
Citation: Useni Sikuzani, Y.; Mpanda

Mukenza, M.; Mwenya, I.K.; Muteya,

H.K.; Nghonda, D.-d.N.; Mukendi,

N.K.; Malaisse, F.; Kaj, F.M.; Mwembu,

D.D.D.; Bogaert, J. Quantifying Forest

Cover Loss during the COVID-19

Pandemic in the Lubumbashi

Charcoal Production Basin (DR

Congo) through Remote Sensing and

Landscape Analysis. Resources 2024,

13, 95. https://doi.org/10.3390/

resources13070095

Academic Editor: Monica Pinardi

Received: 29 April 2024

Revised: 7 June 2024

Accepted: 1 July 2024

Published: 5 July 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Article

Quantifying Forest Cover Loss during the COVID-19 Pandemic
in the Lubumbashi Charcoal Production Basin (DR Congo)
through Remote Sensing and Landscape Analysis
Yannick Useni Sikuzani 1,* , Médard Mpanda Mukenza 2,* , Ildephonse Kipili Mwenya 2 ,
Héritier Khoji Muteya 1, Dieu-donné N’tambwe Nghonda 1 , Nathan Kasanda Mukendi 3, François Malaisse 4 ,
Françoise Malonga Kaj 5, Donatien Dibwe Dia Mwembu 6 and Jan Bogaert 4

1 Unit Ecology, Ecological Restoration and Landscape, Faculty of Agronomic Sciences, University of
Lubumbashi, Lubumbashi P.O. Box 1825, Democratic Republic of the Congo; hkhoji@doct.uliege.be (H.K.M.);
nghondan@unilu.ac.cd (D.-d.N.N.)

2 Department of Renewable Natural Resources Management, Faculty of Agronomic Sciences, Katumba
Mwanke University of Technology, Lubumbashi P.O. Box 74, Democratic Republic of the Congo;
ildephonsekipilim@gmail.com

3 Research Unit in Agricultural Economics and Development, Faculty of Agronomic Sciences, University of
Lubumbashi, Lubumbashi P.O. Box 1825, Democratic Republic of the Congo; kasanda.mukendi@unilu.ac.cd

4 Biodiversity, Ecosystem and Landscape Unit, Gembloux Agro-Bio Tech, University of Liège, 5030 Gembloux,
Belgium; malaisse1234@gmail.com (F.M.); j.bogaert@uliege.be (J.B.)

5 School of Public Health, University of Lubumbashi, Lubumbashi P.O. Box 1825,
Democratic Republic of the Congo; kaj_mal@unilu.ac.cd

6 Department of Historical Sciences, Faculty of Arts and Humanities, Lubumbashi P.O. Box 1825,
Democratic Republic of the Congo; dibwe.mwembu@unilu.ac.cd

* Correspondence: sikuzaniu@unilu.ac.cd (Y.U.S.); mpandamedard@gmail.com (M.M.M.)

Abstract: In the context of the Lubumbashi Charcoal Production Basin (LCPB), the socio-economic
repercussions of the COVID-19 pandemic have exacerbated pressures on populations dependent
on forest resources for their subsistence. This study employs a comprehensive methodological ap-
proach, integrating advanced remote sensing techniques, including image classification, mapping,
and detailed landscape analysis, to quantify alterations in forest cover within the LCPB during the
pandemic period. Our findings reveal a consistent trend of declining forested area, characterized
by processes of attrition and dissection observed throughout various study phases, spanning from
May 2019 to November 2023. This reduction in forest cover, notably more pronounced in the vicinity
of Lubumbashi city and the northern zone of the LCPB, proved to be less pronounced between
November 2019 and September 2020, underscoring the influence of COVID-19 pandemic-induced
confinement measures on forest management practices in the region. However, subsequent to this
period of restriction, deforestation activity intensified, leading to significant landscape transforma-
tions within the LCPB, primarily attributable to expanded human activities, consequently resulting
in a notable decrease in the proportion of land occupied by these natural ecosystems. Consequently,
the size of the largest forest patch declined substantially, decreasing from 14.62% to 8.20% between
May 2019 and November 2023, thereby fostering a heightened density of forest edges over time.
Our findings provide a significant contribution to understanding the complex interactions between
the COVID-19 pandemic and deforestation phenomena, emphasizing the urgent need to adopt
adaptive management strategies and appropriate conservation measures in response to current
economic challenges.

Keywords: forest cover loss; COVID-19 pandemic; remote sensing; landscape analysis; miombo
woodland; sustainable forestry
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1. Introduction

Forest ecosystems play a pivotal and multifaceted role on a global scale. Their primary
contribution to climate regulation stems from their ability to sequester carbon dioxide
(CO2) [1], serving as critical carbon sinks and significantly mitigating greenhouse gas
emissions [2]. Concurrently, forests uphold the stability of hydrological cycles by regulat-
ing water flow dynamics. Moreover, they harbor unparalleled biodiversity, safeguarding
the planet’s genetic diversity [3]. Additionally, forests provide indispensable resources
such as timber, firewood, and traditional medicines, thereby contributing to the daily
welfare of populations [2,4,5]. Notably, an estimated 880 million people worldwide, partic-
ularly women, rely on firewood collection or charcoal production, underscoring forests’
indispensable role in human livelihoods [6,7].

Nevertheless, the conservation and sustainable management of forests remain imper-
ative for preserving ecological equilibrium, fostering biodiversity, and supporting local
communities [8]. Between 1990 and 2020, the global forest area diminished by 178 million
hectares, equivalent to the size of Libya. Over 100 million hectares of forests face vari-
ous threats such as fires, pests, diseases, invasive species, droughts, and adverse climatic
events [9,10]. Agricultural expansion remains the primary driver of deforestation, forest
fragmentation, and biodiversity loss, particularly in tropical regions [11].

In addition to these ongoing challenges, scholars suggest that the COVID-19 pandemic
could have enduring economic and social repercussions with ongoing implications for
forests [12,13]. For instance, crises such as COVID-19 might precipitate an escalation
in forest fires due to reduced monitoring capacities [13]. Moreover, the surge in urban
unemployment resulting from the pandemic has prompted temporary migration to rural
areas, where individuals seek livelihood opportunities such as farming in proximity to
forests, thereby exacerbating pressure on these ecosystems [14,15]. Conversely, studies
indicate that the initial impacts of COVID-19 might have led to a reduction in deforestation
rates due to economic slowdown during containment measures [16].

While Latin America halved the rate of forest loss from 5.2 million hectares per
year between 2000 and 2010 to 2.6 million hectares per year over the subsequent decade,
forest loss in Africa increased from 3.4 to 3.9 million hectares per year [17]. In Africa,
deforestation is closely linked to small-scale activities such as subsistence farming, charcoal
production, and firewood collection [18]. The Democratic Republic of the Congo (DR
Congo) significantly contributes to this deforestation, becoming the country with the
second-fastest rate of forest loss after Brazil [9].

In the southeastern DR Congo, the Katangese Copperbelt Area emerges as a long-
standing mining hub, playing a central role in demographic growth [19]. Concurrently,
this region is traversed by the miombo forest, an open forest formation characterized by
sparse shrub vegetation, dominated by trees of the Brachystegia, Julbernadia, and Isoberlinia
genera [20,21]. The regression of the miombo forest is particularly concentrated around
mining areas, with the Lubumbashi region serving as a notable example. Driven by rapid
urbanization, deforestation is exacerbated by unsustainable logging to meet local energy,
construction, and other needs, as well as agricultural practices like shifting cultivation and
farmland expansion [22–24]. As a significant mining locale, Lubumbashi also contributes
to deforestation through the expansion of mining operations and associated infrastructure.
Deforestation leads to the disappearance of many non-timber resources, such as honey,
mushrooms, and caterpillars, as well as a reduction in wildlife, causing a shortage of animal
proteins for the village population [22]. Challenges in forest resource management, such
as the issuance of forest concessions without adequate oversight by customary author-
ities [25,26], have further exacerbated deforestation, particularly during the COVID-19
pandemic, in the rural area of Lubumbashi known as the Lubumbashi Charcoal Production
Basin (LCPB). Khoji et al. [27] found that the LCPB lost more than half of its miombo
woodland cover, decreasing from 77.90% in 1990 to 39.92% in 2022.

At the outset of the COVID-19 pandemic, Africa, including the DR Congo and the
LCPB, implemented measures such as lockdowns to contain the virus’s spread [28]. These
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restrictions aimed to safeguard the population and bolster healthcare system capacities [29].
Within this basin, the containment measures and economic disruptions associated with the
COVID-19 pandemic have intensified pressure on populations reliant on forest resources
for their livelihoods [23,26,30]. Some have responded by escalating logging activities to
meet immediate economic needs, as exemplified in Kasomeno within the same region
with the illicit exploitation of Pterocarpus tinctorius Wel. [25]. Similarly, population groups
affected by economic disruptions or containment measures may have migrated to forested
areas, thereby exerting additional pressure on these fragile ecosystems. Pandemic-related
restrictions have also altered electricity consumption patterns, particularly with increased
demand in residential areas of Lubumbashi due to remote work. This heightened demand
for electricity has disrupted energy supply, exacerbating the demand for charcoal [27].
Food security has become a major concern, prompting inhabitants to clear new areas for
agriculture. Additionally, during pandemics, roads have facilitated access to forested
areas, intensifying pressure on these ecosystems. Reduced surveillance and controls have
fostered unsustainable utilization of forest resources, including logging and land conversion
for agricultural purposes, along extensive distances to villages and roads. Changes in
population movement patterns due to travel restrictions and economic impacts have led
to displacement to forested areas, exacerbating deforestation, particularly near roads and
villages. The pandemic has also influenced demand for forest products, such as timber and
non-timber products, with roads facilitating the transport of these products to markets, and
shifts in demand potentially affecting deforestation rates, as observed in Peru [14].

Analyzing spatial landscape patterns and their dynamics provides valuable insights
into fundamental ecological processes, and vice versa [31]. In this context, remote sens-
ing plays a crucial role in monitoring deforestation by offering accurate, continuous, and
large-scale data [32,33]. Additionally, landscape ecology tools furnish an integrated spa-
tial approach to comprehending deforestation dynamics. By amalgamating advanced
geospatial methods with landscape ecology tools, detailed information on changes in for-
est landscapes’ processes is provided, thereby enabling more informed and sustainable
forest resource management [34]. This study aims to assess and quantitatively analyze
the impacts of COVID-19 on deforestation using a comprehensive approach integrating
remote sensing and landscape analysis. We hypothesize that the socio-economic constraints
imposed by containment measures during the COVID-19 pandemic would likely have
led to a substantial surge in human activities during subsequent periods, thereby con-
tributing to a significant decline in forest cover. This decline is anticipated to be more
pronounced in peripheral areas of the city and in the northern region of the landscape,
particularly attributable to the dense network of paved roads facilitating increased human
access and activity.

2. Materials and Methods
2.1. Study Area

This investigation was conducted within the LCPB, situated in the southeastern sector
of the DR Congo. Geographically, the area is delineated by coordinates spanning from
10◦39′7.47′′–12◦26′37.61′′ S and 26◦20′54.95′′–28◦40′13.55′′ E (Figure 1) [27]. Encompassing
a total land area of approximately 26,603.4 km2, the LCPB features a climate categorized as
Cw according to the Köppen classification system [35]. Seasonally, the region experiences a
rainy period extending from November to March, followed by a dry phase from May to
September, interspersed with transitional periods in April and October [20,36]. The average
annual precipitation in this area amounts to around 1270 mm, with a mean annual temper-
ature of 20 ◦C, although recent climate fluctuations have been noted [36]. The prevailing
vegetation, miombo woodland, is presently fragmented and intermittently replaced by
savannah terrain [27,37]. The dominant soil is ferralitic according to FAO/World Reference
Base for Soil Resources classification, with an average pH level of approximately 5.2 [38].
The socioeconomic activities within the LCPB encompass a range of sectors including min-
ing, agriculture, charcoal production, livestock husbandry, and commerce, all of which hold
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substantial significance for the local population exceeding 3.5 million inhabitants [39,40].
The region faces notable challenges, including rapid population growth and deficiencies in
public services and infrastructure. Since the appointment of provincial governors in 2006,
a noticeable development in the form of road construction has taken place, connecting
Lubumbashi to different regions. This progress has led to the growth of settlements within
the LCPB. The distribution of tribes and villages around Lubumbashi reflects a combination
of migration histories and economic activities. The main ethnic groups, such as the Baluba,
Bemba, Sanga and Lunda, live together and contribute to the cultural diversity of the region.
However, the swift population increase and ongoing poverty challenges have prompted
the emergence of numerous villages within the LCPB [27]. Consequently, residents heavily
depend on natural resources to meet essential needs and fulfill the demands of urban
dwellers for agricultural produce, non-timber forest products, and charcoal [23,26]. This
economic reliance has exerted significant pressure on forest resources, contributing to
notable deforestation and forest degradation in the region. Additionally, deficiencies and
inconsistencies in forest governance exacerbate the situation by allowing for unsustainable
exploitation of forest resources [26].

Resources 2024, 13, x FOR PEER REVIEW  4  of  25 
 

 

approximately 5.2 [38]. The socioeconomic activities within the LCPB encompass a range 

of sectors including mining, agriculture, charcoal production, livestock husbandry, and 

commerce, all of which hold substantial significance for the local population exceeding 

3.5 million inhabitants [39,40]. The region faces notable challenges, including rapid popu-

lation growth and deficiencies in public services and infrastructure. Since the appointment 

of provincial governors in 2006, a noticeable development in the form of road construction 

has taken place, connecting Lubumbashi to different regions. This progress has led to the 

growth of settlements within the LCPB. The distribution of tribes and villages around Lu-

bumbashi reflects a combination of migration histories and economic activities. The main 

ethnic groups, such as the Baluba, Bemba, Sanga and Lunda, live together and contribute 

to the cultural diversity of the region. However, the swift population increase and ongoing 

poverty challenges have prompted the emergence of numerous villages within the LCPB 

[27]. Consequently, residents heavily depend on natural resources to meet essential needs 

and  fulfill  the demands of urban dwellers  for  agricultural produce, non-timber  forest 

products, and charcoal [23,26]. This economic reliance has exerted significant pressure on 

forest resources, contributing to notable deforestation and forest degradation  in the re-

gion. Additionally, deficiencies and  inconsistencies  in  forest governance exacerbate  the 

situation by allowing for unsustainable exploitation of forest resources [26]. 

 

Figure 1. Location of  the study area  (A),  the Lubumbashi Charcoal Production Basin  (LCPB),  in 

southeastern DR Congo (B) within the Upper Katanga province (C). For this study, the LCPB land-

scape was subdivided into northern zone (~8000 km2), central zone (~12,000 km2) and southern zone 

(~7000 km2) using socio-economic criteria (population size, economic activities and road network). 

The densely populated area, including the city of Lubumbashi, forms the center. The moderately 

populated area with a large road network is the north zone, while the less populated area with a 

single road connecting it to the city of Lubumbashi is the south zone. Population density estimation 

on this map was obtained from the WorldPop website [41], based at the University of Southampton. 

2.2. Data 

Data from the Sentinel-2 satellite, operating at a 10 m resolution and capturing im-

agery during the dry season, was pivotal in analyzing landscape changes. This satellite 

system, developed by the European Space Agency (ESA) as part of the Copernicus pro-

gram, features a multispectral sensor that records data across different spectral bands [42]. 

Its high-resolution imagery provided valuable information crucial for the study’s analysis 

Figure 1. Location of the study area (A), the Lubumbashi Charcoal Production Basin (LCPB), in
southeastern DR Congo (B) within the Upper Katanga province (C). For this study, the LCPB
landscape was subdivided into northern zone (~8000 km2), central zone (~12,000 km2) and southern
zone (~7000 km2) using socio-economic criteria (population size, economic activities and road
network). The densely populated area, including the city of Lubumbashi, forms the center. The
moderately populated area with a large road network is the north zone, while the less populated
area with a single road connecting it to the city of Lubumbashi is the south zone. Population density
estimation on this map was obtained from the WorldPop website [41], based at the University
of Southampton.

2.2. Data

Data from the Sentinel-2 satellite, operating at a 10 m resolution and capturing imagery
during the dry season, was pivotal in analyzing landscape changes. This satellite system,
developed by the European Space Agency (ESA) as part of the Copernicus program,
features a multispectral sensor that records data across different spectral bands [42]. Its
high-resolution imagery provided valuable information crucial for the study’s analysis
of landscape dynamics and transformations [43–45]. The investigation employed a series
of Sentinel-2 images acquired at intervals spanning from 2019 to 2023, encompassing
periods preceding, during, and after the emergence of the COVID-19 pandemic, with the



Resources 2024, 13, 95 5 of 24

objective of conducting a comprehensive evaluation of temporal variations. These time
points delineate three discrete phases: the pre-COVID-19 era (May and November 2019),
the concurrent pandemic phase (July 2020, September 2020, May 2021, May 2022), and
the post-pandemic era (November 2022, May 2023, and November 2023). It is pertinent to
mention that significant public health interventions were implemented during the second
phase coinciding with the COVID-19 pandemic. Specifically, a state of health emergency,
along with containment measures, was enforced from 24 March 2020 to 21 July 2020,
aligning with the time frame of satellite image acquisition from November 2019 to July
2020. Subsequently, a curfew without a state of health emergency was instituted from
21 December 2020 to 15 February 2021, corresponding to image captures between November
2020 and May 2021. The selection of diverse dates within this investigation also facilitates
an assessment of the impact of a project on community management of miombo forests in
southeastern Katanga, a collaborative effort between the FAO and the Government of the
DR Congo. This initiative, active from 1 August 2016 to 31 March 2023, was sanctioned by
the creation of community forest concessions within the LCPB from 10 February 2021.

2.3. Sentinel-2 Images Classification

The Sentinel-2 satellite imagery employed in this research underwent pre-processing
procedures, including atmospheric correction and radiometric calibration, to enhance
image quality and reliability, thus enabling subsequent analyses [42]. These corrections
were automated using the Sensor-Invariant Atmospheric Correction (SIAC) module on
the Google Earth Engine (GEE) platform, utilizing a sensor-invariant methodology to
minimize sensor-specific dependencies [46]. A false-color composite of Sentinel-2 images
was generated by combining near infrared, red and green bands to enhance vegetation
discrimination [47]. This false-color composite was crucial in revealing detailed information
within the images, facilitating nuanced interpretation of captured objects. For precise
analysis, distinct land cover units were identified and coded across scenes, and training
areas known as Regions of Interest (ROIs) were delineated in each study year, strategically
selected during the dry season (November 2023) for temporal consistency [40]. These
ROIs, consisting of polygons with 2 and 4 pixels per area, were tailored for each land
cover type, totaling 200 ROIs per type, aimed at reducing transitional effects known as
the ‘mixel’ effect [48,49]. The ROIs were utilized as training data to construct a model
based on the random forest algorithm, which combines predictions from multiple decision
trees to enhance prediction accuracy and minimize classification errors [50,51]. The use
of GEE was pivotal, providing cloud-based infrastructure for efficient processing of vast
satellite datasets and utilizing substantial computational resources [52]. However, the
classification of dates from images prior to November 2023 was also supported by Google
Earth images, which sometimes contain errors in discriminating between land uses. This
can be considered a potential source of classification error.

Land cover types, encompassing forests, savannas, built-up areas, bare soil, croplands,
and water bodies, were grouped into two primary landscape classes: forests (miombo
woodland, dry dense forest, gallery forest) and non-forests (all other land cover types).
To evaluate classification accuracy, we followed best practices recommended by Olofsson
et al. [53], employing unbiased surface estimators and estimating uncertainty through
reference observations from change maps between 2019 and 2023. Samples were stratified
based on stable and change classes for each period, and sample sizes were determined
using Cochran’s method [54]. A total of 11,595 points were sampled across eight periods,
with proportions allocated based on stratum sizes. Error matrices, expressing estimated sur-
face proportions and confidence intervals, were generated in QGIS software version 3.26.1
(developed by the global QGIS community, Buenos Aires, Argentina), along with mea-
surement accuracies such as overall accuracy, user accuracy, and producer accuracy. Land
cover maps were produced using ArcGIS version 10.8 (developed by ESRI (Environmental
Systems Research Institute), Redlands, CA, USA).
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2.4. Land Cover Change Analysis

This research utilized Fragstats software version 4.2 (Developed by McGarigal, Amherst,
MA, USA) to assess the influence of human activities on landscape morphology within
the LCPB by computing five landscape metrics. These metrics, encompassing class area,
mean patch area, number of patches, largest patch index, and edge density, clarified patch
fragmentation across different land cover types [55,56]. Class area signifies the percentage
of a specific land cover type within a given landscape. This measurement is valuable for
understanding the composition of the landscape by pinpointing the predominant landscape
matrix. Meanwhile, average patch area refers to the average size of habitat patches within
a land cover type, offering insights into habitat fragmentation. Edge density quantifies
the total length of all edge segments per hectare for a land cover type (m/ha). It gauges
the complexity or ruggedness of the patches within land cover types; high edge density
indicates that ruggedness decreases as patches merge and boundaries dissolve, while
it increases with the emergence of new fragments or patches. Another crucial metric
is the number of patches within a land cover type, where a high patch number may
indicate fragmentation and dispersion, while a low patch number suggests infilling and
aggregation. Such metrics hold ecological importance as they provide valuable insights
into spatial patterns and fragmentation within forest landscapes [57], aiding in evaluating
habitat fragmentation levels, patch connectivity, and overall landscape health [56,58]. A
monthly deforestation rate was computed to standardize the comparison of forest cover
loss progression across different periods under examination. This deforestation rate is
defined as the ratio between the difference in forest cover between two periods and the
difference in months separating them.

Spatial transformation processes affecting land cover dynamics were identified using
a decision tree algorithm [59]. The decision tree (Table 1) uses comparisons between the
number of patches, total area, and total perimeter of a land cover type to identify the corre-
sponding spatial transformation process in the landscape between two specific dates [58].
Between two specific dates, a decrease in patch number, coupled with reduced class area,
signifies attrition. Conversely, increased class area indicates aggregation. Unaffected patch
numbers alongside increased class area suggest enlargement, while increased class area
and patch number indicate creation of new patches. A decrease in class area alongside
increased patch number, with minimal area loss due to linear disruptions, denotes dissec-
tion. Fragmentation combines patch increase with substantial class area loss. A decrease in
class area can lead to perforation if the total perimeter increases, or patch shrinkage if it
remains constant. In cases where patch number and class area remain constant, a constant
total perimeter suggests a shift, while a changing total perimeter indicates deformation [59].
To distinguish between fragmentation and dissection processes, the ratio of total areas at
different time points was analyzed, with a ratio above 0.75 indicating dissection and a ratio
at or below 0.75 indicating fragmentation prevalence [60].

Table 1. Illustration and identification of the spatial landscape transformation processes. The
parameters PN0, CA0, and CP0 indicate the number of patches, class area, and class perimeter before
changes, respectively, while PN1, CA1, and CP1 are the corresponding values after the pattern change.
Based on the work of Bogaert et al. [59].

N◦ Spatial Transformation Process Illustration Identification

1 Perforation
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area and patch number indicate creation of new patches. A decrease in class area along-

side increased patch number, with minimal area loss due to linear disruptions, denotes 

dissection. Fragmentation combines patch increase with substantial class area loss. A de-

crease in class area can lead to perforation if the total perimeter increases, or patch shrink-

age if it remains constant. In cases where patch number and class area remain constant, a 

constant total perimeter suggests a shift, while a changing total perimeter indicates defor-

mation [59]. To distinguish between fragmentation and dissection processes, the ratio of 

total areas at different time points was analyzed, with a ratio above 0.75 indicating dissec-

tion and a ratio at or below 0.75 indicating fragmentation prevalence [60]. 

Table 1. Illustration and  identification of the spatial  landscape transformation processes. The pa-

rameters PN0, CA0, and CP0 indicate the number of patches, class area, and class perimeter before 

changes,  respectively, while PN1, CA1,  and CP1  are  the  corresponding values  after  the pattern 

change. Based on the work of Bogaert et al. [59]. 

N°  Spatial Transformation Process  Illustration  Identification 

1  Perforation 
 

PN1 = PN0; CA1 < CA0; CP1 > CP0 

2  Dissection 
 

PN1 > PN0; CA1 < CA0 

PN1 = PN0; CA1 < CA0; CP1 > CP0

2 Dissection

Resources 2024, 13, x FOR PEER REVIEW  6  of  25 
 

 

with measurement accuracies such as overall accuracy, user accuracy, and producer accu-

racy. Land cover maps were produced using ArcGIS version 10.8 (developed by ESRI (En-

vironmental Systems Research Institute), Redlands, CA, USA). 

2.4. Land Cover Change Analysis 

This research utilized Fragstats software version 4.2 (Developed by McGarigal, Am-

herst, MA, USA)  to assess  the  influence of human activities on  landscape morphology 

within the LCPB by computing five landscape metrics. These metrics, encompassing class 

area, mean patch area, number of patches, largest patch index, and edge density, clarified 

patch fragmentation across different land cover types [55,56]. Class area signifies the per-

centage of a specific land cover type within a given landscape. This measurement is valu-

able for understanding the composition of the landscape by pinpointing the predominant 

landscape matrix. Meanwhile,  average patch  area  refers  to  the  average  size of habitat 

patches within a land cover type, offering insights into habitat fragmentation. Edge den-

sity quantifies  the  total  length of  all  edge  segments per hectare  for  a  land  cover  type 

(m/ha). It gauges the complexity or ruggedness of the patches within land cover types; 

high edge density indicates that ruggedness decreases as patches merge and boundaries 

dissolve, while it increases with the emergence of new fragments or patches. Another cru-

cial metric is the number of patches within a land cover type, where a high patch number 

may indicate fragmentation and dispersion, while a low patch number suggests infilling 

and aggregation. Such metrics hold ecological  importance as  they provide valuable  in-

sights into spatial patterns and fragmentation within forest landscapes [57], aiding in eval-

uating  habitat  fragmentation  levels,  patch  connectivity,  and  overall  landscape  health 

[56,58]. A monthly deforestation rate was computed to standardize the comparison of for-

est cover loss progression across different periods under examination. This deforestation 

rate is defined as the ratio between the difference in forest cover between two periods and 

the difference in months separating them. 

Spatial transformation processes affecting land cover dynamics were identified using 

a decision tree algorithm [59]. The decision tree (Table 1) uses comparisons between the 

number of patches, total area, and total perimeter of a land cover type to identify the cor-

responding spatial  transformation process  in  the  landscape between  two specific dates 

[58]. Between two specific dates, a decrease in patch number, coupled with reduced class 

area, signifies attrition. Conversely, increased class area indicates aggregation. Unaffected 

patch numbers alongside increased class area suggest enlargement, while increased class 

area and patch number indicate creation of new patches. A decrease in class area along-

side increased patch number, with minimal area loss due to linear disruptions, denotes 

dissection. Fragmentation combines patch increase with substantial class area loss. A de-

crease in class area can lead to perforation if the total perimeter increases, or patch shrink-

age if it remains constant. In cases where patch number and class area remain constant, a 

constant total perimeter suggests a shift, while a changing total perimeter indicates defor-

mation [59]. To distinguish between fragmentation and dissection processes, the ratio of 

total areas at different time points was analyzed, with a ratio above 0.75 indicating dissec-

tion and a ratio at or below 0.75 indicating fragmentation prevalence [60]. 

Table 1. Illustration and  identification of the spatial  landscape transformation processes. The pa-

rameters PN0, CA0, and CP0 indicate the number of patches, class area, and class perimeter before 

changes,  respectively, while PN1, CA1,  and CP1  are  the  corresponding values  after  the pattern 

change. Based on the work of Bogaert et al. [59]. 

N°  Spatial Transformation Process  Illustration  Identification 

1  Perforation 
 

PN1 = PN0; CA1 < CA0; CP1 > CP0 

2  Dissection 
 

PN1 > PN0; CA1 < CA0 PN1 > PN0; CA1 < CA0

3 Fragmentation
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3  Fragmentation 
 

PN1 > PN0; CA1 << CA0 

4  Attrition 
 

PN1 < PN0; CA1 < CA0 

5  Shrinkage 
 

PN1 = PN0; CA1 < CA0; CP1 ≤ CP2 

6  Shift 
 

PN1 = PN0; CA1 = CA0; CP1 = CP2 

7  Deformation 
 

PN1 ≠ PN0; CA1 = CA0; CP1 = CP2 

8  Creation 
 

PN1 > PN0; CA1 > CA0 

9  Enlargement 
 

PN1 = PN0; CA1 > CA0   

10  Aggregation 
 

PN1 < PN0; CA1 > CA0 

A  landscape composition analysis within  the LCPB was systematically conducted 

across its northern, central, and southern zones. The Kolmogorov–Smirnov test was ap-

plied  to evaluate  the conformity of  the data  to a normal distribution. Given  the data’s 

adherence to normality, an analysis of variance (ANOVA) was utilized to compare forest 

proportions across these zones, thereby assessing the impact of zone classification. More-

over, to investigate the variation in forested areas surrounding Lubumbashi, ArcGIS 10.8 

software was utilized to create five buffer zones ranging from 0 to 150 km (0–30 km, 30–

60 km, 60–90 km, 90–120 km, and 120–150 km) from the city center (Figure 2). This facili-

tated an examination of the impact of proximity to the city on forest cover loss. The Krus-

kal–Wallis test, employed as a non-parametric alternative to ANOVA due to the non-nor-

mal distribution of the data, was employed to compare forest proportions at varying dis-

tances from the city of Lubumbashi. 

 

Figure 2. Evaluation device used to measure the effect of distance from the city of Lubumbashi on 

forest degradation and deforestation. 

PN1 > PN0; CA1 << CA0
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8  Creation 
 

PN1 > PN0; CA1 > CA0 

9  Enlargement 
 

PN1 = PN0; CA1 > CA0   
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A  landscape composition analysis within  the LCPB was systematically conducted 

across its northern, central, and southern zones. The Kolmogorov–Smirnov test was ap-

plied  to evaluate  the conformity of  the data  to a normal distribution. Given  the data’s 

adherence to normality, an analysis of variance (ANOVA) was utilized to compare forest 

proportions across these zones, thereby assessing the impact of zone classification. More-

over, to investigate the variation in forested areas surrounding Lubumbashi, ArcGIS 10.8 

software was utilized to create five buffer zones ranging from 0 to 150 km (0–30 km, 30–

60 km, 60–90 km, 90–120 km, and 120–150 km) from the city center (Figure 2). This facili-

tated an examination of the impact of proximity to the city on forest cover loss. The Krus-

kal–Wallis test, employed as a non-parametric alternative to ANOVA due to the non-nor-

mal distribution of the data, was employed to compare forest proportions at varying dis-

tances from the city of Lubumbashi. 

 

Figure 2. Evaluation device used to measure the effect of distance from the city of Lubumbashi on 

forest degradation and deforestation. 

PN1 < PN0; CA1 < CA0

5 Shrinkage
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5  Shrinkage 
 

PN1 = PN0; CA1 < CA0; CP1 ≤ CP2 

6  Shift 
 

PN1 = PN0; CA1 = CA0; CP1 = CP2 

7  Deformation 
 

PN1 ≠ PN0; CA1 = CA0; CP1 = CP2 

8  Creation 
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9  Enlargement 
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10  Aggregation 
 

PN1 < PN0; CA1 > CA0 

A  landscape composition analysis within  the LCPB was systematically conducted 

across its northern, central, and southern zones. The Kolmogorov–Smirnov test was ap-

plied  to evaluate  the conformity of  the data  to a normal distribution. Given  the data’s 

adherence to normality, an analysis of variance (ANOVA) was utilized to compare forest 

proportions across these zones, thereby assessing the impact of zone classification. More-

over, to investigate the variation in forested areas surrounding Lubumbashi, ArcGIS 10.8 

software was utilized to create five buffer zones ranging from 0 to 150 km (0–30 km, 30–

60 km, 60–90 km, 90–120 km, and 120–150 km) from the city center (Figure 2). This facili-

tated an examination of the impact of proximity to the city on forest cover loss. The Krus-

kal–Wallis test, employed as a non-parametric alternative to ANOVA due to the non-nor-

mal distribution of the data, was employed to compare forest proportions at varying dis-

tances from the city of Lubumbashi. 

 

Figure 2. Evaluation device used to measure the effect of distance from the city of Lubumbashi on 

forest degradation and deforestation. 

PN1 = PN0; CA1 < CA0; CP1 ≤ CP2

6 Shift
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PN1 < PN0; CA1 < CA0 

5  Shrinkage 
 

PN1 = PN0; CA1 < CA0; CP1 ≤ CP2 

6  Shift 
 

PN1 = PN0; CA1 = CA0; CP1 = CP2 

7  Deformation 
 

PN1 ≠ PN0; CA1 = CA0; CP1 = CP2 
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9  Enlargement 
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PN1 < PN0; CA1 > CA0 

A  landscape composition analysis within  the LCPB was systematically conducted 

across its northern, central, and southern zones. The Kolmogorov–Smirnov test was ap-

plied  to evaluate  the conformity of  the data  to a normal distribution. Given  the data’s 

adherence to normality, an analysis of variance (ANOVA) was utilized to compare forest 

proportions across these zones, thereby assessing the impact of zone classification. More-

over, to investigate the variation in forested areas surrounding Lubumbashi, ArcGIS 10.8 

software was utilized to create five buffer zones ranging from 0 to 150 km (0–30 km, 30–

60 km, 60–90 km, 90–120 km, and 120–150 km) from the city center (Figure 2). This facili-

tated an examination of the impact of proximity to the city on forest cover loss. The Krus-

kal–Wallis test, employed as a non-parametric alternative to ANOVA due to the non-nor-

mal distribution of the data, was employed to compare forest proportions at varying dis-

tances from the city of Lubumbashi. 

 

Figure 2. Evaluation device used to measure the effect of distance from the city of Lubumbashi on 

forest degradation and deforestation. 

PN1 = PN0; CA1 = CA0; CP1 = CP2

7 Deformation
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3  Fragmentation 
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4  Attrition 
 

PN1 < PN0; CA1 < CA0 

5  Shrinkage 
 

PN1 = PN0; CA1 < CA0; CP1 ≤ CP2 

6  Shift 
 

PN1 = PN0; CA1 = CA0; CP1 = CP2 

7  Deformation 
 

PN1 ≠ PN0; CA1 = CA0; CP1 = CP2 
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9  Enlargement 
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PN1 < PN0; CA1 > CA0 

A  landscape composition analysis within  the LCPB was systematically conducted 

across its northern, central, and southern zones. The Kolmogorov–Smirnov test was ap-

plied  to evaluate  the conformity of  the data  to a normal distribution. Given  the data’s 

adherence to normality, an analysis of variance (ANOVA) was utilized to compare forest 

proportions across these zones, thereby assessing the impact of zone classification. More-

over, to investigate the variation in forested areas surrounding Lubumbashi, ArcGIS 10.8 

software was utilized to create five buffer zones ranging from 0 to 150 km (0–30 km, 30–

60 km, 60–90 km, 90–120 km, and 120–150 km) from the city center (Figure 2). This facili-

tated an examination of the impact of proximity to the city on forest cover loss. The Krus-

kal–Wallis test, employed as a non-parametric alternative to ANOVA due to the non-nor-

mal distribution of the data, was employed to compare forest proportions at varying dis-

tances from the city of Lubumbashi. 

 

Figure 2. Evaluation device used to measure the effect of distance from the city of Lubumbashi on 

forest degradation and deforestation. 

PN1 ̸= PN0; CA1 = CA0; CP1 = CP2

8 Creation
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4  Attrition 
 

PN1 < PN0; CA1 < CA0 

5  Shrinkage 
 

PN1 = PN0; CA1 < CA0; CP1 ≤ CP2 

6  Shift 
 

PN1 = PN0; CA1 = CA0; CP1 = CP2 

7  Deformation 
 

PN1 ≠ PN0; CA1 = CA0; CP1 = CP2 

8  Creation 
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9  Enlargement 
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10  Aggregation 
 

PN1 < PN0; CA1 > CA0 

A  landscape composition analysis within  the LCPB was systematically conducted 

across its northern, central, and southern zones. The Kolmogorov–Smirnov test was ap-

plied  to evaluate  the conformity of  the data  to a normal distribution. Given  the data’s 

adherence to normality, an analysis of variance (ANOVA) was utilized to compare forest 

proportions across these zones, thereby assessing the impact of zone classification. More-

over, to investigate the variation in forested areas surrounding Lubumbashi, ArcGIS 10.8 

software was utilized to create five buffer zones ranging from 0 to 150 km (0–30 km, 30–

60 km, 60–90 km, 90–120 km, and 120–150 km) from the city center (Figure 2). This facili-

tated an examination of the impact of proximity to the city on forest cover loss. The Krus-

kal–Wallis test, employed as a non-parametric alternative to ANOVA due to the non-nor-

mal distribution of the data, was employed to compare forest proportions at varying dis-

tances from the city of Lubumbashi. 

 

Figure 2. Evaluation device used to measure the effect of distance from the city of Lubumbashi on 

forest degradation and deforestation. 

PN1 > PN0; CA1 > CA0

9 Enlargement
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A  landscape composition analysis within  the LCPB was systematically conducted 

across its northern, central, and southern zones. The Kolmogorov–Smirnov test was ap-

plied  to evaluate  the conformity of  the data  to a normal distribution. Given  the data’s 

adherence to normality, an analysis of variance (ANOVA) was utilized to compare forest 

proportions across these zones, thereby assessing the impact of zone classification. More-

over, to investigate the variation in forested areas surrounding Lubumbashi, ArcGIS 10.8 

software was utilized to create five buffer zones ranging from 0 to 150 km (0–30 km, 30–

60 km, 60–90 km, 90–120 km, and 120–150 km) from the city center (Figure 2). This facili-

tated an examination of the impact of proximity to the city on forest cover loss. The Krus-

kal–Wallis test, employed as a non-parametric alternative to ANOVA due to the non-nor-

mal distribution of the data, was employed to compare forest proportions at varying dis-

tances from the city of Lubumbashi. 
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PN1 = PN0; CA1 > CA0
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A  landscape composition analysis within  the LCPB was systematically conducted 

across its northern, central, and southern zones. The Kolmogorov–Smirnov test was ap-

plied  to evaluate  the conformity of  the data  to a normal distribution. Given  the data’s 
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PN1 < PN0; CA1 > CA0

A landscape composition analysis within the LCPB was systematically conducted
across its northern, central, and southern zones. The Kolmogorov–Smirnov test was applied
to evaluate the conformity of the data to a normal distribution. Given the data’s adherence
to normality, an analysis of variance (ANOVA) was utilized to compare forest proportions
across these zones, thereby assessing the impact of zone classification. Moreover, to investi-
gate the variation in forested areas surrounding Lubumbashi, ArcGIS 10.8 software was
utilized to create five buffer zones ranging from 0 to 150 km (0–30 km, 30–60 km, 60–90 km,
90–120 km, and 120–150 km) from the city center (Figure 2). This facilitated an examina-
tion of the impact of proximity to the city on forest cover loss. The Kruskal–Wallis test,
employed as a non-parametric alternative to ANOVA due to the non-normal distribution
of the data, was employed to compare forest proportions at varying distances from the city
of Lubumbashi.
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3. Results
3.1. Classification Accuracy

Table 2 below presents a synthesis of the accuracy results from supervised classi-
fications of Sentinel-2 images obtained using the random forest classifier, covering the
periods from May 2019 to November 2023. It is important to note that the images were
classified with an overall accuracy exceeding 90% for all periods studied, demonstrating
a high reliability in distinguishing between different land cover types. The user’s and
producer’s accuracy values ranging between 86% and 100% attest to the undeniable quality
of the results obtained. Furthermore, the 95% confidence interval calculated to estimate
the stratified area of each land cover class for all study periods remains below 5%, further
reinforcing the reliability of the study’s conclusions.

Table 2. Accuracy assessment and for the land cover and land cover change map based on the
Sentinel-2 image supervised classification using the random forest classifier. May 2019 and November
2019 correspond to ‘the pre-COVID-19 era’; July 2020, September 2020, May 2021, May 2022, and
September 2022 correspond to ‘the concurrent pandemic phase’. May 2023 and November 2023
correspond to ‘the post-pandemic era’.

Period Land Cover Strata

May 2019–November 2019 Forest Forest Gain Forest Loss Non-Forest

Prod. acc. 100.0% 87.0% 100.0% 100.0%

User acc. 98.7% 100.0% 100.0% 100.0%

Overall acc. 99.3%

November 2019–July 2020 Forest Forest gain Forest loss Non-forest

Prod. acc. 100.0% 100.0% 97.0% 100.0%

User acc. 99.6% 100.0% 100.0% 100.0%

Overall acc. 99.8%

July 2020–September 2020 Forest Forest gain Forest loss Non-forest

Prod. acc. 100.0% 98.8% 94.1% 100.0%

User acc. 98.8% 100.0% 100.0% 99.8%

Overall acc. 99.4%

September 2020–May 2021 Forest Forest gain Forest loss Non-forest

Prod. acc. 100.0% 100.0% 99.2% 100.0%

User acc. 99.8% 100.0% 100.0% 100.0%

Overall acc. 99.9%

May 2021–May 2022 Forest Forest gain Forest loss Non-forest

Prod. acc. 100.0% 100.0% 100.0% 100.0%

User acc. 100.0% 100.0% 100.0% 100.0%

Overall acc. 100.0%

May 2022–November 2022 Forest Forest gain Forest loss Non-forest

Prod. acc. 100.0% 100.0% 100.0% 100.0%

User acc. 100.0% 100.0% 100.0% 100.0%

Overall acc. 100.0%

November 2022–May 2023 Forest Forest gain Forest loss Non-forest

Prod. acc. 100.0% 98.1% 92.5% 100.0%

User acc. 99.8% 100.0% 100.0% 99.0%

Overall acc. 99.4%
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Table 2. Cont.

Period Land Cover Strata

May 2023–November 2023 Forest Forest gain Forest loss Non-forest

Prod. acc. 100.0% 100.0% 100.0% 100.0%

User acc. 100.0% 100.0% 100.0% 100.0%

Overall acc. 100.0%
Prod. acc.: producer accuracy; User acc.: user accuracy; Overall acc.: overall accuracy.

3.2. Land Cover Change Mapping

The visual analysis of land cover maps highlights changes in the landscape between
May 2019 and November 2023. Specifically, a pronounced forest cover loss is observed,
primarily in the northern part of the study area, while non-forest areas continue to expand
in all directions. These changes are even more noticeable between November 2022 and
November 2023, a period following the onset of the COVID-19 pandemic. These results
suggest that the COVID-19 pandemic may have had an impact on landscape spatial pattern
changes through the deforestation process within the LCPB (Figure 3).
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concurrent pandemic phase’. May 2023 and November 2023 correspond to ‘the post-pandemic era’.
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3.3. Landscape Composition Dynamics

During the period from May 2019 to November 2023, a gradual forest cover loss was
observed across the entire LCPB (Figure 4). This decrease occurred in favor of non-forest.
These results demonstrate a significant transition wherein the forest, which represented
approximately 52% of the landscape in May 2019, was replaced by non-forest areas that
became the dominant matrix after July 2020. By November 2023, forest cover had fallen
below 40% of the landscape, experiencing a loss of approximately one-quarter compared to
its initial area in May 2019 (Figure 4a). However, our results reveal significant variations in
monthly deforestation rates over time (Figure 4b). Between May 2019 and November 2019,
the monthly deforestation rate was relatively low at 0.05%. This period was followed by a
slight decrease in the rate between November 2019 and July 2020, to 0.02%. However, a
notable increase in the deforestation rate was observed between July 2020 and September
2020, reaching 0.59%. This period was marked by a significant rise in deforestation activities.
Subsequently, although the deforestation rate decreased between September 2020 and May
2021 (0.43%), it remained relatively high compared to the earlier study periods. This
downward trend continued until May 2022, with a deforestation rate of 0.24%. However,
from May 2022 to November 2022, a new increase in the deforestation rate was recorded,
reaching 0.46%. Between November 2022 and May 2023, although the deforestation rate
slightly decreased to 0.44%, it remained higher than the levels observed in the earlier study
periods. Finally, the period from May 2023 to November 2023 saw another increase in the
deforestation rate, reaching 0.52%. These results highlight the complexity of deforestation
dynamics within the LCPB (Figure 4b).

Analyses conducted over different key periods of the study on forest cover proportion
revealed statistically significant differences (p = 0.0027; Figure 4c). Prior to the COVID-19
pandemic, forests constituted approximately 52% of the landscape in the LCPB. However,
during the pandemic, the proportion of forested areas significantly decreased, no longer
being the predominant landscape component, dropping to around 48%, which corresponds
to a 7.7% decrease in forest cover. Following the pandemic, this gap widened further, with
forest cover falling below 40% of the LCPB landscape, representing a substantial decline of
20.0% (Figure 4c). These results underscore the importance of monitoring and protecting
forests in the context of biodiversity and current environmental challenges. They also
highlight the potential impact of global events, such as the COVID-19 pandemic, on local
natural ecosystems.

The spatial analysis of forest cover around the city of Lubumbashi reveals significant
trends (p = 0.015) and notable variations (Figure 5). The results show a high proportion
of forests over longer distances from the city, proportionally to the distance from the city
center. Overall, a consistent decrease in forest cover is observed over time, notably on the
outskirts of Lubumbashi city. However, an exception is noted between May 2019 and July
2020, where forest cover remained relatively stable regardless of the distance from the city.
During the COVID-19 pandemic lockdown period, between November 2019 and July 2020,
a significant drop in forest area was recorded far from the city of Lubumbashi, particularly
in areas beyond 120 km from the city. Three distinct trends are evident. Firstly, forest cover,
while showing a steady decline, continues to dominate the land within the 60–150 km
radius of the city. Secondly, in the 30–60 km radius, forest cover declined to nearly 40% by
November 2023, contrasting with an approximately 58% proportion in May 2019. Lastly,
within the area less than 30 km from the city, forest cover, accounting for slightly under
20% of the land area in May 2019, had diminished to nearly 10% by November 2023. This
analysis suggests that proximity to Lubumbashi has an impact on surrounding forest
density, and specific events such as lockdowns can lead to major variations in forest cover
on the periphery.
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Figure 4. Temporal dynamics of forest cover changes in the LCPB: evolution of 

forest cover in the LCPB between May 2019 and November 2023 (a); evolution of 

the monthly forest loss (b); proportion of forest in the landscape before, during 

and after COVID-19 pandemic (c). May 2019 and November 2019 correspond to 

‘the pre-COVID-19 era’; July 2020, September 2020, May 2021, May 2022, and 

Figure 4. Temporal dynamics of forest cover changes in the LCPB: evolution of forest cover in the
LCPB between May 2019 and November 2023 (a); evolution of the monthly forest loss (b); proportion
of forest in the landscape before, during and after COVID-19 pandemic (c). May 2019 and November
2019 correspond to ‘the pre-COVID-19 era’; July 2020, September 2020, May 2021, May 2022, and
September 2022 correspond to ‘the concurrent pandemic phase’. May 2023 and November 2023
correspond to ‘the post-pandemic era’.
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Figure 5. The variation in forest area (%) based on distance from the city of Lubumbashi between
November 2019 and November 2023. Distance from Lubumbashi plays a crucial role in the deforesta-
tion in the LCPB. May 2019 and November 2019 correspond to ‘the pre-COVID-19 era’; July 2020,
September 2020, May 2021, May 2022, and September 2022 correspond to ‘the concurrent pandemic
phase’. May 2023 and November 2023 correspond to ‘the post-pandemic era’.

The gradual forest cover loss observed at the LCPB scale was also noted in its three
distinct zones: the northern zone (NZ), the central zone (CZ), and the southern zone (SZ)
(Figure 6). Globally, the results reveal a consistent decrease in the proportion of forested
areas across the three zones of Lubumbashi city over the studied period from May 2019 to
November 2023. In the northern zone of the city of Lubumbashi, forest cover declined from
54% in May 2019 to 28% in November 2023, indicating a steady and substantial reduction
over time. This significant decrease signifies a noteworthy loss of forested areas in this
region (Figure 6a). Similarly, in the southern zone of the city of Lubumbashi, the proportion
of forest cover decreased from 55% in May 2019 to 44% in November 2023. While the
reduction in forest cover is less pronounced compared to the northern zone, this consistent
downward trend also underscores environmental degradation in this area (Figure 6b).
In the central zone surrounding the city of Lubumbashi, forest cover also experienced a
decline, dropping from 48% in May 2019 to 34% in November 2023. Although this decrease
is slightly less pronounced than in the northern and southern zones, it nevertheless exhibits
a linear downward trend over the study period (Figure 6c). These findings highlight a
significant degradation of forest across all zones during the study period. This reduction
in forest cover can have significant implications for biodiversity, ecosystem services, and
the resilience of local ecosystems in the face of environmental changes. However, prior to
the COVID-19 pandemic (from May to November 2019) and during the period covering
the initial lockdown (from November 2019 to July 2020), a low deforestation dynamic was
observed in the NZ, CZ, and SZ compared to other periods. Analysis of land cover change
between May 2019 and November 2023 revealed growing concerns regarding forest loss,
particularly in the northern and central zones where the forest proportion significantly
decreased (p < 0.05). These results suggest that deforestation has intensified over time,
especially in the northern and central zones, raising significant concerns about biodiversity
loss and environmental degradation in this region.
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Figure 6. Evolution of forest cover between November 2019 and November 2023 

in the 3 zones of the Lubumbashi charcoal production basin (a) = north zone, (b) = 

Figure 6. Evolution of forest cover between November 2019 and November 2023 in the 3 zones of the
Lubumbashi charcoal production basin ((a) = north zone, (b) = south zone and (c) = central zone).
May 2019 and November 2019 correspond to ‘the pre-COVID-19 era’; July 2020, September 2020, May
2021, May 2022, and September 2022 correspond to ‘the concurrent pandemic phase’. May 2023 and
November 2023 correspond to ‘the post-pandemic era’.
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3.4. Change in the Configuration of Landscape

The analysis of the landscape reveals distinct spatial transformation processes over the
study periods, as presented in Table 3. From May 2019 to November 2019, November 2019
to July 2020, and from May 2023 to November 2023, there was a notable decrease in both the
number of forest patches and their respective class area, signifying a spatial transformation
process of attrition in spatial configuration. Conversely, the periods spanning from July 2020
to May 2023 are marked by the dissection of forest patches (with a t-value exceeding 0.75)
as dominant spatial transformation process since the decrease in class area is accompanied
by an increase in patch number. Over the period from May 2019 to November 2023, small
forest patches gradually dominated larger ones, leading to a continuous reduction in the
average area of forest zones. Consequently, over the years, the forest significantly degraded.
This degradation is highlighted by a decrease in the Largest Patch Index (LPI) values
(13% in May 2019 to 8% in November 2023) in parallel to the increase in the edge density
values between May 2019 and May 2023 (87 to 108), before dropping to 86 in November
2023. These results underscore the complex changes and pressures exerted on the forest
during the study period, with potentially significant implications for biodiversity and
local ecosystems.

Table 3. Land cover class configuration indices in November 2019, July 2020, September 2020, May
2021, May 2022, November 2022, May 2023 and November 2023. LPI: largest patch index (%), CA:
class area (km2), MA: mean patch area (km2), NP: number of patches, ED: edge density (m/ha). May
2019 and November 2019 correspond to ‘the pre-COVID-19 era’; July 2020, September 2020, May
2021, May 2022, and September 2022 correspond to ‘the concurrent pandemic phase’. May 2023 and
November 2023 correspond to ‘the post-pandemic era’.

Date NP CA MA LPI ED

May-2019 400,858.0 13,711.4 6.8 14.6 87.3

November-2019 733,771.0 13,654.4 6.3 13.6 88.7

July-2020 662,269.0 13,613.0 6.9 15.6 84.8

September-2020 1,526,810.0 13,297.6 4.5 13.2 116.6

May-2021 869,037.0 12,388.0 6.2 11.4 89.2

May-2022 1,057,747.0 11,607.7 4.9 10.1 89.5

November-2022 1,171,325.0 10,865.8 4.1 10.4 98.7

May-2023 1,220,557.0 10,160.1 3.4 9.8 108.3

November-2023 1,168,247.0 9849.8 3.7 8.2 85.7

4. Discussion
4.1. Methodology

Traditional aerial imagery, while valuable, is limited by cost and inadequate coverage
over extended periods compared to satellite imagery, hampering comprehensive temporal
analysis [61,62]. In contrast, utilizing Sentinel-type satellite images in this study provides
high spatial resolution, enabling detailed examination of land cover changes not well-
captured by medium to coarse resolution imagery, thus allowing precise analysis [63,64].
To ensure reliable classification outcomes, multiple sets of image datasets were acquired
at various intervals for comparison and assessment of changes pre- and post-COVID-19
pandemic, offering historical and current insights into forest cover dynamics [65]. Despite
challenges in synchronizing Sentinel-2 image acquisition dates with COVID-19 pandemic-
related events, mitigating seasonal influences by capturing images during specific dry
season periods facilitated deforestation data comparison between pre-pandemic and pan-
demic periods. Rigorous data validation, cross-referencing with official pandemic timelines,
and statistical adjustments addressed challenges in synchronizing image acquisition dates,
ensuring accuracy and reliability of the study’s temporal analysis. Integrating remote
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sensing data with ground observations validated findings, enhancing analysis robustness
and allowing isolation of specific COVID-19 impacts on deforestation [66].

The GEE platform offers several advantages, including access to vast geospatial
datasets, efficient processing capabilities for large-scale analyses, and cloud-based com-
puting resources that facilitate collaborative research. Additionally, its integration with
machine learning algorithms like random forest enables accurate and automated land
cover classification, especially in areas with complex land use patterns [24]. However, the
platform’s reliance on remote sensing data may limit classification accuracy in areas with
high cloud cover or limited internet connection [27].

Our investigation employed rigorous scientific methodologies to examine the rami-
fications of COVID-19 on deforestation. Specifically, preprocessing steps were crucial for
eliminating distortions and enhancing data quality, thereby improving result reliability [42].
Geometric rectification ensured accurate comparisons across different timeframes by elimi-
nating geometric variations and ensuring precise interpretation of forest cover changes [42].
The use of a supervised classification approach enabled accurate discrimination between
land cover types, aiding in the identification of landscape composition changes with high
precision compared to unsupervised classification methods [23].

Additionally, change detection analysis to identify forest cover loss involved calcu-
lating a series of landscape metrics [56,67]. Indeed, the conversion of natural landscapes
into anthropized landscapes results in significant spatial pattern alterations. Employing
landscape metrics allows for quantitative analysis of changes, providing detailed informa-
tion on spatial patterns and forest fragmentation. The complexity of landscape pattern
studies is evident in the multitude of metrics utilized, as a singular value cannot fully
encapsulate landscape configuration [34]. Understanding forest spatial transformation
processes involves analyzing patch number, class area, and perimeter, forming the basis of
decision-making processes such as the decision tree, which integrates information on patch
morphology variation and landscape transformation causes.

4.2. Forest Cover Loss during COVID-19 Pandemic: Drivers, Extent, and Spatio-Temporal Dynamics

In the Lubumbashi region, deforestation rates were high, but they decreased during the
lockdown period before rising again post-restriction. This trend continued until the official
end of the pandemic in July 2023. The lockdown and restrictions of the global COVID-
19 pandemic resulted in significant environmental changes and reduced anthropogenic
disturbances on ecosystems worldwide, known as the “anthropause” [68]. Activities like
unauthorized logging and artisanal mining were reduced during the lockdown, leading to
a decrease in deforestation levels in the LCPB. Indeed, during the COVID-19 pandemic, the
Congolese government implemented strict measures, including lockdowns, restrictions
on non-essential movement, curfews, and partial or total border closures [69]. In addi-
tion, educational institutions were closed, and public events were restricted or banned
while restaurants, bars, and other gathering places were also temporarily closed. These
measures negatively impacted productive activities, exacerbating economic and social inse-
curity. Travel restrictions and business closures led to increased unemployment and loss of
income, particularly for those working in the informal sector and small businesses. Con-
sequently, these restrictions hampered monitoring and conservation efforts, encouraging
illegal activities and increasing pressure on forests.

Non-compliance with COVID-19 measures during the lockdown likely resulted in
undetected infections, impacting people’s ability to exploit forest resources, and potentially
affecting food and economic security in forest-dependent areas. Furthermore, the pandemic
exacerbated fragility in forest resource monitoring due to reduced field presence of public
service agents and limited resources [70,71]. Economic impacts and limited compliance
led to continuous forest cover loss, despite the decreasing in extent. Indeed, population
below the poverty line resorted to exploiting forest resources during the curfew, leading
to deforestation. In addition, during the COVID-19 pandemic, there was a notable surge
in the utilization of traditional medicine. The heightened demand for medicinal plants



Resources 2024, 13, 95 16 of 24

utilized in traditional medicine placed additional stress on forest reserves [72], with com-
munities intensifying their collection efforts [73]. Furthermore, the commercialization of
medicinal plants flourished during the pandemic, incentivizing collectors to search for
more specimens in forested areas [74–78].

At a national level, the 2002 Forestry Code promotes sustainable forest management
by designating nature reserves and community forests, regulating commercial timber con-
cessions, and involving local communities in forest management [79]. In addition, the
REDD+ plan aims to reduce greenhouse gas emissions caused by deforestation, by training
local communities and authorities, and by using monitoring technologies to track forest
cover changes [80]. Locally, Upper Katanga’s policies adapt national directives to local con-
ditions, implements reforestation programs, and support land conservation and restoration
initiatives, often in partnerships with NGOs and international organizations. However,
COVID-19 containment measures have impended by restricting fields monitoring. The
restrictions have also delayed training, increased illegal activities, and redirected resources
to managing the health crisis, reducing the effectiveness of conservation initiatives [81].

Subsequently, following the relaxation of lockdown measures and the upsurge in
human activities, deforestation accelerated rapidly in the three first months following the
lockdown period. This surge is attributed to heightened demands on forest resources due
to the recommencement of economic operations and the relaxation of travel constraints,
which facilitated the resurgence of human activities, including illicit ones [82]. In addition,
after lockdown, reorienting phytomedicines for COVID-19 treatment reduced the risk of
weakened populations relying on forest resources [83]. The DR Congo encountered the
onset of viral infectious diseases like Ebola nearly a decade ago, yet national initiatives
to fortify the health system’s resilience against health hazards and calamities remained
absent. However, a trend in the decrease in the extent of forest cover loss was observed
from the fourth month after COVID-19 curfew period, probably due to the implementation
of a community forestry project. This project has identified within the LCPB 30 sites for
local forest concessions covering 334,656 hectares and submitted 20 applications approved
by the governorate. It has also promoted agroforestry on 20,882 hectares, encouraging
sustainable management of forest resources and reducing pressure on deforested areas [84].
Community-based Forest management has been identified as a win-win option for reducing
deforestation while improving the well-being of rural communities [85,86]. Unfortunately,
the following period was characterized by an increase in deforestation extent attributable
to increased human activity in forest concessions and agroforestry practices, possibly due
to economic opportunities and population growth.

Our research reveals a trend of escalating forest exploitation in areas increasingly
distant from Lubumbashi city. As forests diminish in nearby rural zones proximate to
the city, demand for residual forest resources such as timber, firewood, non-timber for-
est products, and agricultural land escalates significantly [26]. This heightened demand
leads to unsustainable forest exploitation and the conversion of remote forested lands into
agricultural zones. Forest scarcity consequently amplifies the fragmentation of remaining
forested areas, driving farmers to seek new lands for conversion, including the remaining
forest areas, as observed in Ghana and Burkina Faso [87]. Moreover, deforestation itself
can perpetuate forest scarcity by diminishing the size and quality of remaining forest
areas, compromising their natural regeneration capacity and complicating forest ecosystem
restoration efforts, fostering a cycle of continual deforestation [88]. While previous studies
reported a deforestation radius of 35 km [89], Kabulu et al.’s analysis based on 2008 field
data revealed that charcoal production for Lubumbashi extended up to approximately
60 km from the city [90]. Our findings suggest this radius has expanded to over 100 km,
propelled by urban growth and population expansion, escalating land and forest resource
demands. Advancements in technology facilitate access to remote forested areas, while
inadequate regulations foster uncontrolled exploitation, particularly in remote rural zones
governed by traditional authorities. Notably, state authority diminishes in rural areas away
from urban centers, favoring customary chiefs’ influence [91]. The alarming deforestation
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near Lubumbashi during the COVID-19 pandemic stems from various factors. Urban
expansion in Lubumbashi has exerted substantial pressure on local forests, driven by the
escalating demand for land for residential, industrial, and agricultural purposes [92]. Fur-
thermore, global economic pressures reinforced the phenomenon, with increased demands
for agricultural and forest products compelling companies to expand at the expense of
forests. In the Kasenga territory, in response to illegal exploitation of Pterocarpus tinctorius,
forest cover experienced a significant decline between 2009 and 2021, evidenced by the
replacement of forest matrix with savanna in 2021 [25].

The region north of the studied landscape, intersected by two major asphalt roads
(national roads to the west and 5 to the east), witnessed substantial deforestation during
the COVID-19 pandemic. The presence of asphalt roads is acknowledged to enhance access
to forested regions, leading to heightened resource utilization, particularly evident in the
post-lockdown phase [93]. The pandemic’s disruptions to traditional economic pursuits
potentially spurred some individuals to seek alternative livelihoods such as logging or
agriculture, especially in locales accessible via asphalt roads. Moreover, the infrastructure
provided by asphalt roads facilitated economic activities and the establishment of transient
farmer or charcoal producer settlements, amplifying land demand [94]. Notably, the
Lubumbashi–Likasi and Lubumbashi–Kasenga Road networks, situated in the northern
region of our study area, are primary conduits for transporting charcoal to Lubumbashi [95].
In contrast, the central and southern areas, lacking significant asphalt roads, are more
distant from populous centers and markets, thereby diminishing economic incentives for
exploitation. However, recent research indicates that ongoing road network expansions,
encompassing the southern region supplying charcoal to Lubumbashi, are anticipated to
reduce existing forest resources by over 2% while increasing agricultural lands by about
16% [96].

Acknowledging the various stages of human-induced landscape transformation, en-
compassing perforation, dissection, and fragmentation [97], our observations within the
LCPB are in line with this trend. In our study, forest degradation predominantly stems
from dissection and attrition, aligning with previous conclusions [25,98]. Forest fragmenta-
tion often precedes the disappearance of certain fragments and the reduction in the size
of forest patches over time due to various factors [99]. Firstly, the expansion of human
activities leads to the division of forests into smaller patches [99]. Subsequently, these
isolated fragments face increased pressure, resulting in their gradual disappearance [100].
Additionally, interventions such as selective logging can cause a reduction in the size of
remaining patches, explaining the decrease in the LPI over time [101]. Finally, Human
activities such as selective deforestation and unsustainable logging lead to an increase
in the proportion of forest edges [102]. Consequences include increased vulnerability of
ecosystems to biological invasions, habitat alteration for wildlife, and reduced resilience
to disturbances.

The reduction in forest cover is complex and results from a variety of factors [103]. In
addition to constant population growth and economic development, short-term factors
were exacerbated by the COVID-19 pandemic. The lockdown measures led to a significant
decrease in global and local demand for timber products due to economic slowdowns
and manufacturing shutdowns. Consequently, timber prices fell, decreasing legal logging
activities. However, illegal logging increased as people sought alternative income sources,
negatively impacting forest cover [82]. While confinement measures did not directly affect
weather patterns, reduced industrial activities slightly decreased air pollution, possibly
benefiting local climate conditions and forest health [104,105]. However, restrictions on
public gatherings and travel during holidays reduced the spike in timber demand, slightly
decreasing forest exploitation. The pandemic altered routines and economic activities, with
increased unemployment and economic hardship pushing more people toward subsistence
activities, including illegal logging and forest product extraction, intensifying pressure on
forest resources. Restricted mobility led to greater reliance on local resources, impacting
forest cover as communities turned to forests for fuel, food, and income.
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4.3. Implications for Forest Management

The reduction in forest cover leads to habitat loss and fragmentation, resulting in a
decline in biodiversity within the miombo woodland [106]. Strict conservation measures,
such as protected area designation and sustainable land management practices, can help
preserve critical habitats and mitigate biodiversity loss. Moreover, decreasing forest cover
diminishes the miombo woodland’s capacity to provide essential ecosystem services, in-
cluding carbon sequestration, water regulation, and soil stabilization [107]. Promoting
reforestation and afforestation initiatives can restore ecosystem functions and enhance
the provision of vital ecosystem services crucial for local communities and ecosystem
resilience [108].

Forest degradation also impacts the livelihoods and well-being of communities reliant
on forest resources for food, fuel, medicine, and traditional practices [109]. Implementing
community-based forest management approaches that empower local communities to
sustainably manage forest resources can foster socio-economic development while con-
serving biodiversity [110]. Deforestation contributes significantly to climate change by
releasing stored carbon into the atmosphere and reducing forests’ capacity to sequester
carbon dioxide [111]. Enhancing climate change mitigation strategies through reforestation,
afforestation, and sustainable land use practices can help mitigate climate change impacts
and enhance ecosystem resilience [112]. Forest cover loss can also alter hydrological pat-
terns, affecting water availability, quality, and regulating functions [113]. Implementing
watershed management strategies, such as reforestation of riparian zones and conservation
of water catchment areas, can improve water resource management and ensure long-term
water security [114]. Additionally, deforestation increases soil erosion, leading to soil
degradation, loss of fertility, and increased sedimentation in water bodies. Implementing
agroforestry practices, such as tree planting on degraded lands, can prevent soil erosion,
improve soil health, and enhance agricultural productivity sustainably [115].

Inadequate enforcement of forest conservation policies, weak governance, and lack of
stakeholder engagement contribute to unsustainable practices of forest exploitation [116].
Strengthening policy frameworks, enhancing law enforcement, promoting stakeholder
participation, and fostering partnerships between government, NGOs, and local commu-
nities can improve forest governance and promote sustainable land management [117].
Moreover, limited awareness and understanding of the importance of forest conservation
and sustainable land management practices among local communities and stakeholders
hinder conservation efforts [118]. Investing in environmental education, raising aware-
ness about the value of forests, and promoting community participation in conservation
activities can foster a culture of environmental stewardship and support sustainable land
management practices.

The identified trends in forest cover reduction around urban areas like Lubumbashi
city and the northern zone of the LCPB highlight intensified pressures on natural habitats
due to rapid population growth and urban expansion, which diminish overall ecosystem
resilience [119]. These trends underscore the urgency of conservation efforts focused on
protecting and restoring forested areas, implementing sustainable land-use practices, and
creating wildlife corridors to reduce habitat fragmentation [120,121]. The spatial processes
of attrition and dissection of forest patches can lead to isolated fragments that may not
support viable wildlife populations or ecological functions, necessitating prioritized land-
use planning that promotes connectivity between forest patches and incorporates ecological
corridors into development plans to mitigate these effects [121,122]. Additionally, the
reduction in the size of the largest forest patch increases edge effects, emphasizing the
need to restore and protect large contiguous forest areas and implement measures like
buffer zones and wildlife-friendly land-use practices to minimize habitat degradation and
changes in species composition [123].

Finally, pandemics or epidemics exacerbate poverty, leading to a cascade of events that
intensify the exploitation of forest resources, thus fueling a cycle of disease emergence [124].
Firstly, health crises cause widespread job loss and income reduction, particularly in
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countries lacking robust social safety nets. Impacted communities often turn to forests for
sustenance, driving unsustainable practices like deforestation, wood extraction, hunting,
and gathering non-timber products [125]. Secondly, disrupted food supply chains heighten
food insecurity, prompting reliance on forests for immediate needs like food, medicine, and
construction materials, further straining resources [126]. Thirdly, weakened governance
during health crises fosters illegal exploitation of forests, including wildlife trade, increasing
the risk of zoonotic disease transmission. These pressures alter ecosystems, disturb wildlife
habitats, and heighten human–wildlife interactions, facilitating pathogen transmission and
fostering new disease outbreaks [127]. To disrupt this cycle, multifaceted interventions are
necessary, addressing socioeconomic vulnerabilities, promoting sustainable practices, and
enhancing governance to safeguard both human health and forest ecosystems [128,129].

5. Conclusions

By combining landscape ecology analysis tools with remote sensing and geographic
information systems (GIS), this study analyzed landscape changes in the Lubumbashi
Charcoal Production Basin (LCPB) from May 2019 to November 2023. Due to rapid
population growth and economic disruptions caused by the COVID-19 pandemic, the
study area experienced significant spatial changes, notably a continuous decrease in forest
cover. However, this reduction was slower between November 2019 and September 2020,
during the initial phase of COVID-19 pandemic-related lockdowns. This period also
witnessed a substantial loss of forests on the outskirts of Lubumbashi city. Attrition and
dissection of forest patches led to a landscape imbalance, paving the way for alternative
land cover that expanded their footprint. Consequently, the level of landscape spatial
pattern and composition changes intensified, indicating the growing impact of human
activity on natural ecosystems. Finally, our results revealed that forest cover loss is notably
more pronounced in the vicinity of Lubumbashi city and the northern zone of the LCPB.
The observed spatial changes in forest cover, particularly during the initial COVID-19
lockdowns, underscore the critical link between human activities and ecosystem resilience.
These findings highlight the urgent need for proactive biodiversity conservation measures
and ecosystem restoration efforts, especially in areas experiencing rapid urbanization and
landscape imbalance. Stakeholders, including policymakers, conservation organizations,
and local communities, should prioritize strategies such as habitat restoration, green
infrastructure development, and sustainable land use practices to mitigate further forest
cover loss and promote ecosystem resilience.
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