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ARTICLE INFO ABSTRACT

Keywords: Armed conflict is increasingly recognized as a driver of rapid land degradation, particularly in regions where the
Land cover breakdown of the governance accelerates unsustainable resource extraction. This study quantified conflict-
Degradation associated forest degradation in the Sunut Reserved Forest, a riparian ecosystem in Khartoum, Sudan,
f]‘;]r)e::l following the escalation of armed conflict in 2023. Multi-temporal PlanetScope imagery from January 2023,
War 2024, 2025, and 2026 was analyzed to assess vegetation dynamics and land cover transitions. Vegetation dy-

namics were assessed using the Normalized Difference Vegetation Index (NDVI), and land use/land cover (LULC)
classification was performed using an object-based Support Vector Machine (SVM) algorithm. A total of 260-272
stratified random samples per year were used, with 70% allocated for training and 30% for independent vali-
dation. The classification performance was evaluated using confusion matrix-based metrics, yielding overall
accuracies ranging from 82.09% to 94.10% and Kappa coefficients between 0.64 and 0.88.

Forest cover declined from 105.34 ha (58.23%) in 2023 to 20.19 ha (11.16%) in 2026, representing 80.83%
reduction over three years. Annual forest loss accelerated from —12.66 ha-yr (2023-2024) to —36.25 ha-yr™
(2024-2026), and sharply increased to —66.66 ha-yr (~ —76.75%-yr™") between 2025 and 2026, indicating a
non-linear degradation trajectory. NDVI correlations weakened substantially over time (t = 0.69 for 2023-2024;
7 =0.20 for 2024-2026; p < 0.001), reflecting the structural collapse of canopy integrity. Analysis of long-term
climate data (2015-2025) showed no significant rainfall or temperature anomalies, indicating that climatic
variability is unlikely to explain the observed vegetation decline in the area. The classification accuracy exceeded
88% (x > 0.80), and the uncertainty estimates were considerably smaller than the magnitude of the detected
changes. Spatial evidence confirms that direct deforestation activities, rather than climatic stress, are the primary
drivers.

The near-complete removal of riparian forest cover implies severe degradation of hydrological regulation, soil
stability, and biodiversity in urban floodplain settings. These findings demonstrate how conflict can trigger
abrupt land system transitions and underscore the need for conflict-resilient land governance, rapid restoration
interventions, and satellite-based monitoring frameworks to prevent long-term degradation and loss of ecosystem
services.

1. Introduction resilience (Balthazar et al., 2015; Hosonuma et al., 2012). Globally,

forest cover change (FCC) reflects complex interactions among bio-

Forests are critical components of terrestrial systems, providing
climate regulation, biodiversity support, hydrological stabilization,
carbon sequestration, and socio-economic services (Foley et al., 2005;
Krieger, 2001; Mishkin and Navarrete Pacheco, 2022). Changes in forest
cover, whether through deforestation, degradation, or fragmentation,
directly influence ecosystem service provision and land system
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physical conditions, demographic pressures, governance structures,
economic incentives and policy interventions (Geist and Lambin, 2002;
Lambin et al., 2001; Vanonckelen and Van Rompaey, 2015). While
afforestation and natural regrowth have occurred in certain regions
(Baumann et al., 2011; Winkler et al., 2021), forest loss remains domi-
nant across much of the Global South, driven by agricultural expansion,
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fuelwood extraction, urbanization, and weak institutional enforcement
(Davis et al., 2020; Rudel et al., 2009).

In fragile and conflict-affected states, deforestation dynamics often
intensify owing to governance breakdown, displacement pressures, and
informal resource extraction (Baumann and Kuemmerle, 2016; Gaynor
et al., 2016). Armed conflict can disrupt environmental regulation,
weaken protected area enforcement, and increase dependence on forest
resources for fuel and shelter (Meaza et al., 2024). Empirical evidence
from conflict-affected regions, including the Democratic Republic of
Congo, Colombia, and parts of the Sahel, demonstrates that forest eco-
systems frequently experience accelerated degradation during and after
periods of instability (Clerici et al., 2020; Ordway, 2015). However,
quantitative assessments of conflict-driven forest loss remain limited in
Sudan, despite its documented environmental vulnerability.

Sudan is characterized by diverse but ecologically fragile ecosystems,
particularly in arid and semi-arid zones that are highly sensitive to
rainfall variability and anthropogenic pressure (Ahmed et al., 2018;
Yousif et al., 2018). Historically, recurrent droughts, land degradation,
overgrazing, and unsustainable wood extraction have contributed to
forest decline (K. T. Osman, 2014; Sulieman, 2018). In Darfur and other
regions, environmental stress is closely intertwined with socio-political
instability, displacement, and resource competition (Kranz et al., 2015;
Sulieman and Ahmed, 2013). However, recent climatic analyses suggest
partial vegetation greening trends in parts of western Sudan due to
increased precipitation and land abandonment (Ahmed, Rotich, and
Czimber, 2025), highlighting the need to distinguish climatic recovery
from anthropogenic forest removal in this region.

Khartoum State hosts one of Sudan’s most significant urban forest
ecosystems the Al-Sunut Forest Reserve. The riparian forest along the
White Nile has recreational, ecological, and economic value (Yusif et al.,
2023, 2024). Beyond its social importance, the Sunut Forest functions as
a hydrological buffer, mitigating flood risks and stabilizing riverbank
soils. Participatory forest management initiatives in Khartoum State
have previously emphasized conservation and community engagement
as essential components of sustainable forest governance (Elzubair et al.,
2024). However, the armed conflict that began on April 15, 2023,
severely disrupted institutional structures, public services, and regula-
tory oversight (Huang et al., 2023; Mahgoub et al., 2024). Under such
conditions, increased reliance on fuelwood and charcoal production can
intensify forest exploitation.

Prior to the 2023 conflict, available evidence suggested that the
Sunut Reserved Forest remained relatively intact despite ongoing urban
pressures. Previous studies have described forests as well-maintained
riparian ecosystems that provide ecological, recreational, and educa-
tional services in Khartoum (Yusif et al., 2023, 2024). Management by
the Forest National Corporation (FNC) and local conservation initiatives
contributed to maintaining forest structure, with no documented evi-
dence of rapid or large-scale deforestation comparable to that observed
in the post-2023 period. Although urban expansion and development
pressures pose intermittent threats (M. M. Osman and Sevinc, 2019),
they do not result in abrupt canopy loss or landscape-scale conversion.
In contrast, the changes observed in this study between 2023 and 2026
are spatially extensive and temporally abrupt, indicating a clear shift
from relatively stable conditions to rapid mangrove forest degradation.
This distinction supports the interpretation that the observed forest loss
is primarily associated with post-conflict dynamics rather than a
pre-existing long-term decline in forest cover.

While the humanitarian and economic impacts of the Sudan conflict
have been widely documented, systematic quantification of the associ-
ated land degradation particularly within urban protected forests re-
mains scarce. The intersection of conflict, rapid urban environmental
degradation, and ecosystem service loss represents a critical research
gap that requires urgent attention from researchers. High-resolution
remote sensing offers a powerful means of monitoring forest dynamics
in inaccessible or insecure regions, enabling the timely detection of
abrupt land system transitions (Guo et al., 2022; Townshend et al.,
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2012).

National and international attention to the degradation of the Sunut
Reserved Forest increased in 2025, as reports documented extensive tree
loss within the reserve. During the conflict, fuel shortages, disruption of
energy supplies, and the collapse of basic services increased the reliance
on firewood and charcoal as alternative energy sources in Khartoum
(Basheer and Elagib, 2024; CEOBS, 2025). Several organizations and
media outlets, including the Conflict and Environment Observatory
(CEOBS), UNEP, France 24 and TRT World, reported tree cutting and
habitat degradation within the Sunut Forest linked to conflict-related
resource extraction and weakened environmental governance (France
24, 2026; UNEP, 2025). Public concern peaked in early 2026,
following the widespread circulation of field observations documenting
severe forest destruction. Despite these reports, quantitative assessments
of the extent and rate of forest loss are lacking.

Land Use and Land Cover Change (LULCC) analysis, supported by
remote sensing (RS) and geographic information systems (GIS), has
become central to understanding degradation processes and guiding
sustainable land management (Chaves et al., 2020; Nedd et al., 2021).
Accurate LULCC information informs assessments of soil erosion, hy-
drological alteration, biodiversity loss, ecosystem service decline, and
land surface temperature changes (Biswas and Islam, 2025; Khan and
Chen, 2025; Mir et al., 2025). In semi-arid environments, distinguish-
ing between drought-driven vegetation fluctuations and direct defores-
tation is particularly important for interpreting the degradation
pathways.

Against this backdrop, the present study investigated forest cover
dynamics in the Sunut Reserved Forest between 2023 and 2026 using
high-resolution satellite imagery and quantitative change analysis.
Specifically, we aimed to quantify the magnitude and rate of forest cover
loss following the escalation of armed conflict in 2023, characterize the
temporal trajectory and acceleration of land cover transitions, and
evaluate the potential implications of forest depletion for urban
ecosystem resilience in a semi-arid floodplain context.

By providing empirical evidence of rapid conflict-associated defor-
estation within an urban riparian ecosystem, this study contributes to a
broader understanding of land degradation processes under socio-
political instability. This further demonstrates the utility of high-
resolution satellite monitoring for detecting abrupt ecosystem transi-
tions in fragile regions and supports the integration of remote sensing
into conflict-sensitive environmental governance.

2. Data and methods
2.1. Study area

The Sunut Reserved Forest is located in Khartoum State, central
Sudan, near the urban core of Khartoum. The reserve lies between
approximately 15°35'—~15°36' N latitude and 32°30'—32°31’ E longitude,
along the western bank of the White Nile near its confluence with the
Blue Nile (Fig. 1). This position within the Nile floodplain historically
provided relatively fertile alluvial soils and shallow groundwater
availability, enabling the development of a riparian gallery forest
ecosystem within the otherwise semi-arid landscape of the Nile.

Khartoum has a hot semi-arid climate (BSh, Koppen classification)
characterized by a mean annual rainfall of approximately 150-250 mm,
concentrated between July and September, followed by a prolonged dry
season. Summer temperatures frequently exceed 40-45 °C, and natural
vegetation outside riverine corridors is generally sparse and drought-
adapted (Yusif et al., 2023). In this climatic setting, the river-fed
woodlands of the Sunut Forest represent a rare and ecologically signif-
icant green refuge within an expanding metropolitan area.

The study area covered approximately 180.90 ha. Prior to large-scale
degradation, the forest was dominated by dense stands of Acacia nilotica
(locally known as “Sunut™), Khaya senegalensis (African mahogany) and
other indigenous species. The structure included mixed woodlands,
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Fig. 1. Illustrates (A) the location of Sudan within Africa, (B) the location of the Sunut Reserved Forest within Sudan, and (C) the spatial extent of the study area

along the White Nile.

wetlands, and grass clearings that supported high habitat heterogeneity.
The reserve was legally designated as a protected forest and bird sanc-
tuary by Sudanese forestry legislation. Ecological surveys have docu-
mented >100 bird species, including migratory waterfowl and
passerines, as well as reptiles and small mammals that are typical of
riparian ecosystems (Salah et al., 2013).

Beyond biodiversity value, the Sunut Forest provides significant
ecosystem services, including riparian stabilization and flood buffering
along the White Nile, microclimate regulation in a densely urbanized
area, carbon storage and biomass production, and recreation, environ-
mental education, and scientific research (Yusif et al., 2024). Economic
valuation studies have highlighted the importance of the park as one of
the few natural recreational spaces available to the residents of Khar-
toum (Yusif et al., 2023). Its proximity to the capital make it both so-
cially valuable and environmentally vulnerable.

2.1.1. Pre-conflict management context

Before 2023, the forest was managed by the Forest National Corpo-
ration (FNC) of Sudan in coordination with local conservation actors.
Although urban expansion and infrastructure pressures pose intermit-
tent threats, the reserve has remained relatively intact due to institu-
tional oversight and public advocacy. Participatory forest management
initiatives in Khartoum State have emphasized conservation and sus-
tainable use practices (Elzubair et al., 2024).

2.1.2. Conflict context and environmental vulnerability

On April, 15, 2023, armed conflict escalated in Khartoum, resulting
in widespread institutional collapse, infrastructure damage, and a hu-
manitarian crisis (Mahgoub et al., 2024; Zou et al., 2023). As gover-
nance structures weakened and fuel supplies became scarce, the reliance

on fuelwood and charcoal increased sharply. In conflict-affected set-
tings, forests often become accessible resource reservoirs when
enforcement mechanisms fail (Baumann and Kuemmerle, 2016; Meaza
et al., 2024).

Although the Sunut Forest was not initially a direct combat target, its
location near industrial and strategic zones exposed it to indirect pres-
sure. Restricted access prevents active monitoring and enforcement by
forestry authorities (CEOBS, 2025b). Reports indicated tree cutting for
fuelwood, charcoal production, and potentially temporary fortifications
during the conflict period. By 2026, camera documentation revealed
extensive canopy removal and fragmentation across the reserve (Fig. 2).

The Sunut Reserved Forest thus provides a critical case study of how
urban protected forests in semi-arid regions can experience rapid land
degradation under the conditions of governance breakdown. Its location
within the Nile floodplain further amplifies the ecological significance of
the observed deforestation, given the role of riparian vegetation in hy-
drological regulation and in flood mitigation.

2.2. Satellite data acquisition and preprocessing

2.2.1. Image selection

To quantify forest degradation dynamics in the Sunut Reserved
Forest, high-resolution multispectral imagery from the PlanetScope
constellation (Planet Labs Inc., USA) https://www.planet.com/ was
used. PlanetScope provides near-daily coverage at approximately 3 m
spatial resolution with four spectral bands (blue, green, red, near-
infrared), enabling fine-scale monitoring of small protected areas
(Atwal et al., 2026). Four cloud-free PlanetScope Analytic Ortho Scene
images were acquired in February 2023, 2024, 2025, and 2026
(Table 1). The February 2023 image was acquired prior to the outbreak
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Fig. 2. Photos from the study area illustrating the remainign scrubs in the study area (February 2026).

Table 1
Summary of utilized images.

Acquisition Data Source Resolution Bands Parameter of

Date (m) Interest

2023-01-20 PlanetScope 3 RGB+NIR  Land use/Land
Scene cover

2024-01-20 PlanetScope 3 RGB+NIR  Land use/Land
Scene cover

2025-01-20 PlanetScope 3 RGB+NIR  Land use/Land
Scene cover

2026-01-20 PlanetScope 3 RGB + NIR Land use/Land
Scene cover

of armed conflict in Sudan on April 15, 2023, and was therefore used as
the pre-conflict baseline. The 2024, 2025, and 2026 images represent
the early, intermediate, and late phases of the conflict, respectively. To
minimize the influence of seasonal variability and hydrological fluctu-
ations associated with the Nile flood regime, all images were acquired on
the same date (January 20) for each study year (2023, 2024, 2025, and
2026). January corresponds to the dry season in Khartoum, when
vegetation phenology is relatively stable and river levels are low. This
temporal consistency ensures that observed differences in the Normal-
ized Difference Vegetation Index (NDVI) and land cover are primarily
attributable to actual vegetation change rather than seasonal or hydro-
logical effects (Ahmed, Rotich, Kipkulei, et al., 2025). Controlling for
seasonality is critical in semi-arid systems, where NDVI variability can
reflect rainfall anomalies rather than land-cover change.

All images were radiometrically calibrated and provided as surface
reflectance products. Cloud and cloud-shadows were masked, and all
datasets were reprojected to UTM Zone 36 N (WGS84). Although surface
reflectance products reduce atmospheric effects, minor residual atmo-
spheric variability may remain. Preprocessing was conducted in QGIS
(v3.34) using the Orfeo Toolbox (OTB) modules. The geometric con-
sistency was verified using stable landscape features (e.g., river channels
and road networks). Accurate co-registration is essential for multi-
temporal change detection to avoid artificial pixel-level differences
(Han and Oh, 2018).

2.3. Vegetation condition assessment

Vegetation conditions were quantified using the Normalized Differ-
ence Vegetation Index (NDVI), Eq. (1) (Tucker, 1979).
NIR — Red

NDVI = R+ Red 1)

where NIR and Red represent the near-infrared and red reflectance,
respectively. The NDVI ranges from —1 to +1, with higher values indi-
cating dense, photosynthetically active vegetation and lower values
indicating sparse or non-vegetated surfaces. NDVI has been widely
validated for assessing vegetation vigor and biomass, particularly in
semi-arid systems. Pixel-wise NDVI maps were generated for each year
(2023, 2024, 2025, and 2026).

2.3.1. Statistical data analysis

All statistical analyses were conducted to quantify the temporal
vegetation dynamics, assess interannual variability, and evaluate the
significance of the observed changes in land cover and vegetation con-
ditions. NDVI was computed from PlanetScope imagery for each study
year (2023-2026). NDVI values were analyzed at the pixel level to
characterize the spatial and temporal patterns of vegetation conditions.

To evaluate the consistency of NDVI patterns across years, Kendall’s
rank correlation coefficient (t) was applied to the pairwise combinations
of annual NDVI datasets. This non-parametric statistic was selected
because of its robustness to non-normal distributions and its suitability
for detecting monotonic relationships in spatial data.

Differences in NDVI distributions among years were assessed using
the Kruskal-Wallis test, a non-parametric alternative to one-way
ANOVA. This test was used to determine whether statistically signifi-
cant differences existed in vegetation conditions across the four study
years. Where significant differences were detected, post hoc pairwise
comparisons were performed using the Wilcoxon rank-sum test, with the
Benjamini-Hochberg correction applied to control for multiple testing
and reduce the risk of Type I error.

Land use/land cover (LULC) changes were quantified using a com-
bination of area-based change detection and intensity analyses. Absolute
changes (ha), proportional changes (%), and annualized rates of change
(ha-yr! and %-yr™) were calculated for the forest and non-forest classes.
Interval-specific change intensity was computed to evaluate the rate and
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acceleration of land transformation between consecutive periods of
time. All statistical analyses were performed using R statistical software
(version 4.2), and spatial processing and classification were conducted
usig QGIS (v3.34) and the Orfeo Toolbox (OTB).

Climate data, including mean annual rainfall and mean air temper-
ature, were obtained from the Khartoum meteorological station for the
period of 2015-2025. Data were analyzed and visualized using R sta-
tistical software.

2.4. LULC classification

2.4.1. Object-based image analysis (OBIA)

Given the high spatial resolution (3m), an object-based image
analysis (OBIA) approach (Ming et al., 2015), was adopted to reduce the
noise typical of pixel-based classification. Image segmentation was
performed using the Mean Shift algorithm implemented in Orfeo
Toolbox (OTB) version 8.1.2. Mean Shift clustering groups pixels ac-
cording to spectral similarity and spatial proximity without requiring a
priori specification of cluster numbers (Cechim Junior et al., 2023;
Zheng et al., 2009). Segmentation parameters were selected using the
default OTB settings, which provided a satisfactory balance between
over- and under-segmentation for the relatively simple binary classifi-
cation scheme adopted in this study. The parameters included a spatial
radius of 5 pixels, range radius of 15, and maximum number of 100
iterations.

2.4.2. Supervised classification

A binary LULC scheme was adopted consisting of (1) forest cover and
(2) non-forest. This simplified classification was appropriate given the
study’s primary objective of quantifying deforestation, the limited
feasibility of field data collection under conflict conditions, and the clear
spectral separability between closed-canopy vegetation and non-
vegetated or sparsely vegetated surfaces in the study area. Training
samples were generated using a stratified random sampling approach to
ensure an adequate spatial representation of both classes across the
study area. The total number of samples used for each year was
2023 =262 samples, 2024 =270 samples, 2025 =272 samples, and
2026 = 260 samples. For each year, the samples were randomly divided
into 70% for training and 30% for independent validation, improving
model generalization and reducing overfitting relative to equal split
approaches. The sample size was selected to ensure adequate repre-
sentation of both land-cover classes across the study area while main-
taining a balanced training and validation dataset. Although a formal
probabilistic sample size calculation (e.g., Cochran’s formula) was not
applied, the number of samples used exceeds commonly recommended
minimum thresholds for binary land-cover classification and accuracy
assessment in medium to high-resolution remote sensing studies
(Congalton and Green, 2009). Classification was performed using a
Support Vector Machine (SVM) classifier implemented in the OTB
TrainVectorClassifier module. The classifier employed a Radial Basis
Function (RBF) kernel, which is widely used in remote sensing appli-
cations because of its ability to model non-linear class boundaries. The
penalty parameter (C) and kernel settings were retained at the default
OTB configuration, which provided stable classification performance
across all study years.

2.4.3. Accuracy assessment

The classification performance was evaluated using a confusion
matrix-based accuracy assessment, which is widely recommended for
validating thematic classification outputs (Congalton and Green, 2009;
Gashaw et al., 2018). The following accuracy metrics were computed.

1- User’s Accuracy (UA)

User accuracy represents the probability that a pixel classified into a
given category actually belongs to that category on the ground (i.e., the
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reliability of the map), as shown in Eq. (2).

__ Correctly classified pixels
N Column total

UA x 100 (2)

2- Producer’s accuracy (PA)

The producer’s accuracy indicates the probability that a reference
pixel is correctly classified (i.e., omission error), as shown in Eq. (3).

__ Correctly classified pixels

PA
Row total

x 100 3

3- Overall accuracy (OA)

Overall Accuracy measures the proportion of correctly classified
pixels relative to the total number of validation samples, as shown in Eq.

4.

__ Total number of correctly classified pixels
B Total number of pixels

OA x 100 ()]

4- Kappa Coefficient (x)

The Kappa coefficient evaluates the agreement between the classi-
fication and reference data while accounting for agreement occurring by
chance. The K value was calculated using Eq. (5), as follows:

_OA-EA

K=T"m ®

where K is the Kappa coefficient, OA is the proportion of actual agree-
ment between raters, and EA is the proportion of agreement expected by
chance.

2.4.4. Reference data and validation strategy

Validation data were derived primarily from independent high-
resolution imagery available in Google Earth Pro, supplemented by
expert visual interpretation and local knowledge of the study area.
Google Earth imagery served as the principal reference source and
ensured independence from the PlanetScope data used for classification,
thereby minimizing potential autocorrelation bias. PlanetScope imagery
was used only as ancillary support for visual interpretation where
temporal coverage of reference imagery was limited, particularly for
2026. The potential uncertainty associated with this approach is
acknowledged in the limitations section of this paper. Validation sam-
ples were generated using a stratified random sampling approach,
ensuring a balanced representation of both forest and non-forest classes
across the study area. The accuracy assessment was conducted at the
pixel level, resulting in larger sample counts in the confusion matrices
than in the initial number of sampled locations. The use of independent
reference data and a stratified validation design enhanced the reliability
and robustness of classification results. All PlanetScope imagery was
accessed under research and educational licensing agreements and
processed according to the Planet Labs data policies.

2.5. Change detection and intensity analysis

Forest-to-non-forest transitions were quantified by calculating ab-
solute area changes (ha), computing proportional changes (%), esti-
mating annualized change rates (ha-yr™), and assessing relative change
intensity (%-yr™). The interval-specific change intensity was derived
using Eq. (6), as follows.

Ap —An

Rate = A—t (6)
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where Ay and Ay represent forest areas at times 1 and 2 respectively.
This framework enables the diagnosis of temporal acceleration and
distinguishes gradual degradation from abrupt structural collapses.

3. Results
3.1. Classification accuracy assessment

The classification accuracy assessment indicated that the SVM model
consistently achieved a strong performance in discriminating between
forest and non-forest classes across all study years (Tables 2-5). The
overall classification accuracy ranged from 82.09% to 94.10%,
demonstrating a high level of agreement between the classified outputs
and reference data. The highest accuracy was obtained in 2026
(94.10%), while the lowest was observed in 2025 (82.09%), although
both were within the acceptable thresholds for LULC classification in
heterogeneous landscapes.

The Kappa coefficient values ranged from 0.64 to 0.88, indicating
substantial to near-perfect agreement beyond chance. Specifically, the k
values for 2023 (0.70) and 2024 (0.73) reflect substantial agreement,
while 2026 (0.88) indicates near-perfect classification performance. The
relatively low x value in 2025 (0.64) suggests moderate classification
uncertainty during that year, potentially reflecting transitional land-
scape conditions and increased heterogeneity.

Class-level accuracies further confirmed the robustness of the clas-
sification, with the producer’s accuracy exceeding 80% for all classes
and years, indicating a low omission error and strong ability of the
classifier to correctly identify reference land-cover types. The user’s
accuracy was also consistently above 80%, reflecting a low commission
error and high reliability of the mapped classes. For the forest class, PA
ranged from 80.66% (2023) to 97.46% (2026), whereas UA ranged from
82.60% to 89.58%, indicating strong detection of forest pixels and
minimal misclassification. The non-forest class exhibited similarly high
performance, with PA values between 80.37% and 91.30% and UA
values between 83.64% and 98.16%.

Table 2

Confusion matrix for the 2023 LULC classification showing pixel-level validation
results, including Producer’s Accuracy, User’s Accuracy, Overall Accuracy, and
Kappa coefficient.

Reference Data

Classified Data Forest Non-Forest Total UA
Forest 133 20 153 86.92
Non-Forest 51 283 334 84.73
Total 184 303 487

PA 80.66 89.85

Overall accuracy 85.66; Kappa Coefficient = 0.70.

Table 3

Confusion matrix for the 2024 LULC classification showing pixel-level validation
results, including Producer’s Accuracy, User’s Accuracy, Overall Accuracy, and
Kappa coefficient.

Reference Data

Classified Data Forest Non-Forest Total UA
Forest 141 22 163 82.60
Non-Forest 43 281 324 83.64
Total 184 303 487

PA 86.50 86.73

Overall accuracy 86.62; Kappa Coefficient = 0.73.
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Table 4

Confusion matrix for the 2025 LULC classification showing pixel-level validation
results, including Producer’s Accuracy, User’s Accuracy, Overall Accuracy, and
Kappa coefficient.

Reference Data

Classified Data Forest Non-Forest Total UA
Forest 131 32 163 84.57
Non-Forest 53 271 324 88.43
Total 184 303 487

PA 82.52 82.60

Overall accuracy 82.09; Kappa Coefficient = 0.64.

Table 5

Confusion matrix for the 2026 LULC classification showing pixel-level validation
results, including Producer’s Accuracy, User’s Accuracy, Overall Accuracy, and
Kappa coefficient.

Reference Data

Classified Data Forest Non-Forest Total UA
Forest 129 15 144 89.58
Non-Forest 5 266 271 98.16
Total 134 281 415

PA 97.46 91.30

Overall accuracy 94.10; Kappa Coefficient = 0.88.
Note: PA - producer accuracy, UA - user accuracy.

Overall, the balanced and consistently high PA and UA values across
both classes suggest no systematic bias toward over or under-
classification of forest cover, which is critical for reliable deforestation
assessment.

3.2. LULC transition

The LULC dynamics (Table 6) and (Fig. 3 Aand B) within the Sunut
Reserved Forest for the years 2023, 2024, and 2026 reveal a pronounced
decline in forested land and a corresponding expansion of non-forest
areas, as spatially illustrated in (Fig. 4).

Forest Cover exhibited a substantial and continuous decrease
throughout the study period. In 2023, forested areas occupied
105.34 ha, representing 58.23% of the Sunut Reserved Forest. By 2024,
this decreased to 92.68 ha (51.23%), marking a loss of 12.66 ha in a
single year. The most dramatic change occurred by 2026, when forest
cover declined sharply to 20.19 ha, accounting for only 11.16% of the
total area. This represents an overall forest loss of 85.15ha between
2023 and 2026 corresponding to an 80.83% reduction in forested land
within three years.

Complementing the decline in forest cover, non-forest areas
expanded significantly. In 2023, non-forest land covered 75.56 ha
(41.77%), and by 2024, it increased to 88.22 ha (48.77%), reflecting a
gain of 12.66 ha. The most extensive expansion occurred by 2026, when
the non-forest area reached 160.71 ha, occupying 88.84% of the Sunut
Reserved Forest.

This indicates a total gain of 85.15ha in non-forest land between
2023 and 2026, mirroring the forest loss over the same period.

The LULC changes reflect a clear and accelerating shift from forest to
non-forest conditions, with the forested area shrinking from a dominant
land cover class in 2023 to a minor and highly fragmented landscape by
2026. The major transition between 2025 and 2026 where forest cover
dropped by 66.66 ha is indicative of rapid degradation processes and
likely corresponds to extensive disturbance pressures within this period.
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Table 6
LULC area statistics of Sunut reserved forest.
LULC Type 2023 2024 2025 2026
(ha) % (ha) % (ha) % (ha) %
Forest Cover 105.34 58.23 92.68 51.23 86.85 48.01 20.19 11.16
Non-Forest 75.56 41.77 88.22 48.77 94.05 51.99 160.71 88.84
Total 180.90 100 180.90 100 180.90 100.00 180.90 100

3.3. Interval-specific change intensity

Considering the intervals explicitly clarifies how rapidly the land-
scape transformed (Fig. 3, B and C). 2023-2024 (At =1 yr). Forest loss:
—12.66 ha-yr' (=~ —12.0%-yr" relative to 2023 Forest). Non-forest gain:
+12.66 ha-yr* (~ +16.8%-yr* relative to 2023 non-forest). 2024-2025
(At=1yr). Forest loss: —5.83 ha-yr! (=~ —6.29%-yr' relative to 2024
Forest). Non-forest gain: +5.83 ha-yr? (~ +6.60%-yr! relative to 2024

A 160.7
g Class
© . Forest cover
< f
-3 . Non-forest
2023 2024 2025 2026
Year

C

40 36.25
TI_
o Class
@
£ Forest cover
g Non-forest

2023-2024 2023-2025 2023-2026 2024-2026
Interval

Non-Forest). 2024-2026 (At = 2yr). Forest loss accelerates to —36.25
ha-yr?! (= —39.1%-yr* relative to 2024 Forest), while Non-Forest gains
+36.25 hayr! (= +41.1%-yr' relative to 2024 Non-Forest).
2025-2026 (At=1yr). Forest loss: —66.66 ha-yr! (~ —76.75%.yr!
relative to 2025 Forest). Non-forest gain: +66.66 ha-yr! (=~ +70.87%-
yr~! relative to 2025 Non-forest). Net (2023-2026, At = 3 yr). The forest
declined by —85.15 ha (from 105.34 to 20.19 ha), while the non-forest
increased by +85.15 ha (from 75.56 to 160.71 ha).
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Fig. 3. shows (A) absolute area changes for forest versus non-forest across 2023, 2024, 2026, and (B) composition percent share per class per year, (C) change
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Fig. 5. Spatial distribution shows (A) PlnetScope false color composit (red, nir, and green).

3.4. NDVI trends

The spatial distribution of high-resolution imagery from Planet-
Scope, and the false-color composite of the PlanetScope data-sets show
the removal of the forest canopy, which is particularly evident in 2026
(Fig. 5A). The NDVI analyzed maps of 2023, 2024, 2025 and 2026
(Fig. 5B) revealed an obvious decrease (deforestation) in the study area,
especially in 2026.

3.4.1. Interannual NDVI consistency

Kendall’s rank correlation analysis revealed varying degrees of
consistency in the NDVI patterns across the study period (2023-2026)
(Fig. 6). Strong positive correlations were observed between 2023 and
2024 (t=0.692, p<0.0001) and 2023 and 2025 (t=0.639,
p <0.0001), indicating relatively stable spatial patterns of vegetation
greenness during these intervals.

Similarly, the relationship between 2024 and 2025 remained rela-
tively strong, further supporting the persistence of the vegetation

structure prior to 2026. In contrast, correlations involving 2026 were
markedly weaker, particularly for 2024-2026 (t=0.200, p < 0.0001)
and 2023-2026 (t=0.308, p <0.0001). This decline in correlation
strength indicates a substantial reorganization of vegetation patterns in
2026 relative to previous years.

3.4.2. Differences in NDVI distributions

The Kruskal-Wallis test revealed statistically significant differences
in NDVI distributions across all years (y*>=891.17, p <0.0001), con-
firming the presence of interannual variability in vegetation conditions.
Post-hoc pairwise comparisons using the Wilcoxon rank-sum test with
Benjamini-Hochberg correction showed that all year-to-year differences
were statistically significant (adjusted p < 0.01). However, the magni-
tude of these differences varied. The smallest difference occurred be-
tween 2024 and 2025 (p=0.0054), indicating relatively similar
vegetation conditions in these two years. In contrast, all comparisons
involving 2026 showed extremely strong statistical significance
(p<2x107), highlighting pronounced deviations in vegetation

0.5

NDVI

-0.51

2025
Year

Fig. 6. NDVI variation accross 2023, 2024, and 2026.
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Fig. 7. Mean annual precipitation and temperature trends of the study area from 2015-2025.

structure during this year.

Taken together, these results indicate that NDVI patterns remained
relatively stable from 2023 to 2025, with only moderate interannual
variation. However, 2026 represents a clear breakpoint, characterized
by reduced spatial correlation with previous years, strongly divergent
NDVI distributions, and increased vegetation greenness heterogeneity in
the region. These findings suggest that substantial vegetation change
occurred between 2025 and 2026, marking a critical transition in the
landscape.

3.5. Climate trend

Fig. 7 illustrates the mean annual precipitation and temperature
trends for the period of 2015-2025. The results indicated a slight
increasing trend in precipitation (R>=0.19, p=0.180) and a weak
declining trend in temperature (R®>= 0.09, p = 0.384), although neither
trend was statistically significant.

4. Discussion
4.1. Mangnitude, accelaration, and direction of forest change

This study documented a rapid and structurally transformative
deforestation event in the Sunut Reserved Forest, where forest cover
declined substantially between 2023 and 2026. The change trajectory
was temporally heterogeneous, with moderate loss between 2023 and
2025 followed by an abrupt collapse between 2025 and 2026. Such
interval-specific acceleration is consistent with the analytical expecta-
tions of Intensity Analysis, which emphasizes the diagnosis of the size,
rate, and category-level transitions of land-cover change through time
(Aldwaik and Pontius, 2012). The observed shift from a
forest-dominated landscape to a predominantly non-forest landscape
reflects not gradual canopy thinning but extensive land-cover conver-
sion. The reciprocal relationship between forest loss and non-forest
expansion further indicates that the observed changes were driven

primarily by direct deforestation rather than climatic variability,
phenological fluctuations, or methodological artifacts. In Sudan, envi-
ronmental degradation associated with conflict has been linked to illegal
logging, charcoal production, and weakened environmental institutions
(UNEP, 2007; Yasin et al., 2023). The acceleration detected between
2025 and 2026 is consistent with these documented mechanisms. Recent
assessments of the environmental impacts of the Sudan conflict have
reported extensive tree cutting for fuelwood and charcoal production in
Khartoum State following institutional disruption and energy shortages
(CEOBS, 2025b). Increased biomass extraction by households and dis-
placed populations is therefore a plausible driver of the observed forest
loss (Baumann and Kuemmerle, 2016; Gorsevski et al., 2012; Ordway,
2015). However, this explanation should be considered alongside
other potential contributors, including informal settlement expansion,
military activities, and localized infrastructure-related disturbances,
which have also been documented in conflict-affected landscapes
(Clerici et al., 2020; Eklund et al., 2017). Although direct field verifi-
cation was not possible because of security constraints, the convergence
of remote sensing evidence and established conflict-environment dy-
namics supports the interpretation that anthropogenic pressures inten-
sified by the conflict were the primary drivers of deforestation.

The classification results further support this interpretation. Overall
classification accuracy remained high throughout the study period
(82.09-94.10%), indicating a robust discrimination between forest and
non-forest classes. The relatively lower accuracy observed in 2025
(OA =82.09%; k =0.64) likely reflects the emergence of transitional
landscape conditions preceding the large-scale forest loss detected in
2026. During this period, partial canopy thinning, fragmented vegeta-
tion patches, and mixed vegetation-bare soil surfaces increased spectral
heterogeneity and reduced class separability, resulting in greater clas-
sification uncertainty. Such transitional conditions are commonly
observed during the early stages of forest degradation, when canopy
removal occurs incrementally before widespread conversion becomes
evident. Despite this temporary reduction in classification performance,
both overall accuracy and Kappa values remained within accepted
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thresholds for land-cover mapping, and the magnitude of the detected
forest loss substantially exceeded the estimated classification uncer-
tainty. Consequently, the observed deforestation trends are considered
robust and unlikely to be an artifact of classification error.

4.2. Conflict-driven deforestation in Sudan and the regional context

Sudan has long experienced pressure on forest resources due to
fuelwood demand, agricultural expansion, and weak enforcement ca-
pacities (Daur et al., 2016; FAO, 2020; Hassan et al., 2009; Musa et al.,
2025). However, conflict introduces additional drivers, including the
breakdown of environmental governance, expansion of informal char-
coal economies, displacement-driven resource extraction, and reduced
enforcement of protected areas. Studies in Darfur and South Sudan show
that conflict zones often experience accelerated deforestation linked to
the charcoal trade and survival strategies (Nicholson et al., 2018).
Similar patterns have been observed in the Democratic Republic of the
Congo and Colombia, where post-conflict transitions have paradoxically
triggered forest loss due to governance vacuums (Clerici et al., 2020;
Ordway, 2015; Van Uhm et al., 2022). The Sunut Forest trajectory
mirrors these dynamics. The sharp inflection between 2025 and 2026
strongly suggests that deforestation intensified during periods of
weakened regulatory oversight. The spatial coherence of canopy
removal further indicates organized extraction rather than scattered
subsistence harvesting in the region.

The absence of a significant decline in rainfall or an increase in
temperature prior to 2026 suggests that climatic stress is unlikely to be
the primary driver of the observed abrupt decline in vegetation. Instead,
the relatively stable climatic conditions between 2015 and 2025 support
the interpretation that the sharp reduction in NDVI and forest cover
between 2025 and 2026 is primarily due to anthropogenic disturbances.
Although climate does not appear to explain the magnitude or timing of
change, its potential influence cannot be entirely excluded. Future
studies integrating climate data with higher temporal resolution would
further improve the attribution of vegetation dynamics.

4.3. Interpretation of NDVI dynamics

NDVI analysis provides strong statistical evidence of a non-linear
temporal trajectory in vegetation dynamics, characterized by relative
stability from 2023 to 2025 followed by a marked disruption in 2026.
The high Kendall correlation coefficients between consecutive years
prior to 2026 indicate that the spatial configuration of the vegetation
remained largely consistent, suggesting limited structural disturbance
during this period. In contrast, the sharp decline in correlation values
involving 2026, combined with highly significant differences in NDVI
distributions (p <2 x 107'%), indicates a substantial reorganization of
the vegetation patterns. Such divergence is unlikely to result solely from
gradual ecological processes or seasonal variability, particularly given
the use of temporally consistent imagery acquired during the same
month each year.

The observed breakpoint between 2025 and 2026 is consistent with
rapid land-cover transformation involving extensive canopy disturbance
and fragmentation. However, NDVI primarily reflects vegetation
greenness and canopy condition and therefore cannot independently
distinguish between vegetation stress, partial canopy degradation, and
complete forest removal. Consequently, reductions in NDVI should not
automatically be interpreted as evidence of deforestation. In this study,
NDVI dynamics were evaluated alongside object-based LULC classifi-
cation and spatial change analysis. The concurrence of declining NDVI
values, extensive forest-to-non-forest transitions, and increasing canopy
fragmentation provides evidence that the observed changes reflect not
only vegetation degradation but also the widespread physical removal of
woody vegetation.

While NDVI variability can be influenced by climatic and hydro-
logical factors, climate analysis revealed no significant trends in rainfall
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or temperature during 2015-2025, suggesting that climatic stress alone
is unlikely to explain the abrupt decline observed in 2026. Furthermore,
the magnitude and spatial coherence of the observed changes, together
with the classification-based evidence of forest-cover conversion, indi-
cate that anthropogenic disturbance was the dominant driver of vege-
tation change. In conflict-affected environments, such abrupt vegetation
decline is commonly associated with increased resource extraction,
land-use conversion, and the breakdown of environmental governance
(Baumann et al., 2016; Baumann and Kuemmerle, 2016; Eklund et al.,
2017; Nardi and Runnstrom, 2024). Accordingly, the term vegetation
degradation is used in this study when referring to reductions in canopy
greenness and vegetation condition inferred from NDVI, whereas
deforestation refers specifically to the documented conversion of forest
cover to non-forest land identified through the LULC classification.
Overall, the combined NDVI and classification results indicate that 2026
represents a critical tipping point in ecosystem condition, reflecting both
accelerated vegetation degradation and extensive deforestation within
the study area.

4.4. Ecological consequences and ecosystem service lost

4.4.1. Flood regulation and hydrological stabilty

The Sunut Forest has historically functioned as a riparian buffer in
the White Nile floodplain. Forest canopies reduce the impact of rainfall,
increase infiltration, stabilize soils, and regulate surface runoff
(Bruijnzeel, 2004; Ellison et al., 2017). The conversion of dense canopies
to non-forest surfaces is likely to increase runoff velocity, reduce infil-
tration capacity, elevate sediment transport, and amplify flood risks. In
urban floodplain environments such as Khartoum, the removal of ri-
parian forest buffers can significantly increase exposure to seasonal
flooding. The ecological services foregone by the 79% forest loss likely
extend beyond the reserve boundaries.

4.4.2. Biodiversity implications

Previous ecological surveys have documented substantial biodiver-
sity within the Sunut Forest, including >80 bird species and diverse
arthropod communities (Eltayeb et al., 2012). Habitat fragmentation
followed by near-total canopy removal suggests severe disruption of
nesting habitats, migratory corridors, and trophic networks. Forest
fragmentation theory demonstrates that a rapid reduction below critical
area thresholds can lead to a disproportionate biodiversity collapse
(Fahrig, 2003). The shift from a contiguous canopy to isolated remnants
in 2026 likely exceeded the fragmentation thresholds necessary to
maintain functional habitats.

4.4.3. Land degradation feedback

Deforestation in semi-arid regions can initiate degradation feedback
loops, including soil compaction, reduced organic matter, and declining
regeneration capacity. These processes are well documented across the
Sahel and Nile Basin regions (Abdullahi et al., 2023; K. T. Osman, 2014;
Reij et al.,, 2009). Without intervention, the regeneration of mature
Acacia-dominated systems may tack decades.

4.4.4. Government breakdown as primerly mechanism

The temporal pattern of a moderate initial decline followed by an
abrupt acceleration is consistent with governance disruption rather than
a climatic anomaly. Climate-driven vegetation stress typically produces
a gradual decline in NDVI, which is linked to rainfall variability
(Nicholson et al., 2013). In contrast, the near-complete canopy removal
observed in this study reflected direct biomass extraction. The envi-
ronmental governance literature emphasizes that protected areas in
conflict zones are highly vulnerable when enforcement capacity col-
lapses (Duffy, 2006; Gaynor et al., 2016). The Sunut Reserved Forest
exemplifies this vulnerability to climate change.
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4.4.5. Limitations

Although field validation was not feasible because of the ongoing
conflict, the magnitude of the detected forest loss substantially exceeded
the estimated classification uncertainty, providing confidence in the
overall change detection results. Validation was conducted primarily
using independent high-resolution imagery available through Google
Earth Pro; however, temporally exact reference imagery was not avail-
able for all dates, particularly for 2026. Consequently, some uncertainty
may exist in the validation of the most recent classification. While efforts
were made to minimize potential autocorrelation bias through the use of
independent reference data, the limited temporal availability of very
high-resolution imagery remains a constraint in conflict-affected
environments.

The stratified random sampling design ensured balanced represen-
tation of forest and non-forest classes across the study area. However, a
formal probabilistic sample size determination (e.g., Cochran’s formula)
was not applied. Although the number of samples used exceeded
commonly recommended thresholds for binary land-cover classification
and yielded satisfactory classification accuracies, future studies should
evaluate optimal sample sizes under defined confidence levels and
margins of error to further strengthen statistical rigor.

In addition to climatic variability, hydrological conditions may in-
fluence vegetation dynamics in riparian ecosystems. As continuous re-
cords of White Nile discharge, groundwater levels, and floodplain
hydrology were not available for the study period, the influence of hy-
drological variability could not be explicitly evaluated. Consequently,
the relative contributions of hydrological and anthropogenic drivers to
vegetation change cannot be fully determined. Future research should
integrate Sentinel-2 time series to capture intra-annual dynamics, apply
landscape metrics (e.g., edge density, patch cohesion, and fragmentation
indices), quantify aboveground biomass loss using radar or LiDAR data,
incorporate hydrological monitoring, and assess post-conflict regener-
ation trajectories. Continuous NDVI monitoring has proven to be effec-
tive for detecting vegetation decline and recovery across African
ecosystems (Pettorelli et al., 2005; Venter et al., 2020).

4.4.6. Policy and management implementation
The findings carry urgent implications for post-conflict recovery in
Sudan including:

- Immediate reforestation using native species (e.g., Acacia nilotica).

- Establishment of conflict-resilient environmental governance
frameworks.

- Institutionalization of satellite-based forest monitoring.

- Control of illegal logging and charcoal production.

- Integration of forest restoration into urban flood risk management
strategies.

Environmental protection must be embedded within national stabi-
lization and reconstruction strategies to prevent the recurrence of
resource-driven degradation. This study demonstrates that the Sunut
Reserved Forest underwent catastrophic deforestation between 2023
and 2026, driven primarily by direct tree removal during a period of
governance breakdown. The rapidity and magnitude of forest depletion
indicate a regime shift rather than incremental degradation. This case
illustrates the broader principle that armed conflict can act as an
accelerant of environmental collapse when institutional safeguards fail.
Without rapid restoration and reinforcement of governance, the
ecological and hydrological consequences may persist for decades.

5. Conclusion

This study provides robust, multi-method evidence of rapid and
large-scale forest loss in the Sunut Reserved Forest between 2023 and
2026. Using high-resolution PlanetScope imagery, NDVI analysis,
object-based classification, and non-parametric statistical approaches,
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the results demonstrated an 80.83% reduction in forest cover within
three years, with a marked acceleration after 2025.

The integration of spectral indices and machine-learning classifica-
tion, supported by independent validation and consistent temporal
analysis, provides high confidence in the detected magnitude and spatial
coherence of the change. Analysis of long-term climate data
(2015-2025) indicated no significant rainfall or temperature anomalies,
suggesting that climatic variability alone is unlikely to explain the
observed vegetation decline. However, the potential influence of hy-
drological factors associated with the White Nile could not be evaluated
and should be considered in future investigations. The results therefore
point to a rapid transition from a predominantly forested landscape to a
largely non-forest condition within a short time frame.

This study highlights the effectiveness of high-resolution satellite
data combined with robust statistical methods for detecting and quan-
tifying rapid land degradation in data-scarce and inaccessible environ-
ments worldwide. The methodological framework applied in this study
offers a scalable approach for monitoring similar ecosystems under
conditions of limited field access.

From a management perspective, the findings underscore the urgent
need to prioritize the restoration and protection of urban riparian for-
ests, particularly in regions affected by socio-political instability. How-
ever, ecological restoration alone is unlikely to be effective without
concurrently strengthening environmental governance, enforcement
mechanisms, and community-based management strategies.

From a monitoring perspective, future research should prioritize the
integration of multi-sensor remote sensing approaches, particularly
Synthetic Aperture Radar (SAR) data (e.g., Sentinel-1), which are not
affected by cloud cover or atmospheric conditions. SAR can complement
optical imagery by capturing vegetation structural changes and
improving monitoring reliability under challenging conditions such as
smoke or haze. Additionally, combining PlanetScope with Sentinel-2
time series data would enhance the temporal resolution and improve
the detection of rapid land-use transitions.

Overall, this study demonstrates how rapid environmental change
can be effectively quantified using integrated remote sensing ap-
proaches, providing critical evidence to support timely intervention,
post-disturbance recovery planning, and sustainable ecosystem man-
agement in the futuer.
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