
https://doi.org/10.15666/aeer/2001_653670
https://doi.org/10.1080/01431161.2011.552923
https://doi.org/10.1016/j.rse.2011.08.027
https://doi.org/10.1016/j.rse.2011.08.027
https://doi.org/10.1016/S0378-1127(02)00335-3
https://doi.org/10.1016/S0378-1127(02)00335-3
https://orbi.uliege.be/handle/2268/158054
https://doi.org/10.1007/s10764-006-9020-9
https://doi.org/10.1016/j.isprsjprs.2011.11.002
https://doi.org/10.1016/j.isprsjprs.2011.11.002
https://doi.org/10.25518/2295-8010.2200


Page 20 of 20Matabaro et al. Discover Forests             (2026) 2:1 

45.	 Shapiro AC, Bernhard KP, Zenobi S, Müller D, Aguilar-Amuchastegui N, d’Annunzio R. Proximate causes of forest degrada-
tion in the Democratic Republic of the congo vary in space and time. Front Conserv Sci. 2021;2:690562. ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​0​.​
3​3​8​9​/​f​c​o​s​c​.​2​0​2​1​.​6​9​0​5​6​2​​​​​.​​​

46.	 Sikuzani YU, Muteya HK, Bogaert J. Miombo woodland, an ecosystem at risk of disappearance in the Lufira biosphere 
reserve (Upper Katanga, DR Congo)? A 39-years analysis based on Landsat images. Global Ecol Conserv. 2020;24:e01333. 
https://doi.org/10.1016/j.gecco.2020.e01333.

47.	 Tchatchou B, Sonwa D, Ifo S, M Tiani A. Déforestation et dégradation des forêts Dans Le Bassin du congo : etat des lieux, 
causes actuelles et perspectives. CIFOR. 2015;Papier occasionnel120:60.

48.	 UNICEF. Pauvrété et privation de l’enfant en République Démocratique du Congo : Province du Sankuru. 2021 
49.	 Uuemaa E, Mander Ü, Marja R. Trends in the use of landscape Spatial metrics as landscape indicators: a review. Ecol Ind. 

2013;28:100–6. ​h​t​t​p​s​:​​/​/​d​o​i​​.​o​r​g​/​1​​0​.​1​0​​1​6​/​j​.​​e​c​o​l​i​​n​d​.​2​0​1​​2​.​0​7​​.​0​1​8.
50.	 van Vliet N, Nebesse C, Nasi R. Bushmeat consumption among rural and urban children from Province Orientale, Demo-

cratic Republic of congo. Oryx. 2015;49(1):165–74. https://doi.org/10.1017/S0030605313000549.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.3389/fcosc.2021.690562
https://doi.org/10.3389/fcosc.2021.690562
https://doi.org/10.1016/j.gecco.2020.e01333
https://doi.org/10.1016/j.ecolind.2012.07.018
https://doi.org/10.1017/S0030605313000549

	﻿Landscape dynamics and analysis of anthropogenic factors of deforestation and forest degradation in Lodja and Lomela territories in Sankuru Province, DRC
	﻿Abstract
	﻿1﻿ ﻿Introduction
	﻿2﻿ ﻿Study area
	﻿3﻿ ﻿Materials and methods
	﻿3.1﻿ ﻿Satellite data acquisition and processing
	﻿3.2﻿ ﻿Supervised classification of Landsat images
	﻿3.3﻿ ﻿Landscape dynamics assessment
	﻿3.3.1﻿ ﻿Landscape composition dynamics
	﻿3.3.2﻿ ﻿Landscape structural dynamics


	﻿3.4﻿ ﻿Analysis of anthropogenic drivers of deforestation and forest degradation
	﻿3.4.1﻿ ﻿Village selection
	﻿3.4.2﻿ ﻿Data collection
	﻿3.4.3﻿ ﻿Data analysis

	﻿4﻿ ﻿Results
	﻿4.1﻿ ﻿Classification and mapping of land use from 2013 to 2023
	﻿4.2﻿ ﻿Landscape composition dynamics
	﻿4.3﻿ ﻿Landscape structural dynamics
	﻿4.4﻿ ﻿Anthropogenic factors of degradation and deforestation

	﻿5﻿ ﻿Discussion
	﻿5.1﻿ ﻿Dynamics of anthropization in the Lodja and Lomela forest landscape
	﻿5.2﻿ ﻿Anthropogenic drivers of deforestation and forest degradation

	﻿6﻿ ﻿Conclusion
	﻿References


