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Abstract 

The Luilu sector, located in the Katangan Copperbelt (southeastern DR Congo), has experienced 

intensified extractive activities over several decades. While this dynamic contributes to national 

economic growth, it generates environmental and social impacts that remain insufficiently 

documented, particularly regarding landscape structure and resilience. This study examines changes 

in land cover and spatial organization between 1990 and 2024 under increasing anthropogenic 

pressures. The methodology combines a multi-temporal cartographic approach with landscape 

ecology indices (composition, fragmentation, connectivity, spatial complexity) applied to satellite 

imagery. The analysis reveals a significant decline in natural formations, notably Miombo woodlands 

(from 50.83% to 38.89%), correlated with the rapid expansion of agricultural (from 4.25% to 13.41%) 

and urban areas (from 0.64% to 5.05%), primarily driven by shifting cultivation and urbanization. 

Ecological indices indicate growing instability, increased fragmentation, and reduced ecosystem 

resilience. The largest patch index shows a reduction in forest dominance (29.62% to 24.34%), while 

fractal analysis highlights rapid, disorganized, and spatially complex urban expansion. These 

dynamics reflect a rapid, unplanned landscape reconfiguration, undermining ecological connectivity 

and reinforcing regional socio-environmental vulnerability. The study underscores the need to 

integrate landscape dynamics into local land management policies in order to balance mining 

development, food security, and ecosystem conservation. 

Keywords: anthropogenic pressure; landscape ecology; fragmentation; Miombo; remote sensing; 

ecological connectivity 

 

1. Introduction 

At the global scale, terrestrial landscapes are undergoing rapid and profound transformations 

driven by increasing anthropogenic pressures, particularly urbanization, intensive agriculture, 

mining and forestry activities, and infrastructure development [1–3]. These dynamics alter the 

composition and configuration of habitats, leading to accelerated fragmentation, reduced ecological 
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connectivity, and biodiversity loss [4,5]. In this context, land-use change—especially the conversion 

of natural vegetation into agricultural, urban, or industrial areas—represents one of the most tangible 

indicators of territorial reorganization [6–10]. 

In Central Africa, the Democratic Republic of Congo (DR Congo) strikingly illustrates this trend. 

Between 2010 and 2020, the country experienced an estimated annual forest loss of over 500,000 

hectares, placing the DR Congo among the most affected nations globally [11]. This phenomenon 

impacts not only dense humid forests but also the Miombo woodlands, which account for 

approximately 23% of the national forest area [12] and play a critical ecological role in water 

regulation [13], carbon storage [14], and the livelihoods of local communities [15,16]. 

In the southeastern part of the country, particularly within the Katanga Copperbelt, 

anthropogenic pressures are intensified by the coexistence of intensive mining activities, expanding 

agriculture, and rapid urbanization [17]. Extractive hubs such as Kolwezi, Likasi, and Lubumbashi 

concentrate socio-economic dynamics that profoundly reshape landscapes [17,18]. These processes 

drive territorial reorganization characterized by the creation of clearings, forest cover degradation, 

and increased deforested areas [12]. 

The Luilu sector, located in Lualaba Province, provides a particularly representative example of 

these dynamics. Dominated by Miombo woodlands, this area is subjected to multiple disturbances, 

including charcoal production, slash-and-burn agriculture, artisanal and industrial mining, and 

informal urbanization [19]. The provincial capital, Kolwezi, exemplifies demographic and land 

pressure: its population grew from a few tens of thousands to nearly one million in less than a decade 

[20]. This demographic boom, combined with high unemployment rates, promotes often unregulated 

exploitation of forest resources, increasing landscape fragmentation [18]. In rural areas, extensive 

farming practices and overexploitation of specific tree species (e.g., Pterocarpus tinctorius) 

compromise the ecological resilience of the Miombo woodlands [21]. 

Despite the magnitude of these transformations, fine-scale landscape dynamics remain 

insufficiently documented [19]. Most existing studies adopt regional or sectoral approaches, often 

focusing exclusively on forest or mining dynamics, and rely on long temporal intervals, which limit 

their ability to detect early or rapid changes. They also rarely integrate the spatial, ecological, and 

structural dimensions of landscape reorganization [17–19]. By contrast, this study leverages high-

temporal-resolution analysis, enabling the detection and quantification of rapid and early-stage land 

cover changes across the Luilu sector. In this context, remote sensing and landscape ecology tools are 

particularly relevant. Remote sensing provides homogeneous, comparable time series that allow the 

analysis of forest cover dynamics over several decades, even in regions where field inventories are 

scarce or discontinuous [22–24]. Landscape ecology, on the other hand, offers spatial metrics (e.g., 

Simpson’s diversity index, fractal dimension, dissection rate) that go beyond simple deforestation 

monitoring to evaluate landscape structure, connectivity, and ecological resilience [25,26]. 

Combining these approaches enables assessment not only of the magnitude of changes but also of 

their ecological and functional implications. 

By integrating diachronic Landsat image analysis (1990–2024) with landscape ecology metrics, 

this study provides an innovative perspective on Miombo transformation trajectories and their 

consequences for landscape functional integrity. This dual approach, rarely applied at the local scale 

in the region, allows identification of fragmentation mechanisms, evaluation of land-use class 

stability, and estimation of the capacity of forest ecosystems to withstand disturbances under strong 

land and extractive pressures. The central hypothesis is that anthropogenic pressures in the Luilu 

sector lead to increasing ecological fragmentation, instability of land-use classes, and loss of 

landscape functional coherence, thereby compromising the ability of Miombo ecosystems to maintain 

their ecological functions. 

2. Materials and Methods 

2.1. Study Area  

The study was conducted in the Luilu sector (7,644.88 km²; 24.894°–25.961° E; 10.176°–11.181° S), 

within the Mutshatsha territory, Lualaba Province, in southeastern DR Congo (Figure 1). Located in 

the Katanga Copperbelt at an altitude of 1,200–1,300 m, this area is strategic due to the high density 
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of copper-cobalt deposits and the ecological pressures associated with extractive activities. The 

climate is subtropical humid with a dry winter (Cwa) and locally tropical savanna (Aw) [27], 

receiving 1,000–1,400 mm of annual rainfall with mean temperatures ranging from 17 to 25 °C. These 

conditions influence the phenology of the Miombo, the dominant vegetation type alongside dry 

forests (Muhulu), gallery forests (Mushitu), savannas, and marshy grasslands [28,29]. Soils are 

predominantly Ferralsols, highly weathered, nutrient-poor, and prone to erosion in the absence of 

vegetation cover [28,30]. 

Anthropogenic dynamics are reflected in rapid urbanization, slash-and-burn agriculture, 

charcoal production, and both artisanal and industrial mining [19]. These pressures drive 

deforestation, Miombo fragmentation, and soil degradation. Increasing land artificialization, 

including roads, mining infrastructure, and urban neighborhoods, alters hydrological regimes and 

exacerbates the ecological vulnerability of an area where the balance between climate, soils, and 

vegetation is already fragile. 

 

Figure 1. Location of the Luilu sector in Lualaba Province (DR Congo), including the mining city of Kolwezi and 

its 79 rural settlements. The sector is served by a network of national and provincial roads. 

2.2. Acquisition and Processing of Satellite Data 

2.2.1. Source of Satellite Data 

The Luilu sector was delineated using satellite images acquired at five dates representative of 

major recent politico-economic stages in the DR Congo: 1990 (beginning of the democratization 

process), 1998 (prior to the liberalization of the mining sector), 2010 (following the global economic 

crisis and mining liberalization), 2014 (the year preceding the provincial reorganization), and 2024 

(current landscape conditions). Images were selected between late May and late August, 

corresponding to the dry season, to ensure better comparability and spectral consistency of 

vegetation cover [31]. 

The data were obtained from Landsat 5 Thematic Mapper (TM) and Landsat 8 OLI_TIRS sensors, 

both providing a 30 m spatial resolution. Images were downloaded from the USGS website 

(http://landsat.usgs.gov) and processed using the Google Earth Engine (GEE) platform, which 

combines a large catalog of public datasets with an optimized infrastructure for parallel processing 

of image time series [32]. The use of GEE also offers the advantage of accessing images that have 

already undergone standard-level corrections, ensuring the reliability of spatial and temporal 

analyses [33]. 
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2.2.2. Preprocessing of Satellite Images 

After import into Google Earth Engine (GEE), the Landsat Collection 2 images were 

radiometrically corrected to compensate for atmospheric, topographic, and instrumental effects [19]. 

The applyScaleFactors function was used to convert raw values into usable physical units: optical 

bands were recalibrated using a factor of 0.0000275 with a subtraction of 0.2, while thermal bands 

were corrected with a factor of 0.00341802 and an addition of 149.0 [32]. 

A systematic map() processing generated corrected bands for the entire collection, and the 

median composite was used to produce a clipped image for the study area (clip()) [34]. Pixels 

contaminated by clouds were removed using the cloud mask provided by the QA_PIXEL indicator 

[35]. Finally, the images were mosaicked, reprojected to the WGS84/UTM zone 35S coordinate system 

(EPSG:32735), and bilinearly resampled to harmonize spatial resolution and ensure continuity 

suitable for landscape dynamics analysis and land-use change assessment [36]. 

2.2.3. Selection of Training Areas 

A false-color composite was generated using the MIR, NIR, red, and green bands, with 

minimum and maximum values of 0 and 0.3 and a gamma of 2, to optimize the interpretation of 

vegetation cover [37]. This combination exploits distinctive spectral properties: NIR, strongly 

reflected by chlorophyll, highlights dense vegetation; red indicates chlorophyll absorption; and green 

reflects the health of the vegetation cover [38]. 

Training areas were defined through visual interpretation of the composites, supplemented with 

GPS field data, aerial photographs, and annotations using Open Foris Collect Earth [39]. To ensure 

comparability between periods, training sites were selected from pixels that remained stable over 

time [40]. The selection aimed to maximize intra-class homogeneity and minimize mixed-pixel 

effects, prioritizing areas large enough to capture the internal variability of each class [41,42]. This 

rigorous approach enhanced the reliability of training data for classification. 

A field campaign conducted from May to August allowed identification and georeferencing of 

land-use classes according to the typology of Malaisse [28] and Campbell et al. [43]: forest, shrub 

savanna, grassland, agriculture, built-up areas, bare soil, and water. In total, 82 points were collected 

for intact forest, 64 for shrub savanna, 58 for grassland, and 22 for agricultural areas. The number of 

samples was adjusted based on class representativeness, area, and temporal stability [12]. 

The classes are defined as follows: 

• Forest: mixed formations with a sparse herbaceous layer under a 15–20 m canopy, 

including dry dense forest, gallery forests, and Miombo woodland dominated by Brachystegia, 

Julbernardia, and Isoberlina [43]. 

• Shrub savanna: shrub and tree formations, often resulting from Miombo degradation or 

the evolution of grass savannas; their expansion generally indicates anthropogenic influence [28]. 

• Grassland: steppe and herbaceous savannas, either natural or anthropogenic, whose 

extent also reflects human pressures [28]. 

• Agriculture: cultivated plots, either in rotation or fallow [44]. 

• Bare soil and built-up areas: bare or rocky soils, roads, settlements, and mining sites, 

particularly around Kolwezi. 

• Water: rivers, lakes, and ponds. 

2.2.4. Supervised Classification 

Landsat imagery was classified using false-color composites in combination with the Random 

Forest (RF) algorithm, selected for its proven robustness in handling complex and heterogeneous 

multispectral data. RF is particularly effective in modeling nonlinear relationships among spectral 

bands, which are typical in the fragmented and dynamic landscapes of the Luilu sector [35,45]. As a 

tree-based ensemble model, RF is resilient to data noise and can capture complex interactions 

between spectral variables, thereby ensuring stable and reproducible classifications in diverse 

ecological contexts. 

Specific spectral bands were selected to optimize land-cover discrimination: near-infrared (NIR) 

and shortwave infrared (SWIR) bands were used to enhance vegetation and soil contrast, while 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 October 2025 doi:10.20944/preprints202510.1564.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1564.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 21 

 

visible bands (red, green, blue) facilitated the detection of anthropogenic features. False-color 

composites (e.g., SWIR-NIR-Red) were generated to improve visual separability of classes during 

training polygon delineation. 

To ensure the robustness and representativeness of the training dataset, a total of 1,200 polygons 

were manually delineated across the study area, with a minimum of 150 samples per land-use class. 

This approach captures the spectral variability within each class and reduces bias caused by spatial 

heterogeneity. The dataset was randomly split into 70% for model training and 30% for validation, 

consistent with standard practices in remote sensing to reduce overfitting and ensure reliable 

performance assessment. 

Model hyperparameters were optimized with Mtry = 2 and 100 trees, balancing predictive 

accuracy and the risk of overfitting. This configuration allows RF to faithfully represent intra-class 

spectral variability while maintaining resilience against mixed pixels and heterogeneous areas [35]. 

The sensitivity of RF to hyperparameter selection was considered, and preliminary tests ensured 

stable performance across multiple runs. 

Classification accuracy was quantitatively assessed using confusion matrices, from which 

overall accuracy, user’s accuracy, and producer’s accuracy were computed [46,47]. User’s accuracy 

reflects the proportion of correctly classified pixels relative to all pixels assigned to a given class, with 

low values indicating overestimation of that class. Producer’s accuracy represents the proportion of 

true features correctly identified by the classification, with low values signaling underrepresentation 

[47]. These metrics provide a rigorous evaluation of model performance and highlight potential 

spectral confusions among land-use classes, enabling ecologically meaningful interpretation of the 

results. 

2.2.5. Landscape Dynamics Analysis 

The landscape analysis provides a quantitative framework to test the central hypothesis that 

anthropogenic pressures in the Luilu sector lead to increased ecological fragmentation, instability of 

land-use classes, and reduced landscape functional coherence, ultimately compromising the 

ecological integrity of Miombo ecosystems. By characterizing spatial configuration with structural 

metrics such as mean patch area (ā), total area (a), number of patches (n), largest patch index (D), and 

mean fractal dimension (Df) [48], the study captures key aspects of habitat fragmentation, dominance, 

connectivity, and morphological complexity. These metrics directly inform the assessment of 

ecological fragmentation, one of the core components of the hypothesis. 

Similarly, the evaluation of landscape composition through transition matrices quantifies spatio-

temporal flows between land-use classes [17], allowing the calculation of the Landscape Stability 

Index (LSI) [49] and Periodic Deforestation Rate (PDR) [50]. LSI serves as a direct measure of class 

stability and resilience, while PDR reflects anthropogenic pressure on natural ecosystems, providing 

empirical evidence to test whether human activities are driving instability in land-use classes. 

The identification of spatial transformation processes via the decision-tree method of Bogaert et 

al. [51], based on n, a, and cumulative perimeter (p), further differentiates anthropogenic dynamics 

(aggregation, expansion, displacement) from natural processes (attrition, perforation, shrinkage, 

deformation, dissection, fragmentation). Applying a threshold of t = 0.75 to distinguish dissection 

from fragmentation [52] enables precise detection of human-driven structural changes, which is 

central to evaluating whether functional landscape coherence is being disrupted. 

Finally, the use of Simpson’s Diversity Index (SIDI) and Evenness Index (SIEI) [53] provides 

complementary insights into class richness and spatial distribution, highlighting potential losses in 

landscape heterogeneity and ecosystem function. Together, these multi-scale spatial metrics and 

indices form an integrated analytical framework that directly tests the hypothesis by linking 

anthropogenic pressures to measurable changes in ecological fragmentation, land-use stability, and 

landscape functional integrity in the Miombo ecosystems of the Luilu sector. 

3. Results 

3.1. Land-Use Mapping  
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Supervised classification of Landsat imagery in the Luilu sector using the Random Forest 

algorithm yielded overall accuracies between 83% and 93%, with Kappa coefficients ranging from 

0.78 to 0.91, demonstrating the statistical robustness and reliability of the results in line with 

established remote sensing standards [47,54]. User’s and producer’s accuracies indicate very high 

classification reliability for water bodies (>98%), forests (>95%), and built-up areas (>88%). In contrast, 

grasslands and agricultural areas exhibited greater variability, reflecting their spatial heterogeneity 

and seasonal dynamics, which complicate spectral discrimination (Table 2). Analysis of the Landsat-

derived maps from 1990 to 2024 (Figure 2) reveals a continuous decline in natural vegetation cover, 

predominantly replaced by agricultural, herbaceous, mining, and built-up areas, with particularly 

pronounced expansion in the northwest and southeast of the sector. The Miombo woodland, the 

region’s dominant vegetation type, experienced substantial area loss. The water class, which 

remained largely stable, was excluded from subsequent dynamic analyses. Overall, the Luilu 

landscape exhibits a clear transition toward anthropogenic land covers, accompanied by increasing 

fragmentation of forest habitats. This trend reflects intense human pressure on ecosystems, 

compromising their ecological resilience and elevating the risk of long-term environmental 

degradation. 

Table 2. Accuracy assessment indices of supervised classifications of Landsat images (1990–2024) using the 

Random Forest algorithm. UA: User’s Accuracy; PA: Producer’s Accuracy. 
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Figure 2. Land-use maps of the study area for 1990, 1998, 2006, 2014, and 2024, based on Landsat image 

classification using the Random Forest algorithm. A decrease in Miombo woodland cover and an increase in 

agricultural land, built-up and bare soil areas, as well as shrub savanna, were observed. The years 1993, 2001, 

2010, 2017, and 2021 are not shown in the figure.3.2. Landscape Composition and Stability in the Luilu Sector. 

3.2.1. Spatial Recomposition and Anthropization Dynamics 

Forest exhibited gradual but continuous losses across all periods, with a portion of forested area 

converting to shrub savanna, grassland, and agriculture. For example, between 1990–1993, 

approximately 9.01% of forest transitioned to shrub savanna and 9.88% to agriculture, highlighting 

both secondary succession processes and human-induced clearance. Forest loss was most 

pronounced in the 2017–2021 interval, reflecting intensified anthropogenic pressure in recent 

decades. The persistence of a significant fraction of forest (e.g., 23.02% remaining forest in 2021–2024) 

indicates some areas retained ecological integrity, likely in less accessible or protected zones. 

Shrub savanna experienced both gain and loss. Portions of forest and grassland converted into 

shrub savanna, reflecting natural succession or abandonment of agricultural fields. However, shrub 

savanna also transitioned to agriculture and bare soil, particularly in the periods 2010–2014 and 2021–

2024, suggesting ongoing human exploitation. By 2021–2024, shrub savanna remained the most 

extensive class (40.02%), indicating its resilience but also its role as a transitional state under 

anthropogenic influence. 

Grasslands displayed moderate stability, with substantial portions persisting (e.g., 2.88–4.35% 

per period) but also experiencing conversion to agriculture and shrub savanna. Seasonal land cover 

and shifting cultivation likely contributed to these patterns, as indicated by the recurring exchange 

with agricultural areas. 

Agricultural areas showed steady increases, primarily at the expense of forest and shrub 

savanna. Early periods (1990–1998) indicate gradual expansion, while later periods (2014–2024) 

reflect accelerated growth, consistent with intensifying human activity and population pressures. 

Agriculture also shows internal stability, with a notable fraction persisting within each interval, 

suggesting established cropland areas. 

This class experienced incremental growth, particularly in recent periods (2021–2024), mainly 

through conversion of shrub savanna and grassland. Although its total area remains relatively small, 

the consistent increase signals urbanization and mining-related disturbance, contributing to 

landscape fragmentation. 

The transition matrix quantitatively confirms a shift from natural vegetation to human-modified 

landscapes, with forest loss, shrub savanna conversion, and agricultural expansion as dominant 

processes. These dynamics underline increasing ecological fragmentation, reduced resilience of 

Miombo woodlands, and growing susceptibility to long-term degradation. 
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Table 3. Transition matrices (in %) showing land-use changes between 1990–1993, 1993–1998, 1998–2001, 2006–

2010, 2010–2014, 2014–2017, 2017–2021, and 2021–2024 in the Luilu sector, based on supervised classification 

using the Random Forest algorithm. Bold values indicate the proportion of land-use that remained unchanged. 

1% corresponds to 76.64488 km². Totals do not sum to 100% because the “water” class was excluded from the 

analyses. 

Period From \ To Forest 
Shrub 

Savanna 
Grassland Agriculture 

Bare Soil & 

Built-up 
Total 

1990–

1993 
Forest 29.74 9.01 2.32 9.88 0.01 50.97 

 Shrub 

Savanna 
2.49 12.58 4.27 5.52 0 24.86 

 Grassland 0.91 3.07 4 7.27 0.11 15.34 
 Agriculture 0.16 0.64 1.85 1.57 0.05 4.28 

 Bare Soil & 

Built-up 
0 0 0.07 0.03 0.56 0.65 

1993–

1998 
Forest 23.67 4.85 4.09 0.76 0.01 33.39 

 Shrub 

Savanna 
8.84 11.07 4.17 1.23 0.11 25.42 

 Grassland 1.24 5.83 3.52 1.27 0.69 12.55 
 Agriculture 3.97 12.39 5.24 2.55 0.29 24.44 

 Bare Soil & 

Built-up 
0 0 0.03 0.01 0.68 0.72 

1998–

2001 
Forest 25.24 9.55 1.64 1.27 0 37.7 

 Shrub 

Savanna 
8.01 12.54 6.88 6.65 0.07 34.15 

 Grassland 2.16 6.24 4.33 4.29 0.12 17.15 
 Agriculture 0.83 1.36 1.51 2.09 0.03 5.81 

 Bare Soil & 

Built-up 
0.01 0.04 0.4 0.69 0.64 1.79 

2001–

2006 
Forest 26.73 8.04 0.65 0.81 0.03 36.26 

 Shrub 

Savanna 
10.16 16 1.84 1.81 0.11 29.92 

 Grassland 1.16 6.65 3.29 3.32 0.36 14.78 
 Agriculture 0.6 6.52 2.4 4.85 0.65 15.02 

 Bare Soil & 

Built-up 
0.05 0.03 0.05 0.08 0.65 0.87 

2006–

2010 
Forest 27.81 9.77 0.91 0.25 0.12 38.87 

 Shrub 

Savanna 
4.68 25.11 5.65 1.75 0.07 37.25 

 Grassland 0.13 4.07 1.95 1.93 0.13 8.21 
 Agriculture 0.37 6.01 1.65 2.48 0.36 10.88 

 Bare Soil & 

Built-up 
0.03 0.24 0.19 0.45 1.01 1.92 

2010–

2014 
Forest 26.94 4.05 1.45 0.32 0.05 32.82 

 Shrub 

Savanna 
11.36 19 6.2 7.92 0.45 44.93 

 Grassland 1.05 4.85 2.04 2.09 0.2 10.24 
 Agriculture 0.12 1.47 2.39 2.24 0.57 6.79 
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 Bare Soil & 

Built-up 
0.04 0.03 0.13 0.12 1.16 1.48 

2014–

2017 
Forest 25.29 11.71 1.13 1.24 0.03 39.4 

 Shrub 

Savanna 
1.85 18.89 4.83 3.72 0.07 29.36 

 Grassland 0.93 3.48 4.13 3.31 0.33 12.19 
 Agriculture 0.05 3.72 2.67 6.07 0.16 12.67 

 Bare Soil & 

Built-up 
0 0.04 0.36 0.51 1.55 2.45 

2017–

2021 
Forest 18.32 9.27 0.49 0.15 0.04 28.27 

 Shrub 

Savanna 
7.7 22.23 4.75 3.15 0.2 38.02 

 Grassland 0.6 4.27 4.35 3.41 0.61 13.24 
 Agriculture 1.16 4.32 3.39 5.15 0.92 14.94 

 Bare Soil & 

Built-up 
0.04 0.03 0.2 0.13 1.75 2.15 

2021–

2024 
Forest 23.02 2.21 1.13 1.44 0.15 27.95 

 Shrub 

Savanna 
14.56 15.34 4.85 4.88 0.39 40.02 

 Grassland 0.84 5.27 2.88 3.28 0.91 13.18 
 Agriculture 0.77 4.39 2.56 3.36 0.88 11.96 

 Bare Soil & 

Built-up 
0 0.04 0.08 0.64 2.73 3.49 

3.2.2. Class Stability and Ecological Resiliences 

The assessment of periodic stability indices (PSI) and their annual averages (ASI) (Table 4) 

reveals significant instability in land cover classes in Luilu, reflecting continuous spatial 

reorganization and intense territorial dynamics. These indices quantify the capacity of classes to 

maintain their area from one period to another: values greater than 1 indicate net expansion, whereas 

values below 1 indicate regression or conversion to other classes. 

Anthropogenic classes—agriculture, shrub savanna, and bare/urban soils—mostly exhibit PSI > 

1, confirming their role as recipients of areas derived from natural formations. Agriculture is 

characterized by high variability, with a peak expansion between 1990 and 1993 (PSI = 8.41) and a 

high ASI (0.65), reflecting rapid growth linked to shifting cultivation and the absence of land-use 

regulation. Shrub savanna, relatively stable (ASI = 0.31), functions as an ecological buffer, although it 

undergoes periodic fluctuations. Bare and urban soils show the most extreme instability, with PSI up 

to 27.50 and a maximum ASI (1.19), reflecting rapid expansion associated with urbanization and 

mining activities. 

Conversely, natural formations such as grasslands and Miombo woodland exhibit PSI generally 

< 1, indicating a net loss of area. Grasslands, with an ASI of 0.27, appear particularly vulnerable to 

conversion, while Miombo woodland, despite occasional expansion episodes (PSI = 3.28 between 

2021 and 2024), remains overall fragile (ASI = 0.33) under anthropogenic pressure. The landscape-

wide stability index, ranging from 0.75 to 1.51 across periods (ASI = 0.31), confirms continuous 

territorial reorganization, with phases of intense conversion, notably between 1993 and 1998. 

Overall, anthropization in the Luilu sector appears selective and intense, favoring open and 

exploited classes while weakening natural formations. These results highlight the urgency of 

integrated land management aimed at protecting the most vulnerable ecological formations and 

enhancing landscape resilience against the combined effects of agriculture, urbanization, and mining. 

3.2.3. Evolution of Landscape Diversity in the Luilu Sector (1990–2024) 
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From 1990 to 1993, SIDI increased from 0.65 to 0.75 and SIEI from 0.58 to 0.80, suggesting an 

initial increase in landscape heterogeneity and more balanced class distribution, likely due to early 

human-induced fragmentation and emergence of new land covers (e.g., agriculture and built-up 

areas). Between 1993 and 2010, SIDI fluctuated downward to 0.67 and SIEI to 0.61, indicating reduced 

diversity and uneven distribution, possibly reflecting consolidation of dominant classes such as shrub 

savanna and agricultural land at the expense of forests and grasslands. From 2014 onwards, both 

SIDI (0.73–0.74) and SIEI (0.73–0.76) recovered and stabilized, suggesting a more heterogeneous but 

structurally fragmented landscape, where multiple land-use types coexist in relatively balanced 

proportions, albeit under persistent anthropogenic pressure. The SIDI and SIEI trends highlight a 

transition toward a moderately diverse but increasingly anthropogenically structured landscape, 

consistent with observed forest loss, agricultural expansion, and habitat fragmentation. 

3.3. Structural Dynamics and Spatial Transformation Processes in Luilu (1990–2024) 

3.3.1. Spatial Configuration of the Landscape 

The analysis of structural metrics highlights contrasting trajectories between natural and 

anthropogenic land-use classes in the Luilu sector. Natural classes, including Miombo woodland, 

shrub savanna, and grassland, exhibit a high number of patches, indicative of strong fragmentation 

and spatial dispersion, while the mean patch area remains very low (<0.03 km²), confirming that 

natural habitats are increasingly subdivided into small, isolated units. Miombo woodland, despite 

retaining a relatively large total area, shows a steady decline in the largest patch index from 29.62% 

in 1990 to 24.34% in 2024, signaling progressive loss of connectivity and increased vulnerability to 

edge effects. Grasslands demonstrate a more severe structural collapse, with the largest patch index 

declining from 9.57% to 0.52%, reflecting extensive fragmentation and reduction of continuous 

habitat units. Shrub savanna exhibits greater temporal variability, peaking at a largest patch index of 

23.62% in 2010, underscoring its role as a transitional class mediating landscape reorganization 

between natural and anthropogenic areas. 

Anthropogenic classes, including agriculture and bare or urban soils, show sustained expansion. 

Agricultural patches increase sharply between 1993 and 1998, with rapid area growth and higher 

dominance before stabilizing in later periods. Bare and built-up areas follow a continuous upward 

trajectory, with patch aggregation leading to the largest patch reaching 46.87% in 2024, indicating the 

formation of dominant, continuous anthropogenic units. Both classes exhibit high fractal dimensions, 

reflecting complex, irregular morphologies typical of rapid and unplanned urban expansion and 

heterogeneous agricultural mosaics. 

Overall, the Luilu landscape is increasingly polarized, with fragmented natural habitats 

coexisting alongside aggregated and morphologically complex anthropogenic areas. Declining patch 

connectivity and reduced mean patch areas in natural classes imply increasing susceptibility to 

ecological degradation, including loss of habitat for Miombo-dependent species, reduced gene flow, 

and heightened edge effects. Meanwhile, the expansion and morphological complexity of 

anthropogenic classes indicate intensifying human pressure, driving functional simplification of 

natural systems despite apparent landscape heterogeneity. The metrics collectively reflect a dynamic, 

anthropogenically driven landscape transformation in which natural ecosystems are progressively 

fragmented and anthropogenic patches dominate both area and structural complexity, 

compromising the ecological connectivity and resilience of the Miombo-dominated landscape. 

Table 4. Periodic Stability Index (PSI) and Annual Stability Index (ASI) of Land Cover Classes and Landscape 

in Luilu (1990–2024). 
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0.33 0.31 0.27 0.65 1.19 0.31 

Table 5. Simpson Diversity Index (SIDI) and Simpson Evenness Index (SIEI) of Luilu (1990–2024). 

Year Simpson Diversity Index (SIDI) Simpson Evenness Index (SIEI) 

1990 0.65 0.58 

1993 0.75 0.8 

1998 0.71 0.69 

2001 0.74 0.76 

2006 0.69 0.65 

2010 0.67 0.61 

2014 0.73 0.73 

2017 0.74 0.76 

2021 0.73 0.74 

2024 0.74 0.76 
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3.3.2. Spatial Transformation Processes 

Analysis of spatial transformation processes confirms the patterns observed in spatial 

configuration (Table 6). Between 1990 and 2001, Miombo woodland is primarily subjected to 

dissection (t = 0.92), indicating fragmentation without significant area loss. Shrub savanna 

experiences aggregation, while agricultural and built-up areas emerge through creation. 

During 2001–2014, localized aggregation of Miombo woodland is observed, suggesting local 

regeneration events. In contrast, shrub savanna undergoes pronounced dissection (t = 0.98), and 

grasslands as well as agricultural areas are affected by suppression, indicating spatial retreat. 

Expansion of built-up and bare soil areas continues through creation. 

Between 2014 and 2024, dissection extends to all vegetation formations: Miombo woodland (t = 

0.76), shrub savanna (t = 0.93), and grassland (t = 0.94), confirming increased fragmentation of natural 

cover. Simultaneously, anthropogenic classes continue to expand through creation, consolidating 

territorial control and intensifying pressure on natural environments. 

Thus, the structural dynamics of the Luilu landscape between 1990 and 2024 reveal advanced 

fragmentation of natural formations alongside spatial consolidation of anthropogenic classes. This 

territorial reorganization, driven by intensified human use and degradation of ecological coherence, 

underscores the need for integrated land management focused on preserving natural structures, 

maintaining ecological connectivity, and regulating land artificialization. 

Table 6. Spatial Structure Indices of the Luilu Landscape (1990–2024). Notation: n = number of patches; a = total 

class area (km²); ā= mean patch area (km²); D = largest patch index (%); Df(p) = fractal dimension and p-value of 

regression. 

Year Index Forest 
Shrub 

Savanna 
Grassland Agriculture 

Bare & 

Built 
Water 

1990 n 111702 257212 235334 94265 1850 11489 
 a 2966.32 1867.66 1151.47 320.87 49.18 285.28 
 ā 0.03 0.01 0 0 0.03 0.02 
 D 29.62 2.66 9.57 0.72 30.75 81.26 
 Df(p) 1.42(0.00) 1.40(0.00) 1.42(0.00) 1.42(0.00) 1.40(0.00) 1.47(0.00) 

1993 n 129801 334719 250210 216034 2590 4793 
 a 1946.77 1909.21 942.58 1832.91 55.18 238.54 
 ā 0.01 0.01 0 0.01 0.02 0.05 
 D 29.51 7.63 5.03 13.1 30.92 91.32 
 Df(p) 1.42(0.00) 1.42(0.00) 1.45(0.00) 1.42(0.00) 1.50(0.00) 1.52(0.00) 

1998 n 156838 179298 198450 239031 10007 8617 
 a 2828.96 2560.83 1292.52 435.38 134.63 247.88 
 ā 0.02 0.01 0.01 0 0.01 0.03 
 D 19.97 13.78 2.85 0.16 43.4 82.6 
 Df(p) 1.41(0.00) 1.41(0.00) 1.45(0.00) 1.48(0.00) 1.50(0.00) 1.51(0.00) 

2001 n 131569 251658 246762 125929 10534 1034 
 a 2719.76 2243.39 1108.43 1126.07 65.32 236.83 
 ā 0.02 0.01 0 0.01 0.01 0.23 
 D 23.6 5.27 2.75 12.83 18.92 95.24 
 Df(p) 1.41(0.00) 1.40(0.00) 1.43(0.00) 1.42(0.00) 1.50(0.00) 1.55(0.00) 

2006 n 97820 174142 169684 156703 18776 705 
 a 2920.42 2793.83 616.76 816.97 147.39 204.49 
 ā 0.03 0.02 0 0.01 0.01 0.29 
 D 24.07 17.86 0.48 5.87 17.95 94.41 
 Df(p) 1.43(0.00) 1.41(0.00) 1.44(0.00) 1.43(0.00) 1.49(0.00) 1.47(0.00) 

2010 n 77213 169674 140084 78906 12475 972 
 a 2479.07 3389.46 775.41 514.72 139.37 202.47 
 ā 0.03 0.02 0.01 0.01 0.01 0.21 
 D 15.44 23.62 0.72 6.22 22.25 92.16 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 October 2025 doi:10.20944/preprints202510.1564.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1564.v1
http://creativecommons.org/licenses/by/4.0/


 13 of 21 

 

 Df(p) 1.42(0.00) 1.41(0.00) 1.44(0.00) 1.42(0.00) 1.43(0.00) 1.45(0.00) 

2014 n 117902 186960 232705 110251 13082 9323 
 a 2964.21 2204.81 915.97 952.15 184.07 279.3 
 ā 0.03 0.01 0 0.01 0.01 0.03 
 D 22.38 4.57 2.33 6.18 51.79 75.64 
 Df(p) 1.43(0.00) 1.40(0.00) 1.45(0.00) 1.44(0.00) 1.48(0.00) 1.51(0.00) 

2017 n 72279 152582 161123 83121 9753 7187 
 a 2121.22 2853.33 994.22 1123.81 163.79 244.14 
 ā 0.03 0.02 0.01 0.01 0.02 0.03 
 D 23.53 17.27 1.81 13.27 32.49 83.27 
 Df(p) 1.43(0.00) 1.43(0.00) 1.43(0.00) 1.43(0.00) 1.48(0.00) 1.47(0.00) 

2021 n 142860 209388 209696 183891 12790 1771 
 a 2116.62 3013.03 993.22 900.54 263.63 213.45 
 ā 0.01 0.01 0 0 0.02 0.12 
 D 22.45 10.51 2.01 5.93 35.86 89.11 
 Df(p) 1.43(0.00) 1.40(0.00) 1.44(0.00) 1.42(0.00) 1.46(0.00) 1.51(0.00) 

2024 n 121087 256435 287181 126465 41166 10818 
 a 2239.82 2043.84 863.63 1023.7 382.29 246.92 
 ā 0.02 0.01 0 0.01 0.01 0.02 
 D 24.34 6.18 0.52 2.61 46.87 76.48 
 Df(p) 1.43(0.00) 1.40(0.00) 1.44(0.00) 1.43(0.00) 1.46(0.00) 1.52(0.00) 

4. Discussion 

4.1. Methodological Approach 

Landsat imagery, with its 30 m spatial resolution, provides valuable opportunities for analyzing 

regional land-use dynamics [55,56]. However, this resolution limits the detection of small agricultural 

plots, fragmented urban areas, and patchy natural formations, potentially introducing biases in the 

estimation of fragmentation indices and the construction of transition matrices. To address these 

limitations, several preprocessing steps were implemented, including the filtering of isolated pixels, 

aggregation of adjacent patches, and cross-validation with both ground-based sampling and aerial 

photograph interpretation [57]. 

Within this framework, the RF algorithm was selected for its robustness to noisy data and class 

imbalances [58]. Model performance was further enhanced through careful calibration, the use of 

representative training datasets, and cross-validation, which minimized misclassification among 

spectrally similar land-cover classes [57]. To quantify landscape structure and temporal dynamics, a 

suite of landscape metrics—including ISP, ISA, SIDI, SIEI, and fragmentation indices—was applied. 

While these indicators effectively describe structural and compositional changes, they do not directly 

capture socio-economic or climatic drivers, which were integrated qualitatively based on local 

knowledge of agricultural practices, urbanization trends, and mining activities. 

Although transition matrices provide a useful framework for quantifying land-use conversions, 

they are sensitive to classification errors and offer limited insight into underlying drivers. To mitigate 

these constraints, the methodology combined an optimized RF approach, the incorporation of 

auxiliary data, and long-term temporal analysis, enabling a more reliable representation of major 

land-use dynamics, including deforestation, agricultural expansion, and urban growth. Finally, the 

GEE platform facilitated access to Landsat time series and large-scale data processing [33], allowing 

efficient integration of auxiliary datasets and implementation of the Random Forest algorithm, 

thereby improving classification accuracy and the detection of spatio-temporal changes. 

4.2. Spatial Dynamics and Landscape Recomposition in the Luilu Sector (1990–2024) 

Analyses reveal a profound landscape transformation in the Luilu sector between 1990 and 2024, 

marked by a sharp decline in natural formations and continuous expansion of anthropogenic areas. 

Miombo woodlands decreased by 11.9 percentage points, and grasslands experienced an even more 
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pronounced contraction, illustrating that land conversion dynamics are strongly driven by human 

pressures, particularly agriculture, urbanization, and mining activities. From a landscape ecology 

perspective, these changes highlight the interplay between patch dynamics, spatial contagion, and 

connectivity loss, whereby continuous natural habitats are subdivided into isolated patches 

embedded within a dominant anthropogenic matrix, altering ecological flows, edge effects, and 

resilience [62]. 

This landscape recomposition closely reflects political-economic trajectories in the DR Congo. 

State weakening and subsistence agriculture expansion since 1990 led to regression of natural 

formations, while the 1998 conflict and mining liberalization accelerated fragmentation through 

population displacement and increased local resource dependence. From 2010 onwards, economic 

recovery and foreign investment promoted aggregation of anthropogenic patches, enhancing spatial 

contagion and reinforcing the dominance of built-up and mining areas. Provincial restructuring in 

2014 intensified land tenure conflicts, further polarizing landscapes between mining concessions and 

agricultural zones. By 2024, the cobalt boom drove rapid expansion of mining and urban areas, as 

reflected in high fractal dimensions and decreasing connectivity, underscoring how socio-economic 

drivers interact with landscape structure and function, consistent with broader Southern African 

savanna-forest mosaic patterns [59,60]. 

Apparent increases in landscape diversity and evenness indices (SIDI and SIEI) are misleading, 

as they primarily capture the spatial redistribution of anthropogenic classes rather than genuine 

ecological enrichment. Functional homogenization is evident as small natural patches proliferate 

(<0.03 km²) and connectivity declines, transforming landscapes from continuous forest matrices to 

fragmented mosaics, thereby reducing ecological resilience and increasing vulnerability of sensitive 

species [61,62]. Anthropogenic classes, conversely, aggregate into coherent clusters, reinforcing 

polarization between residual natural patches and human-modified areas. High fractal dimensions 

in built-up and mining zones reflect irregular, opportunistic expansion, characteristic of rapid, poorly 

planned land occupation [63]. These structural changes simplify plant communities, with sensitive 

Miombo species declining while pioneer and pyrophytic species dominate, homogenizing floristic 

composition and compromising key ecosystem services, including water regulation, carbon storage, 

and soil fertility [64]. 

Mining activities strongly drive these dynamics. Copper and cobalt extraction around Kolwezi 

promotes concession expansion, deforestation, and soil artificialization, with indirect impacts such 

as pollution, habitat degradation, and invasion by opportunistic species. Unplanned urbanization 

amplifies these effects by increasing interfaces between human settlements and natural habitats, 

reinforcing disorganized patch configurations [65,66]. The expansion of anthropogenic mosaics 

increases landscape susceptibility to fire and climatic extremes while exerting socio-economic 

pressures by reducing land for sustainable agriculture and straining local subsistence resources. Land 

tenure conflicts among farmers, mining companies, and communities further exacerbate these 

pressures [67]. 

The Luilu case exemplifies broader Southern African patterns, where forests and grasslands 

fragment under shifting cultivation, mining, and urbanization, while anthropogenic patches 

aggregate, increasing landscape morphological complexity and reducing connectivity [68–70]. Shrub 

savannas function as intermediate zones mediating disturbance flows but remain highly vulnerable 

[70]. Similar trends in Congolese cities, such as Butembo and Lubumbashi, illustrate the generality of 

these processes, producing irregular fractal patterns and functional simplification of landscapes 

[3,19,65,71,72]. 

Methodologically, this study offers novel insights by employing a high-temporal-resolution 

Landsat time series, with short inter-image intervals spanning 1990–2024, combined with Random 

Forest classification and quantitative landscape metrics. This fine temporal resolution allows the 

detection of rapid landscape changes, such as accelerated deforestation, agricultural expansion, or 

mining development, that may be missed in coarser time series. By integrating patch, connectivity, 

and fractal analyses, the approach captures key landscape ecology principles, including patch 

dynamics, spatial contagion, and resilience, while quantifying both structural and functional 

responses of ecosystems to anthropogenic pressures. 
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The Luilu landscape illustrates a transition to a human-dominated socio-ecological system, 

where increasing fragmentation, simplification of plant communities, and aggregation of 

anthropogenic patches reflect functional homogenization and reduced resilience. These dynamics 

align with theoretical perspectives in landscape ecology, highlighting the significance of patch 

dynamics, spatial contagion, and connectivity loss as mechanisms driving landscape restructuring, 

as discussed by Foley et al. (2005) and Hobbs et al. (2006). The findings underscore the urgent need 

for integrated management strategies that reconcile socio-economic development with ecological 

conservation to preserve connectivity, biodiversity, and essential ecosystem services over the long 

term. 

4.3. Socio-Ecological Implications of the Findings for Conservation and Sustainable Management 

The landscape dynamics observed in the Luilu sector between 1990 and 2024 reveal a profound 

territorial transformation, marked by regression of natural formations, expansion of anthropogenic 

classes, and increasing ecological fragmentation. Miombo woodlands and grasslands, though still 

present, are increasingly dissected and lose connectivity, compromising ecological resilience and 

essential ecosystem services such as hydrological regulation, soil protection, and carbon storage. 

Fragmentation has shifted the landscape from a continuous forest matrix to isolated patches, 

reducing connectivity and ecosystem resilience. Integrated strategies, including protected areas, 

restoration, and ecological corridors, can maintain patch dynamics and functional connectivity. 

Similar approaches in Southern Africa—Zambia’s Kafue–Kavango corridors [73] and Serengeti–

Ngorongoro migrations [74,75]—and participatory restoration in Maringa-Lopori-Wamba [76,77] 

demonstrate the effectiveness of combining conservation and local livelihood benefits. These 

interventions benefit from multi-level governance, engaging provincial authorities, local 

communities, and customary land managers to ensure coordinated protection and restoration. 

Shrub savannas and agricultural lands have expanded and consolidated, reflecting intensified 

human use. Sustainable agricultural practices, agroforestry, and land-use planning can reduce forest 

conversion while enhancing productivity, as shown in the Zambian Copperbelt [70]. Such measures 

leverage spatial contagion dynamics to manage expansion and mitigate impacts on remaining natural 

habitats. Rapid urbanization and mining expansion form large, irregular patches, amplifying habitat 

fragmentation and reducing landscape permeability. Integrated urban planning, zoning, and green 

infrastructure, as applied in Lubumbashi [19], help contain disorderly expansion and preserve 

ecological functionality, with municipal planning offices and environmental agencies serving as key 

governance actors. 

Analysis of landscape diversity (SIDI) and evenness (SIEI) indicates increased heterogeneity, 

reflecting redistribution in favor of anthropogenic classes rather than genuine ecological enrichment. 

While this may provide socio-economic opportunities, it coincides with functional homogenization 

and reduced ecosystem resilience. Maintaining ecological corridors and assisted natural regeneration 

is therefore essential to reconcile territorial development with conservation. Experiences in Zambia 

and the Congo Basin show that combining high-temporal-resolution monitoring, landscape ecology 

principles, and community engagement enhances adaptive capacity and limits irreversible ecosystem 

degradation [70,78]. 

The findings from Luilu underscore the importance of translating landscape dynamics into 

actionable strategies that reconcile ecological conservation with socio-economic development. 

Overall, the integration of high-temporal-resolution monitoring, landscape ecology principles, and 

participatory governance provides a framework for adaptive management, enabling policymakers 

and stakeholders in the DR Congo to anticipate and mitigate rapid land-use changes while enhancing 

landscape resilience and socio-ecological sustainability. 

5. Conclusions 

This study examined land cover dynamics in the Luilu sector over a 34-year period by combining 

long-term Landsat satellite imagery with quantitative landscape ecology tools, including patch, 

connectivity, and fractal analyses. The results demonstrate that intensified mining activities and 

agricultural expansion have driven significant spatial transformations: miombo woodlands, once 
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dominant, declined by 22%, largely replaced by agricultural lands, shrub savannas, and built-up or 

bare soils. This pattern highlights the low ecological resilience of natural formations under sustained 

anthropogenic pressure. 

The observed increases in landscape diversity and evenness indices indicate a more balanced 

redistribution of land cover classes; however, this is accompanied by greater fragmentation and 

morphological complexity, reflected in the dissection of natural habitats and aggregation of 

anthropogenic patches, particularly around urban and mining areas. These changes have clear 

implications for ecological connectivity, ecosystem service provision, and overall territorial 

functionality. 

Methodologically, the study contributes novel insights through high-temporal-resolution 

monitoring, capturing both rapid and long-term landscape dynamics. The integration of patch, 

connectivity, and fractal metrics provides a framework for assessing structural and functional 

changes in socio-ecological landscapes, and the approach is reproducible using open-access Landsat 

data. Supplementary materials detailing classification procedures, training datasets, and metric 

calculations can further support transparency and reproducibility, in line with Geographies 

recommendations. 

Although the 30 m spatial resolution limits detection of small-scale transformations and the lack 

of fine-grained socio-economic data constrains analysis of local drivers, the trends are robust enough 

to inform priority management strategies. These include habitat conservation, ecological restoration 

of degraded areas, and regulation of anthropogenic uses to preserve ecological resilience and support 

sustainable territorial development. 

Finally, further research is needed to model future land cover trajectories, quantify impacts on 

ecosystem services such as carbon storage, hydrological regulation, and biodiversity, and better 

understand local land-use logics. Such work would provide a solid scientific basis for designing 

environmental policies adapted to the socio-ecological realities of the Luilu sector. 
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