
R E S E A R C H Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International 
License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you give appropriate 
credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the licensed material. 
You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or other third party 
material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material 
is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​:​/​​/​c​r​e​a​​t​i​v​e​c​o​​m​m​o​n​​s​.​o​r​g​​/​l​i​c​e​​n​s​
e​s​/​b​​y​-​n​c​​-​n​d​/​4​.​0​/.

Cirezi et al. Discover Forests            (2025) 1:43 
https://doi.org/10.1007/s44415-025-00046-9

*Correspondence:
Nadège Cizungu Cirezi
nadegecirezi@gmail.com
1Biodiversity, Ecosystems and 
Landscape Unit, TERRA Teaching 
and Research Center, Gembloux 
Agro-Bio Tech, University of Liège, 
5030 Gembloux, Belgium
2Ecole Régionale Post-Universitaire 
d’Aménagement et de Gestion 
Intégrés des Forêts et Territoires 
Tropicaux (ERAIFT), P.O. Box 15373, 
Kinshasa, Democratic Republic of 
Congo
3Department of Natural Resource 
Management, Faculty of 
Agricultural and Environmental 
Sciences, Université Evangélique 
en Afrique, P.O. Box 3323, Bukavu, 
Democratic Republic of Congo
4Ecology, Ecological Restoration 
and Landscape Unit, Faculty of 
Agronomic Sciences, Université 
de Lubumbashi, P.O. Box 1825, 
Lubumbashi, Democratic Republic 
of the Congo

Spatial patterns and ecological drivers 
of tropical moist forest transitions in the 
Kahuzi Biega National Park landscape eastern 
Democratic Republic of Congo
Nadège Cizungu Cirezi1,2,3*, Yannick Mugumaarhahama3, Yannick Sikuzani Useni4, Cléophace Citwara Bayumbasire1,2, 
Katcho Karume3, Raymond Sinsi Lumbuenamo2, Jean-François Bastin1 and Jan Bogaert1

1  Introduction
Tropical moist forests are among the most ecologically significant ecosystems on Earth, 
playing a central role in regulating climate, storing carbon, cycling water and nutrients, 
and maintaining global biodiversity [36, 75]. They harbour more than half of all known 
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Abstract
Kahuzi-Biega National Park (KBNP) is recognised as a Key Biodiversity Area for its 
large tracts of undisturbed tropical moist forest (UTMF) and exceptional wildlife. 
Since 1996, civil unrest and armed incursions have placed severe pressure on these 
forests, accelerating both degradation and outright loss. In this study, we examined 
how UTMF has changed across the KBNP landscape between 1990 and 2023, with 
the goal of identifying the main transition pathways and their underlying drivers. 
We used 30-m resolution Landsat land-cover maps from Vancutsem et al. (2021) 
together with field observations covering 15.7 ha to construct a 33-year transition 
matrix. Ten most common pathways were analysed in detail. For each, 600 pixels 
of interest were sampled and surrounded by three spatial windows (90 × 90 m, 
270 × 270 m, 810 × 810 m) to calculate patch density, largest patch index, and total 
edge length. We also measured altitude and distances to roads, settlements, mines, 
and burned areas, and tested their influence using logistic regression. Results show 
that degradation accounted for 10.2% of transitions and direct deforestation for 5.8%. 
Stable UTMF occurred in homogeneous landscapes with high largest patch index 
and low edge length. Degradation was concentrated at low altitude s close to roads, 
while deforestation was more frequent at higher altitudes near burn scars. Zones of 
secondary-forest regrowth tended to lie in remote, inaccessible terrain. The mapped 
hotspots highlight priority areas where reinforcing conservation measures could help 
protect the park’s remaining intact forest.

Keywords  Tropical moist forest (TMF), Land-cover transition matrix, Pathway 
dynamics, Logistic regression, Landscape metrics, Kahuzi-Biega National Park
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terrestrial species [29, 32, 33, 38, 60] and deliver a wide array of ecosystem services, 
including food provision, medicinal resources, cultural values, and climate-change miti-
gation [43, 61, 100]. These forests also act as buffers against extreme weather events, 
maintain hydrological stability, and sustain millions of rural livelihoods.

The Democratic Republic of Congo (DRC) contains approximately 10% of the plan-
et’s tropical moist forests [90], forming the second-largest tropical forest block after the 
Amazon [1, 49, 65] and encompassing over half of the Congo Basin’s most intact and 
ecologically valuable forests [40, 97]. The DRC is therefore pivotal in conserving contigu-
ous tropical forest and supplying critical ecosystem services [45, 66, 89, 101]. Yet, these 
forests are increasingly threatened by agricultural expansion, timber extraction, mining, 
infrastructure development, and more frequent fires, pressures amplified by poverty, 
rapid population growth, and political instability [74, 87, 96, 100, 101]. Annual forest 
losses have averaged close to one million hectares since 2014 [52].

To counter these pressures, the DRC has established an extensive protected area (PA) 
network covering ~ 13.5% of the national territory [112]. PAs are central to tropical bio-
diversity conservation [15, 38] and have been shown to reduce forest loss and degra-
dation [18, 25, 81, 116] and contribute to climate-change mitigation [12]. These areas 
are classified according to IUCN categories I–VI [28]. Among them, the Kahuzi-Biega 
National Park (KBNP), a Category II protected area and UNESCO World Heritage Site 
since 1996 [23], covers 6700 km2 and contains diverse habitats from lowland rainforest 
to Afro-montane woodlands [94]. It is recognised as a Key Biodiversity Area [102] and 
ranks second in the Albertine Rift for endemic and threatened species, notably the criti-
cally endangered eastern lowland gorilla (Gorilla beringei graueri) [79, 103, 104].

Despite this status, the KBNP undisturbed forest block, identified as the park’s second 
conservation [48], is under severe anthropogenic pressure. Since the mid-1990s, armed 
conflicts, population displacement, and increased accessibility have driven illegal settle-
ment, agricultural expansion, bushfires, timber harvesting, artisanal mining, and late 
invasion by the liana Sericostachys scandens as an ecological response to disturbances 
[20, 51, 78]. These threats, compounded by poaching, led to KBNP’s inclusion on the 
UNESCO List of World Heritage in Danger in 1997 [48, 93, 103]. Between 1990 and 
2023, the park lost ~ 10% of its high-integrity tropical moist forest within its boundaries 
and 23% across the wider landscape [107].

At broader scales, numerous studies have investigated the drivers of tropical forest 
loss and degradation, both globally [2, 4, 14, 45, 57, 100, 107] and regionally [47, 53, 55, 
101, 116]. These works have documented the dynamics of tropical moist forests and 
their underlying pressures within and outside protected areas, thereby establishing a 
solid baseline understanding of large-scale trends. However, fine-scale, spatially explicit 
analyses remain scarce, despite their critical importance for uncovering local mecha-
nisms and informing targeted forest management interventions. Encouragingly, recent 
methodological advances now make such work increasingly feasible. Radar time-series 
approaches, for instance, can now detect forest degradation and disturbance at resolu-
tions down to 100 m [109], while new algorithms such as the 3DC method allow rapid 
detection of deforestation events from Sentinel-1 radar data [114]. In parallel, meth-
odological reviews and synthesis efforts have clarified the strengths and limitations of 
current remote sensing tools for monitoring forest degradation [70], and emerging spa-
tially explicit approaches enable the near–real-time tracking of small-scale disturbance 
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drivers such as logging and fire [91]. Yet, despite this growing toolkit, such approaches 
have seldom been applied in African protected areas, leaving important knowledge gaps 
in landscapes such as the Kahuzi-Biega National Park (KBNP).

Addressing this gap is critical, as fine-scale and spatially explicit assessments of forest 
dynamics remain rare in african protected areas, despite their importance for conserva-
tion planning and adaptive management. Building on the globally consistent land-cover 
data of Vancutsem et al. [107] the present study provides one of the first detailed analy-
ses of tropical moist forest change in the Kahuzi-Biega National Park (KBNP) landscape. 
By examining forest dynamics over more than three decades (1990–2023), this study 
contributes to a better understanding of how different change processes interact and 
how they are shaped by ecological context and landscape factors. Specifically, the objec-
tives are to: (1) Map and characterise, using a “pixel of interest” approach, the principal 
pathways of forest change, including deforestation, degradation, regeneration, and sta-
bility, across the KBNP landscape from 1990 to 2023. (2) Assess the spatial distribution 
of forest states (intact, degraded, deforested, regenerating) in relation to landscape com-
position, fragmentation patterns, and proximity to disturbance sources. (3) Analyse how 
fragmentation and ecological context (altitude and anthropogenic accessibility) differ 
among stable, deforested, degraded, and regenerating areas, with a focus on identifying 
whether the most intense changes are concentrated in already fragmented and accessible 
zones. Following Van Cutsem et al. [107], a pixel is designated as “Undisturbed tropi-
cal forest” (UTMF) if it exhibits dense, evergreen or semi-evergreen vegetation cover 
and shows no evidence of disturbance throughout the study period (1990–2023). Pix-
els are considered “degraded” if they undergo at least one short-term disturbance (dura-
tion < 2.5 years) in forest cover during study period, as detected via remote sensing. 
Conversely, a pixel is classified as “deforested” when it experiences a long-term conver-
sion (duration > 2.5 years) and remains under non-forest land use for the entirety of the 
study period. Finally, “regrowth” pixels are those that were deforested but subsequently 
entered a vegetative recovery phase.

2  Materials and methods
2.1  Study area

Kahuzi-Biega National Park is located in eastern Democratic Republic of Congo 
between 1° 36′ and 2° 37′ S latitude and 27° 33′ and 28° 46′ E longitude (Fig. 1). Covering 
6700 km2, it extends from the Congo River basin near Itebero-Utu to its western bound-
ary northwest of Bukavu, across three provinces: South Kivu, North Kivu, and Maniema 
[41, 94]. The park comprises two distinct sectors linked by a narrow ecological corridor: 
a high-altitude zone, whose summit is Mount Kahuzi (3308 m), and a low-altitude zone 
ranging from 600 to 1700 m above sea level [8, 48, 103].

The KBNP encompasses two distinct climatic zones: the lowland Guineo-Congolian 
tropics and the Afro-montane tropics [9]. In the lowland sector, daytime temperatures 
remain uniformly warm year-round, with a mean annual temperature of 20.5 °C and 
very high rainfall throughout the year. Two rainy seasons occur, May to June and Octo-
ber to December, each separated by brief dry intervals. In the montane zone, an Afro-
alpine climate predominates, with nocturnal frosts occasionally affecting the summits 
of Kahuzi and Biega. Daytime conditions are often overcast, with intense precipitation. 
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Mean annual rainfall may reach up to 1900 mm, with a prolonged dry season from June 
to August and a short dry spell in February [9, 35, 63, 71].

Approximately 60% of the park remains as intact forest [80] spanning the full altitu-
dinal gradient from 600 m to over 2600 m and encompassing all successional stages of 
tropical forest vegetation [48, 78, 103]. Its fauna includes 136 mammal species, notably 
the critically endangered eastern lowland gorilla (Gorilla beringei graueri) and several 
other threatened primates. The park is dissected by numerous waterways and traversed 
in the high-altitude sector by National Road 2 [48]. uman activities, such as artisanal 
mining, traditional trapping, rudimentary trails, and seasonal cultivation, are present in 
certain areas of the park [9, 93].

2.2  Data used

The Table 1 presents the data used to analyse the main pathways of TMF dynamics and 
their ecological.

2.3  Data analysis

2.3.1  Data pre-processing

 	• Resampling and reclassification: to ensure consistency with the spatial resolution of 
Landsat images and ancillary datasets, imagery from Van Cutsem et al. [107]-annual 
change collection, “Deforestation Year”, “Degradation Year” and “Deforestation After 
Degradation”—with initial spatial resolution of 29.9 m were resampled to a 30 m 
spatial resolution. Subsequently they were reclassified into five classes representing 
the main processes to which can pass the undisturbed TMF: Undisturbed tropical 
moist forest (UTMF), degradation, deforestation, forest regrowth, and other land‐
cover types. For each class, total area (relative value) and annual change rates were 
calculated for the period 1990–2023.

 	• Transition analysis: following area calculations for each process, landscape 
conversion dynamics were quantified using a transition matrix [11, 13]. The 
transitions called here “pathways” were analyzed between two time points. The year 

Fig. 1  Study area comprising Kahuzi-Biega National Park and a 15 km peripheral buffer zone beyond its boundar-
ies. The park is locates in eastern Democratic Republic of Congo(DRC), spanning the provinces of North Kivu, South 
Kivu, and Maniema
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1990, which served as the baseline year, marks both the earliest data availability and 
the prelude to major disturbances; namely the onset of armed conflict and large-scale 
population displacements beginning in 1996 [50, 72]. The year 2023, which represent 
the end state, encompasses all landscape dynamics that occurred in the landscape 
since 1990. From the transition matrix 10 pathways of TMF dynamics were identified 
(Fig. 2).

 	• Selection and preprocessing of variables describing the ecological context: in addition 
to the primary pathways related to TMF dynamics, we incorporated altitude (a key 
physical parameter) and the principal drivers of TMF change previously identified 
by Cirezi et al.[20] in the Kahuzi-Biega landscape, namely, artisanal mining sites, 
built-up areas, roads, and fire‐occurrence. For drivers available as vector shapefiles 

Table 1  Overview of datasets used to analyze tropical moist forest (TMF) dynamics and their 
ecological context described by the altitude and anthropogenic accessibility in Kahuzi-Biega 
National Park from 1990 to 2023
Dataset 
name

Data source Spatial 
resolution

Temporal 
coverage

Purpose in 
this study

Annual 
Land-Use 
Change 
Collection

Vancutsem et al. [107], Forest Observations portal 
(projects/JRC/TMF/v1_2023/AnnualChanges)

30 m 1990–2023 Detect 
annual TMF 
change and 
classify into 
stability, 
degrada-
tion, defor-
estation, 
and 
regrowth 
pathways

Deforesta-
tion Year/
Degrada-
tion Year/
Deforesta-
tion after 
Degrada-
tion Year

Vancutsem et al. [107]. Forest Observations portal
“(Asset ID: projects/JRC/TMF/v1_2023/Deforestation-
Year), “Degradation Year” (Asset ID: projects/JRC/TMF/
v1_2023/DegradationYear) and “Deforestation After 
Degradation” (Asset ID: projects/JRC/TMF/v1_2023/
DegradationAfterDegradationYear)

30 m 1990–2023 Identify 
year of first 
deforesta-
tion/Deg-
radation 
events and 
deforesta-
tion events 
pre-
ceded by 
degradation

Artisanal 
mining sites

(Open data—IPIS) Point data 2023 Map 
proximity 
to mining 
activities

Fire oc-
currence 
points

NASA FIRMS https://firms.modaps.eosdis.nasa.gov/ ~ 375 m 2001–2023 Map prox-
imity to fire 
events

Built-up 
area extents

Geofabrik Download Server (OpenStreetMap) Vector 
polygons

2023 Map prox-
imity to 
settlements

Road 
network

Geofabrik Download Server (OpenStreetMap) Vector lines 2023 Map prox-
imity to 
road access

Digital 
Elevation 
Model

OpenTopography—Shuttle Radar Topography Mission 
(SRTM GL1)

30 m 2000 Extract 
altitude as 
a physical 
variable

The table includes information on data sources, spatial and temporal resolution, and their specific role in identifying forest 
change pathways and related environmental factors

https://firms.modaps.eosdis.nasa.gov/
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(points or lines), we generated 30 m‐resolution rasters by computing Euclidean 
distance to represent spatial accessibility and pressure gradients [27]. Euclidean 
distance was chosen because it provides a continuous, quantitative approximation 
of proximity to potential disturbance sources, serving as a widely used proxy for 
anthropogenic accessibility and pressure in spatial ecological models [3, 10, 77, 108]. 
Approaches using Euclidean distance at 30 m resolution have effectively modelled 
forest change where detailed cost-distance data are unavailable [3, 77]. Following 
Euclidean distance computation for each variable, we assessed pairwise Pearson 
correlations and visualized the results using a corrplot [95]. As Euclidean distance 
to roads and to built-up areas were highly collinear (r2 > 0.90), only distance to roads 
was retained in the subsequent models.

 	• Image quality and suitability assessment: in addition to the analysis of Van Cutsem’s 
datas’ suitability for the KBNP landscape context carried out by Cirezi et al.[20], field 
inventory was conducted from July 2023 to December 2023. A total of 63 plots of 0.25 
ha each [62], arranged along 1 km north-oriented transects following the disturbance 
gradient (“Appendix 1”), were surveyed. Within these plots, anthropogenic 
disturbances were recorded (presence/absence) on site. The individual plots were 
then overlaid to the transition matrix (1990–2023), which groups the primary land‐
cover dynamics, in order to document the changes observed via satellite imagery.

All preprocessing steps were performed using ArcGIS Pro 3.1.0 using the Reclassify and 
Raster Calculator tools.

2.3.2  Sampling

For each pathway of TMF dynamic (transition/stability), we randomly sampled 600 
pixels of interest (POI) (200 pixels × 3 replicates), yielding a total of 6000 sampled pix-
els across the study landscape. Around each POI representing the focal pixel we cen-
tred a fixed square analysis window (hereafter referred to as the “landscape”) [84] and 
extracted its surrounding land‐cover pattern. Three nested window sizes were used, 3 × 3 
pixels (0.0081 km2), 9 × 9 pixels (0.0729 km2), and 27 × 27 pixels (0.6561 km2), following 
the approach of Riitters et al. [85] and adapted to the study scale.

Fig. 2  Primary transition pathways of undisturbed tropical moist forest (TMF) dynamics within the Kahuzi-Biega 
National Park (KBNP) landscape from 1990 to 2023. The figure illustrates major land use/land cover (LULC) changes, 
highlighting patterns of stability, degradation, deforestation, and regrowth across the study period
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2.3.3  Tropical moist forest pathways characterisation

 	• Landscape composition and configuration analysis: for each fixed window (across 
all scales), we assessed landscape composition and configuration by computing 
the number and frequency of TMF pathways and visualising these patterns using 
frequency heatmaps [111]. We also calculated key spatial-structure metrics including 
patch density (PD), largest patch index (LPI), and edge density (ED), to quantify the 
degree of fragmentation and dominance of remaining forest patches [31, 68]. All 
metrics were computed in R 4.2.2. using the landscapeTools and landscapeMetrics 
packages [99]. These indicators enabled us to distinguish fine-scale landscape 
responses associated with each forest-transition pathway.

 	• Ecological context characterisation and their impact on the key processes in the 
landscape: environmental covariates describing the ecological context mean altitude, 
mean distance to fire‐occurrence points, mean distance to roads, and mean distance 
to artisanal mining sites have been calculated for each window. The mains processes 
include include overall change (all transition types combined), deforestation, 
degradation, and forest regrowth. For each process, we created a binary response 
variable (0 for pixels not experiencing the process; 1 for pixels where the process 
occurred). We then fitted a logistic regression, with mean altitude and mean 
distances to roads, fire events, and mining sites as explanatory covariates, using a 
generalized linear model (GLM) with a logit link. Model fitting was conducted in R 
via glm (…, family = binomial(link = "logit")), following McCullagh and Nelder’s [67] 
recommendations for analyzing binary response data within the exponential‐family 
framework.

2.3.4  Statistical analysis

For each computed parameter, a comparative assessment across the main pathways of 
TMF dynamics at different window sizes was conducted. First, data were aggregated by 
class and scale using a summary function to estimate means and standard deviations 
for each factor combination [110]. Next, a one-way analysis of variance (ANOVA) was 
carried out to determine whether the observed differences in means among the classes 
were statistically significant [34] Wherever the ANOVA indicated a significant effect (p 
< 0.05), a Fisher’s LSD (Least Significant Difference) post-hoc test was performed using 
the LSD.test () function from the agricolae package [26]. The Figure 3 summarises the 
full methodological workflow for sampling and data analysis.

3  Results
3.1  Annual dynamics for deforestation, degradation and deforestation following 

degradation

Figure 4 shows the annual dynamics of forest degradation, deforestation, and deforesta-
tion following degradation in the KBNP landscape and its peripheral areas from 1990 to 
2023.

Figure 4 indicate two major peaks of disturbance during the study period, one in the 
late 1990s (around 1998) and another in the early 2010s (around 2013). Deforestation 
within KBNP is characterised by sharp but short-lived spikes, while degradation exhib-
its more frequent and recurrent fluctuations. Regrowth is present but remains com-
paratively low across the entire period. In the peripheral areas, disturbance levels are 
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Fig. 4  Annual dynamics of forest degradation, deforestation, and deforestation after degradation in KBNP and its 
peripheral zones (1990–2023)

 

Fig. 3  Synthesis of the methodological workflow used to analyse the pathways of tropical moist forest (TMF) 
dynamics in the Kahuzi-Biega National Park (KBNP) landscape from 1990 to 2023
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generally higher and more sustained, with prolonged periods of both degradation and 
regrowth compared to the interior of KBNP.

3.2  Main pathways of TMF dynamics in the KBNP landscape

Figure 5 and Table 1 present the transition matrix of the main pathways of TMF dynam-
ics that occurred in the Kahuzi-Biega National Park landscape from 1990 to 2023.

Figure  4 and the Table  2 show that despite the various disturbances experienced in 
the Kahuzi-Biega landscape, the undisturbed TMF still cover over 64.2% of the area. 
Between 1990 and 2023, approximately 4606.4 km2 (17.2% of the landscape) of intact 
forest was converted-specifically, to degraded forest (2737.4 km2; 10.2%) and to non‐
forest land uses (deforestation: 1551.8 km2; 5.8%). A further 317.6 km2 (1.18%) under-
went deforestation before progressing to forest regrowth. Of the area already degraded 
in 1990 (201.0 km2; 0.75%), 162.8 km2 (0.6%) was subsequently deforested. Conversely, 
73.2 km2 (0.3%) of the area initially deforested in 1990 experienced forest regrowth. 
Land originally classified as “Other LULC” remained unchanged throughout the study 
period, while all other minor transitions were associated with combinations of degrada-
tion, deforestation, and/or regrowth.

3.3  Image suitability assessment

Table 3 presents the accuracy assessment of disturbance detection from Landsat-derived 
classifications against field inventory records in the Kahuzi-Biega National Park (KBNP) 
landscape.

Table 3 shows that Landsat-derived classifications captured 69.8% of the disturbances 
observed in the KBNP landscape. All instances of deforestation and forest regrowth 

Fig. 5  Main pathways of tropical moist forest (TMF) dynamics in the Kahuzi-Biega National Park (KBNP) landscape 
from 1990 to 2023. The panels represent different pixel-of-interest (POI) categories: (a) undisturbed TMF → defor-
ested land, (b) other land-use/land-cover (LULC), (c) deforested land → forest regrowth, (d) undisturbed TMF → for-
est regrowth, (e) undisturbed TMF, and (f ) undisturbed TMF → degraded forest. Insets provide zoomed views of 
landscape composition and configuration across analysis window sizes; for each case, the left panel shows the 
transition-matrix map and the right panel the corresponding final-state (2023) image from Google Earth Pro
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detected in the imagery were confirmed by field inventories, indicating high reliability 
for these processes. By contrast, degradation was identified with a moderate accuracy of 
70.4%, with detection rates varying according to the intensity of disturbance at each plot. 
However, a substantial proportion of disturbances (57.9%) occurring within areas classi-
fied as undisturbed forest, particularly small-scale or selective activities such as logging, 
charcoal production, and poaching, were not detected by the imagery, highlighting the 
limitations of medium-resolution satellite data in capturing fine-scale disturbances.

Table 2  Transition matrix of tropical moist forest (TMF) dynamics within the Kahuzi-Biega National 
Park (KBNP) landscape from 1990 to 2023

1990
Transition classes Undisturbed 

TMF km2 (%)
Degraded 
forest km2 
(%)

Defor-
ested land 
km2 (%)

Forest 
regrowth* 
km2 (%)

Others 
LULC 
km2 (%)

Total 
km2 (%)

2023 Undisturbed TMF 
km2(%)

17,291.4 (64.2) 0 0 0 0 17,291.4
(64.2)

Degraded forest 
km2(%)

2737.3
(10.2)

201.0
(0.7)

0 0 0 2938.3
(10.9)

Deforested land 
km2(%)

1551.7
(5.8)

162.8
(0.6)

288.0
(1.1)

0 0 2002.5
(7.4)

Forest regrowth* 
km2(%)

317.6
(1.2)

0 73.2
(0.3)

0 227.9
(0.8)

618.7
(2.3)

Other LULC km2(%) 0 0 0 0 4073.8
(15.1)

4073.9
(15.1)

Total km2(%) 21,898.1
(81.3)

363.8
(1.3)

361.1
(1.3)

0 4301.8
(16.0)

26,924.9
(100)

Values represent the area (km2) and corresponding percentage of each land-use/land-cover (LULC) class in 2023, as 
a function of its state in 1990. Transition classes include: Undisturbed TMF, Degraded forest, Deforested land, Forest 
regrowth, and Other LULC (non-forest classes such as agriculture and settlements). *Forest regrowth refers to areas that 
were previously deforested but subsequently reverted to woody vegetation cover. Percentages are expressed relative to 
the total study area (26,924.9 km2). The bold values on the diagonal represent stable areas.

Table 3  Accuracy assessment of disturbance detection from Landsat classifications compared with 
field survey records in the Kahuzi-Biega National Park (KBNP) landscape
Pathway types 
identified on 
the image

Disturbances recorded on the 
ground

% Of 
detection 
on the 
ground

Main disturbances recorded on the 
ground(N)

Absence Presence Total

Degradation 8 19 27 70.4 Wood cutting (19), Charcoal production (11), 
Agriculture (5), Poaching (1), Accessibility by 
road (5), Human settlements (3), Livestock 
farming (2), Mining (2), Presence of reforesta-
tion species (1), Vegetation fires (1),

Deforestation 0 13 13 100.0 Charcoal production (11), Vegetation fires (9), 
Agriculture (8), Logging (8), Livestock farm-
ing (7), Animal tracks (7), Mining (2), Presence 
of reforestation species (2), Poaching (1)

Forest Regrowth 0 3 3 100.0 Presence of reforestation species (2), Logging 
(2), Charcoal production (1),

Undisturbed TMF 11 8 19 42.1 Wood cutting (4), Charcoal production (4), 
Poaching(2)

Other LULC 0 1 1 100.0 Agriculture(1), Wood cutting (2), Charcoal 
production (3)

Total 19 44 63 69.8
The assessment was based on 63 field plots (0.25 ha each) distributed along disturbance gradients and surveyed between 
July and December 2023. Disturbance observations (presence/absence) were overlaid with satellite-derived classifications 
of undisturbed tropical moist forest (UTMF), degraded forest, deforested land, forest regrowth, and other land-use/land-
cover (LULC). The values in bold represent, on the one hand, the total number of plots inventoried on the ground and, on 
the other hand, the percentage of detection on the ground.
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3.4  Class diversity around pixels of interest (POI)

The analysis of class diversity around class of interest (i.e. pixels belonging to the various 
pathways of dynamics) is presented in Fig. 5 at three spatial scales: (a) 3 × 3 pixels, (b) 
9 × 9 pixels, and (c) 27 × 27 pixels.

Figure 6 demonstrates that the composition of land-cover classes surrounding points 
of interest (POIs) varies with both spatial scale and the transition pathway of tropical 
moist forest (TMF) dynamics, while maintaining consistent overall trends (χ2 = 1494.7, 
df = 18, p < 0.001). At the 3 × 3-pixel scale (0.0081 km2), undisturbed TMF pixels are 
predominantly neighboured by other intact forest (85%), reflecting strong local sta-
bility, whereas degraded and deforested pixels are mainly surrounded by same-class 
neighbours (40% and 36%, respectively), indicating spatial clustering of disturbance. By 
contrast, degraded-to-deforested pixels show higher adjacency with “other LC” (29%), 
pointing to transitional zones where forest clearance advances into the non-forest 
matrix. At the 9 × 9-pixel scale (0.0729 km2), undisturbed forest remains dominant in 
neighbourhoods (68%) but its share decreases compared to the fine scale, while degraded 
and deforested classes increasingly share neighbourhoods with intact forest (20% and 
9%, respectively), suggesting both encroachment risks and residual connectivity. At the 
27 × 27-pixel scale (0.6561 km2), undisturbed TMF pixels retain the largest same-class 
share (35%), but “other LC” becomes the dominant neighbour category for nearly all dis-
turbed classes (22–25%), highlighting the pervasiveness of non-forest surroundings at 
broader landscape scales. These patterns illustrate three main insights. First, intact TMF 
cores show strong stability locally but increasing fragmentation at broader scales, imply-
ing heightened exposure to edge effects. Second, degraded and deforested pixels cluster 
spatially, underlining the risk of disturbance expansion into adjacent intact forest, espe-
cially in transitional zones. Third, forest regrowth pixels are embedded in mixed neigh-
bourhoods: when adjacent to undisturbed forest, natural recovery is more likely, but 
regrowth surrounded by “other LC” faces stronger constraints and may require active 
restoration. Overall, the growing dominance of “other LC” in larger neighbourhoods 
emphasises the influence of the surrounding matrix on both the persistence of intact 
forest and the recovery potential of disturbed areas. This scale-dependent class diver-
sity analysis therefore provides critical context for conservation in KBNP by identifying 

Fig. 6  Heatmaps of class‐diversity frequencies(values divided by 100) around POI in the Kahuzi‐Biega National 
Park landscape (1990–2023) are presented at three spatial scales—3 × 3 pixels (a), 9 × 9 pixels (b), and 27 × 27 pixels 
(c)—with the following legend: Und. TMF: Undisturbed Tropical Moist Forest, Def.: Deforested, Deg.: degraded, 
Reg: Regrowth
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stable cores needing protection, high-risk clusters requiring monitoring, and regrowth 
patches where restoration could enhance resilience.

3.5  Characterization of the spatial configuration and ecological context of the main 

pathways of TMF dynamics

3.5.1  Spatial configuration of the main pathways of TMF dynamics

The Fig. 7 summarizes the spatial configuration of the landscape surrounding the pixels 
of interest(PIO) within the Kahuzi-Biega National Park landscape across the three anal-
ysis scales. The metrics considered indicate fragmentation levels (Edge Density [ED], 
Largest Patch Index [LPI], Patch Density [PD]).

The heatmap on the Fig.  7 demonstrates that the various TMF dynamics pathways 
exhibit significantly different spatial configurations (p < 0.0001 for all indices). Across all 
three spatial scales, the undisturbed TMF exhibits the lowest edge density (ED) and high-
est largest‐patch index (LPI) of all pathways, indicating large, contiguous forest patches 
with minimal edge effects (e.g. at 3 × 3 pixels: ED = 27.8 ± 51.6 m/ha vs. 107.4 ± 50.7 m/ha 
for “undisturbed → degraded”; LPI = 85.1 ± 28.5% vs. 38.4 ± 27.5%). Its patch density (PD) 

Fig. 7  Spatial configuration metrics of the POI landscape in the Kahuzi‐Biega National Park (1990–2023) calculated 
at three spatial scales (3 × 3, 9 × 9, and 27 × 27 pixel windows). Metrics include edge density (m/ha), largest patch 
index (%), and patch density (N/100 ha). Values are expressed as mean ± standard deviation. Letters indicate statisti-
cally homogeneous groups according to Fisher’s LSD (Least Significant Difference) post hoc test (p < 0.05) follow-
ing one-way ANOVA for each metric and scale; identical letters within a column denote no significant difference 
between pathways, while different letters indicate significant differences
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is also markedly lower at the broadest scale (6.7 ± 8.8 patches/ha at 27 × 27), consistent 
with a single large patch rather than many small fragments. The other pathways of TMF 
dynamics (e.g. “undisturbed → degraded,” “degraded → deforestation”) show substantially 
higher ED and PD and lower LPI, reflecting more broken and irregular patch structures. 
As the window size increases, the absolute values of ED and PD decrease and the LPI 
declines, reflecting the smoothing effect of larger spatial contexts. However, the relative 
ranking of tracks remains consistent at all scales: undisturbed TMF always exhibits the 
most cohesive pattern, while mixed and degraded classes remain the most fragmented. 
The letters displayed in Fig. 7 represent the grouping of pathways into statistically homo-
geneous subsets. Pathways sharing the same letter do not differ significantly for that 
metric at the given scale, whereas pathways with different letters exhibit statistically sig-
nificant differences. For example, at the 3 × 3 scale for edge density, “deforestation to for-
est regrowth” (105.6 ± 41.9 m/ha, letter b) differs significantly from “undisturbed TMF” 
(85.2 ± 51.6 m/ha, letter e), indicating higher edge complexity in regrowth patches com-
pared to intact forest.

3.5.2  Ecological context

The Fig. 8 summarizes the ecological context of the landscape surrounding the pixels of 
interest (POI) within the Kahuzi-Biega National Park landscape across the three analy-
sis scales. The variables considered include the environmental parameter-here the mean 
altitude, and the distance to the main disturbances (mean distance to roads, mean dis-
tance to artisanal mining sites, and mean distance to fire occurrences).

Fig. 8  Ecological context of the POI landscape in the Kahuzi‐Biega National Park (1990–2023) calculated at three 
spatial scales (3 × 3, 9 × 9, and 27 × 27 pixel windows). Ecological context include altitude (m) and indicators of 
anthropogenic accessibility such as distance to roads(Km), distance to fires and distance to minings. Values are 
expressed as mean ± standard deviation. Letters indicate statistically homogeneous groups according to Fisher’s 
LSD (Least Significant Difference) post hoc test (p < 0.05) following one-way ANOVA for each metric and scale; iden-
tical letters within a column denote no significant difference between pathways, while different letters indicate 
significant differences
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Figure 8 shows the ecological context that characterizes the landscape of the pixels of 
interest (POIs). Post-hoc analyses and examination of the values of the parameters asso-
ciated with each pathway reveal that the undisturbed TMF pathway is statistically dis-
tinct from all other pathways. The undisturbed TMF is mainly located at lower altitudes, 
which likely reflects the fact that much of the study area lies at lower altitude and further 
away from disturbances such as fires (5.9 ± 5.8 m), mining sites (11.5 ± 8.3 m) and roads 
(8.2 ± 7.8 m). This highlights its relative remoteness and inaccessibility. Pathways of deg-
radation and deforestation are much closer to roads and fires (e.g., “intact → degraded” 
Distance to fire = 2.2 ± 3.2 m; Distance to roads = 1.7 ± 2.2 m), highlighting the role of 
access and sources of disturbance in the evolution of TMFs. Overall, these results dem-
onstrate that the persistence of intact forests in Kahuzi-Biega is strongly linked to lower 
altitude, greater isolation from roads and fires, and a cohesive plot structure. In contrast, 
degradation and deforestation occur in more accessible areas at higher altitudes.

3.5.3  Influence of ecological context on main processes in the Kahuzi-Biega National Park 

landscape

The regression results in the Table 4 reveal that the main drivers of forest dynamics in 
the study area are altitude, proximity to roads, and fire disturbances, with mining exert-
ing only a limited influence. Deforestation was strongly associated with higher alti-
tudes (OR 2.22–2.49, p < 0.001) and occurred preferentially near roads (OR 0.89–0.91, 
p < 0.001) and fire-affected zones (OR 0.91–0.93, p < 0.001), while mining showed no sig-
nificant relationship (p > 0.58). In contrast, degradation was concentrated at lower alti-
tudes (OR 0.27–0.30, p < 0.001) and was consistently facilitated by road accessibility (OR 
0.91–0.92, p < 0.001), with a modest but significant influence of mining activities (OR 
1.01–1.02, p = 0.031–0.039), whereas fire played only a marginal role (p = 0.063 at 9 × 9 
scale). When considering overall forest dynamics (deforestation and degradation com-
bined), the effects of altitude (OR 1.16–1.34, p ≤ 0.014), roads (OR 0.91–0.93, p < 0.001), 
and fire (OR 0.92–0.93, p < 0.001) remained dominant, confirming the critical role of 
accessibility and disturbance in shaping forest transitions, with mining exerting a weak 
effect at the 9 × 9 scale (p = 0.035). Patterns of forest regrowth were more variable, but 
regrowth tended to be suppressed near roads (OR 0.92–0.94, p < 0.001) and fire-affected 
areas (OR 0.92–0.95, p ≤ 0.002) and, at intermediate scales, at higher altitudes (OR 0.78, 
p < 0.001), while weak positive associations with mining sites were detected (OR ≈ 1.01, 
p = 0.045; marginal at p = 0.068).

4  Discussion
4.1  Methodological approach and study limitations

Degradation and loss of undisturbed tropical moist forest pose critical challenges for 
ecosystem functioning, climate regulation, and biodiversity [37, 92]. These forests, char-
acterized by very low fragmentation and high species richness compared to disturbed 
areas, play a key role in maintaining global ecological balance [30]. In order to under-
stand the local dynamics that support its variability in time and space, we character-
ise the pathways of the Tropical Moist Forest (TMF) dynamics within the Kahuzi-Biega 
National Park landscape, one of the DRC’s key protected areas, whose conservation sec-
ond target is its contiguous, biodiversity-rich intact moist forest block [48]. We adapted 
the fragmentation-pattern methodology of Riitters et al. [85] to the local context by using 
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Table 4  Logistic regression results (odds ratios with 95% confidence intervals and p-values) for the 
main drivers of forest processes across three spatial scales (3 × 3, 9 × 9, and 27 × 27 windows)
Processes Predictors Scale 1(3 × 3) Scale 2(9 × 9) Scale 3(27 × 27)

OR 
(95% 
CI)

p-value Sig OR 
(95% 
CI)

p-value Sig OR 
(95% 
CI)

p-value Sig

Dynamics Altitude 
(km)

1.34 
(1.21–
1.48)

< 0.001 *** 1.16 
(1.03–
1.30)

0.014 * 1.26 
(1.14–
1.39)

< 0.001 ***

Dynamics Proxim-
ity to fire 
(km)

0.93 
(0.91–
0.95)

< 0.001 *** 0.93 
(0.91–
0.95)

< 0.001 *** 0.92 
(0.90–
0.94)

< 0.001 ***

Dynamics Proximity 
to mines 
(km)

1.00 
(0.99–
1.01)

0.939 1.01 
(1.00–
1.03)

0.035 * 1.00 
(0.99–
1.01)

0.691

Dynamics Proximity 
to roads 
(km)

0.92 
(0.90–
0.95)

< 0.001 *** 0.91 
(0.88–
0.93)

< 0.001 *** 0.93 
(0.91–
0.95)

< 0.001 ***

Deforestation Altitude 
(km)

2.49 
(2.23–
2.77)

< 0.001 *** 2.22 
(1.95–
2.52)

< 0.001 *** 2.44 
(2.18–
2.73)

< 0.001 ***

Deforestation Proxim-
ity to fire 
(km)

0.93 
(0.90–
0.95)

< 0.001 *** 0.91 
(0.89–
0.94)

< 0.001 *** 0.91 
(0.88–
0.93)

< 0.001 ***

Deforestation Proximity 
to mines 
(km)

1.00 
(0.99–
1.01)

0.806 1.00 
(0.98–
1.01)

0.726 1.00 
(0.98–
1.01)

0.581

Deforestation Proximity 
to roads 
(km)

0.91 
(0.88–
0.93)

< 0.001 *** 0.90 
(0.87–
0.93)

< 0.001 *** 0.89 
(0.86–
0.92)

< 0.001 ***

Degradation Altitude 
(km)

0.27 
(0.23–
0.31)

< 0.001 *** 0.28 
(0.23–
0.33)

< 0.001 *** 0.30 
(0.26–
0.35)

< 0.001 ***

Degradation Proxim-
ity to fire 
(km)

1.01 
(0.99–
1.04)

0.281 1.03 
(1.00–
1.06)

0.063 † 1.01 
(0.99–
1.04)

0.277

Degradation Proximity 
to mines 
(km)

1.01 
(1.00–
1.03)

0.036 * 1.02 
(1.00–
1.03)

0.031 * 1.01 
(1.00–
1.03)

0.039 *

Degradation Proximity 
to roads 
(km)

0.92 
(0.89–
0.94)

< 0.001 *** 0.91 
(0.88–
0.94)

< 0.001 *** 0.92 
(0.89–
0.94)

< 0.001 ***

Forest regrowth Altitude 
(km)

0.94 
(0.84–
1.05)

0.288 0.78 
(0.68–
0.90)

< 0.001 *** 0.89 
(0.79–
1.00)

0.052 †

Forest regrowth Proxim-
ity to fire 
(km)

0.94 
(0.91–
0.96)

< 0.001 *** 0.95 
(0.92–
0.98)

0.002 ** 0.92 
(0.89–
0.95)

< 0.001 ***

Forest regrowth Proximity 
to mines 
(km)

1.00 
(0.99–
1.01)

0.770 1.01 
(1.00–
1.03)

0.045 * 1.01 
(1.00–
1.02)

0.068 †

Forest regrowth Proximity 
to roads 
(km)

0.94 
(0.91–
0.97)

< 0.001 *** 0.92 
(0.88–
0.95)

< 0.001 *** 0.94 
(0.92–
0.97)

< 0.001 ***

Significant associations are indicated at p < 0.05 (* ), p < 0.01 ( **), p < 0.001 ( ***), and marginal trends at p < 0.10 (†). Predictors 
include altitude (km), proximity to fire (km), proximity to mines (km), and proximity to roads (km). Outcomes modelled are 
deforestation, degradation, overall forest dynamics, and forest regrowth. The values in italic represent p-values.
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Landsat imagery classified by Van Cutsem [107]. Consistent with [31], we treat frag-
mentation as a spatial pattern, evidenced by increases in patch number and decreases 
in patch size, rather than as a process. Unlike the moving-window approach of Riitters 
et al.[84] and Riitters et al.[85], which considered only forest pixels, our analysis samples 
fixed windows across the main pathways of change both inside and around the park. 
This design enables the delineation of the distinctive characteristics of each pathway and 
to model the ecological context (described by altitude and accessibility to anthropogenic 
drivers) that facilitate their occurrence.

In addition to evaluating the suitability of the Van Cutsem’s et al. [107] classified 
images for analysing landscape dynamics in the KBNP [20], we performed field inven-
tories to assess their capacity to capture spatio-temporal changes affecting the undis-
turbed TMF within the KBNP tropical landscape. Inventory results indicate that these 
images capture approximately 100% of deforestation events, whereas it captures only 
70.4% of degradation in the KBNP landscape. Several methodological limitations help 
explain this discrepancy. First, although the Landsat-derived Van Cutsem et al. [107] 
dataset offers consistent temporal coverage and robust detection of deforestation, its 
medium spatial resolution (30 m) constrains the ability to identify fine-scale degrada-
tion processes, particularly those involving partial canopy loss, understory disturbance, 
or selective extraction in heterogeneous forest stands [7, 16, 86]. Second, persistent 
cloud cover in the study area limits the number of usable optical scenes per year, which 
may result in temporal gaps or delayed detection of rapid disturbances [46]. Third, the 
use of Euclidean distance to anthropogenic features as a proxy for accessibility does not 
account for actual travel time, topographic barriers, or seasonal variability in access, 
potentially underestimating the influence of human pressure in certain areas [58, 107] 
Fourth, the fixed window sizes (3 × 3, 9 × 9, and 27 × 27 pixels) provide scale-sensitive 
fragmentation metrics but may not capture all relevant landscape processes occurring at 
scales larger or smaller than those analysed [31, 85]. Finally, field validation was neces-
sarily constrained by security concerns and logistical limitations, which restricted our 
ability to sample certain disturbance types and areas [17, 72]. Collectively, these factors 
may introduce uncertainty into the magnitude and spatial distribution of the detected 
pathways, and results should therefore be interpreted as conservative estimates of actual 
TMF change.

4.2  Pathways of TMF dynamics: spatial pattern and ecological context characteristation

The transition matrix indicates that Kahuzi‐Biega National Park landscape retains 64.2% 
of its undisturbed tropical moist forest (UTMF), despite measurable deforestation and 
degradation, with pronounced peaks around 1998 and 2013 coinciding with intense and 
post-armed conflict periods marked by civilian and military incursions [20, 48, 93, 105]. 
These findings underscore the park’s intrinsic resilience, particularly in remote and less 
accessible zones, and are consistent with global evidence that protected areas substan-
tially curb deforestation and degradation [25, 57, 69]. Across the KBNP landscape, the 
main process of change is the degradation of formerly undisturbed TMF, followed by 
direct deforestation. This sequence, which consists of subtle degradation preceding the 
clearing of parcels, is regularly observed in Amazonian and Congo Basin forests [14, 39, 
64, 88] and has greater impacts on biodiversity and carbon storage than deforestation 
alone [83, 113, 115]. The recurrence of degradation highlights ongoing selective logging, 
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charcoal production, and other small-scale disturbances, while regrowth dynamics 
suggest that natural recovery occurs but remains limited in both magnitude and spa-
tial extent, particularly near non-forest areas or under continued anthropogenic pres-
sure. The stronger and more persistent disturbance signals in peripheral zones further 
emphasise the influence of accessibility and the weaker protection status outside the 
park boundaries.

The scale-sensitive analysis of class composition provides important insights into for-
est stability, transition risk, and recovery potential in the KBNP landscape. It reveals that 
intact forest cores, though still present, are increasingly embedded in heterogeneous 
surroundings where edge effects and human pressure heighten vulnerability [56, 73]. 
The spatial clustering of degraded and deforested pixels highlights high-risk zones where 
disturbances may expand if unmitigated [22, 44], while the distribution of regrowth 
underscores contrasting recovery trajectories depending on the condition of the sur-
rounding matrix. Regrowth adjacent to intact forest is more likely to recover naturally 
[19], whereas patches bordered by non-forest land covers may require active restoration 
[6]. These patterns demonstrate that fragmentation is not only scale-dependent but also 
critical for identifying priority areas where protection should be reinforced, monitoring 
intensified, and restoration targeted [5, 82, 85]. By linking neighbourhood composition 
to stability, disturbance expansion, and recovery potential, this analysis strengthens the 
relevance of fragmentation.

Across all spatial scales, undisturbed tropical moist forests (TMF) consistently show 
minimal fragmentation, low edge and patch densities and high largest‐patch indices, 
and occur in remote settings at lower altitude (much of the study area lies at lower alti-
tude), distant from roads, fires, and mining [80]. This isolation underscores landscape 
configuration’s role in bolstering forest resilience [76] and echoes findings that intact 
TMF persist in areas with limited human access [42, 101]. In contrast, pixels associated 
with deforestation, degradation, and regrowth share a fragmented signature, high edge 
and patch densities, low largest‐patch indices, and lie at higher altitude near disturbance 
sources (roads, mining, fires). These patterns reflect the coupling of fragmentation with 
anthropogenic pressure and the influence of infrastructure on advancing deforestation 
fronts [59, 98, 101].

Logistic‐regression models reveal that altitude and proximity to roads and fires 
increase the probability of any land‐cover change. Roads facilitate deforestation by open-
ing remote areas to logging, mining, and agriculture [24, 54], while fire often precipitates 
degradation [21, 106]. Conversely, regrowth is most common at lower altitudes and fur-
ther from roads and burn sites, likely driven by natural recolonization or agricultural‐
land abandonment under favorable ecological conditions.

4.3  Implications for conservation

The findings of this study provide a clear picture of how deforestation, degradation, and 
regrowth unfold in and around Kahuzi-Biega National Park landscape, highlighting 
both the persistence of intact cores and the pressures acting on forest edges. Persistent 
cloud cover and security constraints limit the effectiveness of optical satellite monitor-
ing and field inventories, but several strategies can help overcome these challenges. 
First, integrating freely available medium-resolution imagery with higher-resolution 
satellite data would improve the detection of fine-scale degradation processes. Second, 
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strengthening field-based monitoring through partnerships with local communities can 
increase data availability in areas where access is otherwise restricted. Third, combining 
satellite observations with systematic ground validation can improve the accuracy of dis-
turbance detection and help differentiate between temporary and permanent changes. 
Fourth, building local technical capacity for image analysis and monitoring can ensure 
continuity and sustainability of observation efforts, while enhancing trust between park 
managers and communities. Finally, linking monitoring outputs to targeted conserva-
tion actions, such as reinforcing protection in high-risk zones, supporting restoration 
in regrowth areas with low recovery potential, and managing edge effects around intact 
cores, would translate monitoring data into practical management responses. Together, 
these measures address the current shortcomings and create a stronger foundation for 
adaptive forest management in the park and beyond.

5  Conclusion
This study applied a scale‐sensitive approach, integrating Landsat‐derived classifica-
tions (1990–2023) with targeted field inventories, to analyse tropical moist forest (TMF) 
dynamics in Kahuzi‐Biega National Park (KBNP). A transition matrix quantified the 
main change pathways and characterised their spatial structure and ecological context 
at 3 × 3, 9 × 9, and 27 × 27‐pixel scales. Results show a ~ 23% loss of undisturbed TMF, 
driven mainly by degradation (10.17%) and deforestation (5.76%), with regrowth fol-
lowing deforestation accounting for 1.18%. Undisturbed forests consistently exhibited 
low fragmentation, large homogeneous patches, and greater distance from disturbance 
sources, underscoring their role as the ecological backbone of the park. However, deg-
radation often precedes clear‐cutting in accessible zones, highlighting the need for 
targeted management. The spatially explicit datasets generated here can guide prioritisa-
tion of high‐risk areas for monitoring and inform interventions such as livelihood diver-
sification in buffer zones, stricter regulation of infrastructure expansion, and restoration 
of degraded sites. Safeguarding KBNP’s intact forests is critical for biodiversity conser-
vation and climate regulation. Future research should combine high‐resolution remote 
sensing with ground inventories to assess disturbance impacts on forest composition 
and structure, enabling adaptive and evidence‐based conservation strategies.

Appendix 1
This map shows the location of the inventory plots in Kahuzi-Biega National Park. Data 
was collected from 0.25-hectare plots arranged along 1-km transects oriented northward 
and following the disturbance gradient. There are a total of 63 plots spread over nine 
transects.
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