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Abstract

Understanding vegetation dynamics and climate variability in the vicinity of Internally
Displaced Person (IDP) camps is critical due to the high dependency of displaced popu-
lations on local natural resources. This study investigates vegetation cover changes and
long-term climate variability around the Sortony IDP camp in Darfur, Sudan, using satellite
and climate data spanning 1980 to 2024. High-resolution imagery from PlanetScope and
Sentinel-2 Level 2A was used to assess vegetation cover changes from 2015 to 2024, while
precipitation, temperature, and drought trends were analyzed over 44 years (1980-2024).
Vegetation changes were quantified using the Normalized Difference Vegetation Index
(NDVI), and drought conditions were assessed through the Standardized Precipitation
Evapotranspiration Index (SPEI) at 6-, 9-, and 12-month timescales. Future precipitation
predictions were modeled using the Autoregressive Integrated Moving Average (ARIMA)
model. The results revealed a substantial increase in vegetative cover: the dense vegetation
class increased by 3.50%, moderate vegetation by 17.33%, and low vegetation by 30.22%. In
contrast, sparse and non-vegetated areas declined by 4.55% and 46.51%, respectively. The
SPEI analysis indicated a marked reduction in drought frequency and severity after 2015,
following a period of prolonged drought from 2000 to 2014. Forecasts suggest continued
increases in rainfall through 2034, which may further support vegetation regrowth. These
findings underscore the complex interplay between climatic factors and human activity
in conflict-affected landscapes. The observed vegetation recovery highlights the region’s
potential for ecological resilience, reinforcing the urgent need for sustainable land-use
planning and climate-adaptive management strategies in humanitarian and post-conflict
settings such as Darfur.
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1. Introduction

In conflict-affected and other nations, forests and areas of ecological importance are
increasingly recognized not only for their multifaceted benefits to local communities, but
also for their role in environmental conservation and climate change mitigation [1]. Climate
change is a pressing global challenge that has profound impacts on vegetation, biodiver-
sity, and ecosystem services. Semi-arid regions, such as Darfur, Sudan, are particularly
vulnerable to these changes [2,3].

The Darfur region has faced a prolonged humanitarian crisis since the early 2000s,
which is marked by armed conflict, mass displacement, and severe environmental
degradation [4]. Recent escalations in violence [5], including clashes between armed move-
ments, government forces, and tribal militias in 2023, have further exacerbated these
challenges, with approximately 10.7 million people representing 2.1 million families now
internally displaced across Sudan [6].

Refugee/IDP camps, from an ecological standpoint, are characterized by higher rates
of deforestation, soil degradation, and water pollution [7]. The high demand for resources
like firewood and water by large populations often leads to overexploitation and improper
waste management [8]. Settled areas, while also impacting the environment, generally have
more established infrastructure and resource management systems, though these can also
be strained by population growth [9].

Drought remains one of the most insidious and costly natural hazards and is charac-
terized by a gradual onset and prolonged impacts on communities and ecosystems [10,11]
Considerable progress has been made in drought assessment, with indices such as the
Standardized Precipitation Index (SPI) [12] and the Standardized Precipitation Evapotran-
spiration Index (SPEI) [13] widely adopted for evaluating drought conditions. The SPEI
integrates climatic water balance and atmospheric evaporative demand, making it more sen-
sitive to temperature-driven drought dynamics than SPI, especially in regions experiencing
significant temperature increases and changes in potential evapotranspiration [14,15].

Extreme climatic events, such as floods, droughts, and tropical cyclones, have pro-
found effects on vegetation ecosystems, leading to declining crop yields, delays in planting
schedules, increased forest losses, higher plant vulnerability, and heightened risks of pest
infestations and diseases [16]. Among these challenges, drought is particularly detrimen-
tal, especially in arid and semi-arid regions (ASALs), where water scarcity significantly
limits plant growth and ecosystem stability [17]. Prolonged drought conditions reduce
the availability of soil moisture, thus decreasing vegetation density and accelerating land
degradation [18-20]. Severe water shortages also impair photosynthetic activity, leading
to lower Normalized Difference Vegetation Index (NDVI) values, which indicate stress or
dying vegetation [21]. In extreme cases, drought can drive desertification, in which sparse
vegetation is replaced by barren land, exacerbating soil erosion and biodiversity loss [11,22].
In conflict-affected regions such as Darfur, the effects of drought are compounded by human
activities, including widespread deforestation for fuelwood, unsustainable agricultural
expansion, and resource overexploitation [23,24]. These factors contribute to ecosystem
instability, making vegetation recovery more challenging even after drought conditions im-
prove. Understanding the role of drought-shaped vegetation cover is crucial for assessing
long-term environmental resilience and planning sustainable land management strategies
in vulnerable areas.

Agroforestry practices have long been integral to the region’s land use, where mature
trees coexist with field crops near villages and within areas adopted by the Internally
Displaced Person (IDP) communities [25]. Pearl millet (Pennisetum glaucum), a staple
crop, dominates cultivation for subsistence and traditional diets in Western Sudan [26].
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Surrounding areas such as the Jebel Marrah region are intermittently used for diverse cash
crops, including orange, mango, guava, sesame, and dried hibiscus petals [27,28].

Remote sensing (RS) and geographic information system (GIS) technologies have
proven invaluable for monitoring vegetation dynamics and climatic impacts, particularly
in arid and semi-arid regions where ground data are sparse [29-33]. While previous studies
in Darfur have primarily focused on land use and vegetation changes in Central, West-
ern, and Southern Darfur [34,35], this study is the first, to the best of our knowledge, to
specifically analyze vegetation recovery and climate variability near the Sortony IDP camp.
Unlike prior research, which largely focused on regional land degradation trends, this study
adopted an integrated, site-specific approach to assess the complex interactions between
climate variability, human displacement, and ecological resilience in a conflict-affected land-
scape. Our research advances the current knowledge by combining multi-source satellite
imagery (Sentinel-2 Level 2A and PlanetScope), an advanced time-series forecasting model,
Autoregressive Integrated Moving Average (ARIMA), and drought assessment (SPEI) to
provide a comprehensive, data-driven analysis of vegetation dynamics. This study fills
an important knowledge gap by examining how changes in climate and displacement
patterns affect vegetation dynamics over time, shedding light on the long-term environ-
mental impacts of Internally Displaced Person (IDP) settlements. The novelty of this study
lies in its holistic methodological framework, which integrates remote sensing, climate
forecasting, and drought analysis to assess climate-induced vegetation changes within an
IDP-affected area. These findings provide valuable insights into the interactions between
displacement, environmental stress, and vegetation regeneration, contributing essential
data for sustainable land-use planning, ecosystem restoration, and climate adaptation
strategies in conflict-prone regions.

2. Materials and Methods
2.1. Description of the Study Area

The study area is situated in Western Sudan, within the Northern Darfur state, covering
approximately 69,098 hectares between latitudes 13°18" and 13°30" N and longitudes 24°12’
and 24°28' E (Figure 1). The region experiences an average annual temperature of 23-24 °C
and receives approximately 200-400 mm of rainfall annually (Figure 2). At the center of this
area lies the Sortony Internally Displaced Person (IDP) camp, established in January 2016,
located about 52 km southeast of Kebkabiya Town within the administrative boundaries of
the Kebkabiya locality [36,37]. Situated near the conflict-ridden Jebel Marrah region and
adjacent to the United Nations—African Union Hybrid Operation in Darfur (UNAMID)
base, the camp serves as a critical refuge for displaced populations. Its prominence grew in
2016 as it received a significant influx of IDPs escaping violent clashes between the Sudan
Liberation Army/Abdul Wahid (SLA/AW) faction and the Sudan Armed Force (SAF) in
Jebel Marrah. Since mid-January 2016, an estimated 61,000 Darfuris have sought refuge
in the Sortony camp, primarily arriving from Rokero (60%) and Boly (32%) in the Shamal
Jabal Marrah locality, Central Darfur state, and Kogna (8%) in the Kebkabiya locality in the
Northern Darfur state [38].

The study area encompasses diverse terrains, including the western slopes of the Jebel
Marrah mountain range, which are characterized by low hills descending to sandy and
clay plains at lower elevations. Seasonal watercourses, or wadis, traverse the region, collect
rainwater, and drain water into Lake Chad. The woody vegetation is dominated by five
tree species: Eucalyptus spp., Albizia amara, Acacia senegal, Anogeissus leiocarpus, and Balanites
aegyptiaca [29]. Notably, Eucalyptus spp., Anogeissus leiocarpus, and Balanites aegyptiaca exhibit
vegetative regeneration and are capable of resprouting from cut stems or recovering after heavy
grazing or fire [29]. The area was traditionally used for rain-fed agriculture and extensive agro-
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pastoralism, with crops like millet, sorghum, and groundnut [39,40]. Based on satellite imagery
and field knowledge, we identified the key habitat types as follows: dry Acacia-Combretum
woodland, shrubland, fallow croplands, degraded plains, and mountainous regions.
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Figure 1. Map of the study area showing the following: (A) the delineated study boundary; (B) the
location of the study area within the Darfur region; (C) a satellite image from 2015 illustrating the site
prior to the establishment of the IDP camp; and (D) a satellite image from 2024 showing the site after
the camp was established.
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Figure 2. Elevation map of the study area.
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2.2. Data Acquisition and Analysis
2.2.1. Satellite Data

This study utilized Sentinel-2 Level 2A satellite imagery with a spatial resolution of
10 m, complemented by PlanetScope data offering a finer resolution of 3.5 m. Sentinel-2
Level 2A imagery was used for all temporal analysis (2015-2024), while PlanetScope data
was used for fine-scale validation. Satellite images were sourced from the Copernicus Data
Space Ecosystem https:/ /dataspace.copernicus.eu/ (accessed on 1 May 2025) and Planet
Labs (https:/ /planet.com, accessed on 1 May 2025). Data from 2015, 2017, 2020, and 2024
were selected to capture both short- and long-term vegetation changes. The year 2015 was
specifically chosen to represent conditions before the establishment of the Sortony IDP
camp while ensuring the availability of cloud-free images (<10%). October was chosen
to ensure NDVI consistency and minimize phenological variations, as most rainfed crops
are harvested by this time. October represents the transition from the wet season to the
dry season in the study area, a period when vegetation is fully developed after the peak
rainfall months. Analyzing the NDVI during this period allows for a clearer distinction
between different vegetation classes while reducing the influence of short-term fluctuations
caused by rainfall events [41,42]. Additionally, selecting images from the same season
across all study years minimizes the impact of phenological differences, ensuring that
variations in NDVI values reflect actual vegetation changes rather than seasonal effects [43].
Table 1 summarizes the details of the satellite images used in this study. Image pre-
processing and analysis were conducted using QGIS 3.34.3 software and the Google Earth
Engine (GEE) platform. These platforms facilitate comprehensive pre- and post-processing
workflows, including atmospheric correction, spatial alignment, and vegetation index
calculations. The rigorous methodology ensured consistency and reliability in assessing
the vegetation cover dynamics over the selected years. Elevation data were obtained
from the United States Geological Survey (USGS) Earth Explorer (SRTM 30 m resolution)
(https:/ /earthexplorer.usgs.gov/, accessed on 6 July 2025), and the datasets were processed
and analyzed using QGIS version 3.34.3 for spatial assessment and mapping.

Table 1. Summary of utilized satellite data.

Acquisition Date Data Source Resolution (m) Bands

24 October 2015 Sentinel-2 Level 2A 10 RGB + NIR
24 October 2017 Sentinel-2 Level 2A 10 RGB + NIR
18 October 2020 Sentinel-2 Level 2A 10 RGB + NIR
12 October 2024 Sentinel-2 Level 2A 10 RGB + NIR
21 October 2015 PlanetScope 3.5 RGB + NIR
16 October 2017 PlanetScope 3.5 RGB + NIR
18 October 2020 PlanetScope 3.5 RGB + NIR
22 October 2024 PlanetScope 3.5 RGB + NIR

2.2.2. Temperature and Precipitation

This study utilized satellite-based datasets to analyze rainfall and temperature patterns.
Although the NDVI analysis covers the 2015-2024 period due to the limited availability
of high-resolution Sentinel-2 Level 2A and PlanetScope data, we also show long trends
in precipitation and temperature from 1980 to 2024. Rainfall data were obtained from
the Climate Hazards Group Infrared Precipitation with Station (CHIRPS) dataset, which
was developed through a collaboration between the United States Geological Survey
(USGS) and the University of California, Santa Barbara (UCSB). CHIRPS provides high-
resolution rainfall data with a spatial resolution of 0.05° and daily temporal granularity [44].
Temperature data of 0.5° x 0.625° grid resolution at 2 m height were sourced from the
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Modern-Era Retrospective Analysis for Research and Applications (MERRA-2), a part of the
NASA POWER Prediction of Worldwide Resource (POWER) project [45,46]. Both datasets
were accessed through GEE for extraction, and subsequent analyses were conducted using
Microsoft Excel and the R Statistical Software [47].

2.2.3. Drought Monitoring and Analysis

To monitor long-term drought conditions in the study area, this research utilized daily
precipitation and temperature data from 1980 to 2024. The Standardized Precipitation
Evapotranspiration Index (SPEI), developed by [13], was employed as the primary drought
index. Unlike indices based solely on precipitation (e.g., the SPI), the SPEI integrates
both precipitation deficits and temperature-driven evapotranspiration, allowing for a
more accurate and climatically sensitive assessment of drought dynamics. The SPEI was
calculated at three distinct timescales, 6-month (SPEI-6), 9-month (SPEI-9), and 12-month
(SPEI-12), to capture drought impacts across varying temporal dimensions.

SPEI-6 represents short- to medium-term drought conditions, typically affecting agri-
cultural productivity, pasture conditions, and seasonal crop yields. SPEI-9 reflects pro-
longed dry periods, influencing soil moisture reserves, groundwater recharge, and broader
hydrological system performance. SPEI-12 captures long-term drought patterns, encom-
passing the cumulative impact of climate variability on ecosystems, resource sustainability,
and socioeconomic vulnerabilities, including conflict and displacement dynamics. Data pre-
processing and SPEI calculations were performed using the SPEI package in the R Statistical
Software version 4.3.2, which allowed for efficient time series analysis and graphical visual-
ization of drought variability. This multiscale approach provided a comprehensive picture
of both historical and recent drought trends, helping to distinguish between short-term
seasonal water stress and longer-term climatic drought phenomena [48,49].

2.2.4. Vegetation Cover Analysis

Changes in vegetation cover were assessed using the NDVI derived from Sentinel-2
Level 2A and PlanetScope data for 2015, 2017, 2020, and 2024. The NDVI was calculated
using the spectral red and near-infrared (NIR) bands. This index ranges from —1 to +1,
with higher values indicating abundance of green biomass and lower values showing
sparse vegetation [50,51]. NDVI analysis was performed to evaluate spatial and temporal
vegetation changes, and the resulting maps were processed using the QGIS 3.34.3 software
for visualization and interpretation [52,53].

NIR — Red

NDVI =GR T Red M

2.2.5. NDVI Classification

NDVI classification was performed to assess vegetation cover changes, which are
essential for monitoring vegetation health, guiding land-use planning, and informing
ecosystem management strategies [54]. The classification thresholds were determined
based on existing NDVI classification studies [55] and were calibrated to reflect the specific
ecological and vegetation characteristics of the study area (Table 2).

Table 2. NDVI classification ranges.

Sparse Low Moderate Dense
Vegetation Vegetation Vegetation Vegetation

<0.0 0.0-0.2 0.2-0.3 0.3-0.4 >0.4

No Vegetation
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To enhance ecological interpretation, each NDVI class was linked to dominant potential
habitat types, as follows:

No vegetation (NDVI < 0): This includes barren land, residential areas, exposed rock
surfaces, and sandy soils.

Sparse vegetation (NDVI 0-0.2): This represents degraded lands with minimal plant
cover and scattered herbaceous growth.

Low vegetation (NDVI 0.2-0.3): This is typically associated with open woodlands or
areas dominated by Acacia species and early-stage regrowth.

Moderate vegetation (NDVI 0.3-0.4): This reflects regenerating shrublands, fallow
agricultural fields, or mixed cropland with natural cover.

Dense vegetation (NDVI > 0.4): This indicates riparian corridors, woodland patches,
and moist zones with stable vegetative biomass.

This classification framework enhances the ecological relevance of NDVI-based land
cover analysis in arid and semi-arid conflict-affected landscapes such as Darfur.

To quantify vegetation changes over time, area statistics and percentage calculations
were performed to assess shifts between classification categories over consecutive years.
This approach facilitates a detailed interpretation of vegetation dynamics, enabling the
identification of growth and decline trends across different temporal scales. We also used
the networkD3 package in the R software to create a Sankey plot for better visualization of
the results.

2.2.6. Accuracy Assessment

An accuracy assessment was conducted for the vegetation cover classifications in
2015, 2017, 2020, and 2024 to evaluate the reliability of the classified vegetation categories.
The accuracy of such assessments depends on the availability of precise ground truth or
reference data [56]. Reference data were obtained from high-resolution satellite imagery
from Google Earth Pro (0.15 m), which was visually interpreted and supplemented with the
first author’s local knowledge to ensure a comprehensive representation across different
vegetation cover types; training samples were strategically selected following the best
practices outlined by [57]. A stratified random sampling approach was employed, with
60 samples per vegetation class collected each year. This method helped to minimize spatial
bias and improve classification accuracy [58]. Multi-year imagery was used instead of
a single time-point dataset to account for seasonal variability and long-term land-cover
changes [59]. This approach enhanced the capture of vegetation phenology and land-use
dynamics. To maintain a balanced and unbiased accuracy assessment, 50% of the training
samples were used for validation [60]. Accuracy metrics were derived from confusion
matrices and included the overall accuracy (OA), Kappa coefficient, Producer’s Accuracy
(PA), and User’s Accuracy (UA). Producer’s Accuracy (PA) indicates the probability that
a reference (ground truth) sample has been correctly classified, reflecting the classifier’s
ability to avoid omission errors. User’s Accuracy (UA) represents the probability that
a pixel labeled as a certain class on the map actually corresponds to that class on the
ground, highlighting the level of commission error. These metrics provide a comprehensive
evaluation of classification performance from both the map producer’s and end-user’s
perspectives [61].

2.2.7. Time-Series Forecasting

Time-series forecasting involves analyzing a sequence of observations recorded at
consistent intervals to develop models that effectively represent the underlying structure of
the data. These models enable accurate prediction, monitoring, and control of the observed
phenomena [62]. Various methodologies exist for modeling time series with single seasonal
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patterns, including Exponential Smoothing (ETS), ARIMA [63], state-space models [64], and
innovative state-space models [65]. The ARIMA model is particularly notable for its ability
to forecast time series by utilizing a combination of its own past values, previous errors, and,
where applicable, current and past values of the related variables. It is designed to explain
autocorrelation within the data and can be applied to both stationary and non-stationary
time series [66]. On the other hand, ETS generates forecasts by weighing past observations,
with weights decreasing exponentially over time. This technique often provides more
accurate forecasts than simple averaging methods because of its emphasis on recent data
trends [67].

In this study, both ARIMA and ETS models were applied using the R Statistical Soft-
ware to predict rainfall and temperature trends, based on data with a spatial resolution of
0.05° and annual temporal resolution, derived from mean yearly precipitation and temper-
ature values. ARIMA combines three mathematical components, namely autoregressive,
integrated, and moving-average processes, allowing it to capture complex temporal depen-
dencies. The ETS complements this by accounting for trends and seasonal variations in the
data. Together, these models provide robust forecasts that support the analysis of future
climatic conditions in the region.

3. Results
3.1. Climate Variability

An analysis of satellite-derived temperature and precipitation data from 1980 to 2024
revealed significant trends in climate variability across the study area (Figure 3). Precipi-
tation trends exhibited two clear phases: a relatively flat and variable trend from 1980 to
approximately 2012, followed by a notable upward shift from 2013 onward. This post-2012
increase is captured by the overall linear trend (R? = 0.13, p = 0.015), indicating a statistically
significant rise in annual rainfall, with pronounced inter-annual fluctuations. The shift
aligns with the observed vegetation recovery during the latter part of the study period
and reflects a regional transition to wetter conditions since 2015. The linear regression of
the maximum temperature against time showed a statistically significant increasing trend
(R? = 0.18, p = 0.004), reflecting a steady rise in daytime extremes. The mean temperature
also showed a moderate yet significant increase (R? = 0.10, p = 0.032), while the minimum
temperature exhibited a weaker, statistically non-significant trend (R? = 0.03, p = 0.289),
suggesting less consistent warming during nighttime or cooler periods.

Legend == LinearTrend * Observed Values
Uncertainty — 95% Confidence Interval
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Figure 3. The average annual precipitation (mm) and temperature maximum, minimum, and average
trend (°C) of the study area (1980-2024).
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Together, these trends suggest a warming and increasingly humid climate in the region,
which has likely supported vegetation regeneration in recent years, especially in areas
affected by prior droughts and land degradation.

3.2. Rainfall and Temperature Forecast

The rainfall and temperature forecast for 2024-2034 indicated a consistent trend of
increased precipitation and temperature across the study area. The ARIMA time series
forecasting model (Figure 4) projects a stable trend in annual rainfall, stabilizing around
700 mm, with moderate uncertainty suggesting potential variations between 500 mm
and 880 mm. The temperature indicates a stable trend in the maximum, minimum, and
mean temperatures, stabilizing at 39.4 °C, 4 °C, and 23.5 °C, respectively. The projections
indicate moderate uncertainty, with potential fluctuations ranging from 38.5 °C to 41 °C for
maximum temperatures, 2.5 °C to 6 °C for minimum temperatures, and 23 °C to 24.3 °C
for mean temperatures.

ARIMA Forecasts

Uncertainty Range 80% Confidence Interval 95% Confidence Interval
Data Type --- Forecast — Observed
Precipitation (mm) Maximum Temperature (°C)
1500
1000 40

38

0
Minimum Temperature (°C) Mean Temperature (°C)
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24
4 AR Emp Rl WL L] L
23
2
ONTORONTORONTORONTOOONTOOONST ONTOOONTORONTORONTOOONTOOONT
WOV NOOODOO — T — —ONNOICINA MMM VOOV NOO0O0O0O0——— T OICNANNNMMMO
OO OOOO0000000000O0O0O00 oMo OO0 0000000000000 000
rrrrrrrrrr IO AN I NI I I IO e e AN NN I I I AN NI I DY
Year

Figure 4. Forecasting of climate variables with the ARIMA model (2024-2034).

Similarly, the ETS model (Figure 5) predicts rainfall levels stabilizing around 700 mm
annually; however, it presents higher uncertainty, with potential fluctuations ranging
from 400 mm to 1000 mm. The temperature indicates an increased trend in maximum
temperature, with moderate uncertainty, with potential fluctuation ranging between 38.8 °C
and 40.4 °C.

The mean and minimum temperatures showed a stable trend, stabilizing at 23.6 °C
and 4.3 °C, respectively, with moderate uncertainty, with potential fluctuation ranging from
2.2 °Cto 6.2 °C of the minimum temperature, and 23 °C to 24.3 °C of the mean temperature.

Both models align with the historical trends of increasing precipitation, reinforcing
the expectation of sustained high rainfall levels by 2034.
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Figure 5. Forecasting of climate variables with the ETS model (2024-2034).

3.3. Drought Analysis (SPEI-Based Assessment)

To assess long-term drought dynamics, the SPEI was analyzed over 44 years (1980-
2024) using three timescales: 12-month, 9-month, and 6-month (Figure 6). These timescales
reflect long-, medium-, and short-term hydrological stress, respectively. The 1980-2000 pe-
riod was characterized by highly variable wet and dry episodes, with frequent fluctuations
between drought and recovery phases. A prolonged dry period from 2000 to 2014 was
evident across all SPEI timescales, indicating sustained meteorological drought conditions.
In contrast, 2015-2024 exhibited a clear shift toward wetter conditions, with only minor
drought episodes, reflecting increased precipitation and reduced water stress in recent
years. SPEI-12’s (long-term drought indicator) R? =0.181, with p =1.11, indicates a mild
but statistically weak positive trend toward reduced long-term drought severity. SPEI-9’s
(medium-term drought indicator) R? = 0.042, with p = 1.78 indicates a very weak trend,
suggesting minimal change in mid-term drought variability. SPEI-6’s (short-term drought
indicator) R? = 0.13, with p = 7.95, shows a moderate decreasing drought trend, though
with limited statistical confidence. These results indicate that drought conditions have
become less frequent and less intense since 2015, reinforcing the observed trends in rainfall
and vegetation recovery. However, the relatively weak statistical strength of the trends
highlights the complexity of drought variability in arid and semi-arid climates.

3.4. Vegetation Cover Changes
3.4.1. Accuracy Assessment Results
The accuracy assessment of the vegetation cover classification revealed that the various

vegetation types in the study region were classified accurately (Table 3). The overall
accuracy ranged between 87.84 and 93.59, and the Kappa Hat between 0.78 and 0.88.
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Figure 6. SPEI trends over 6-, 9-, and 12-month timescales in Darfur showing variation in the duration,
severity, and intensity of dry and wet conditions. The red bars represent negative SPEI values drought
periods, while the blue bars represent positive SPEI values, indicating wet conditions. The variations
in bar length and frequency across different timescales illustrate fluctuations in drought and wet
periods over time.

Table 3. NDVI classification accuracy of 2015, 2017, 2020, and 2024.

LULC Classes 2015 2017 2020 2024
PA (%) UA (%) PA (%) UA (%) PA (%) UA (%) PA (%) UA (%)
No Vegetation 97.36 0.97 98.45 97.43 92.51 91.90 92.82 93.36
Sparse Vegetation 89.03 0.86 88.25 91.46 77.37 79.07 77.90 78.33
Low Vegetation 94.27 0.94 62.89 73.32 68.47 88.93 65.13 79.90
Moderate Vegetation 91.26 0.78 98.38 93.37 95.20 89.46 95.00 88.80
Dense Vegetation 97.70 0.98 92.87 97.60 91.76 99.96 91.30 99.93
Overall Accuracy (%) 91.74 93.59 88.32 87.84
Kappa Hat 0.85 0.88 0.78 0.78

Note: PA = Producer’s Accuracy; UA = User’s Accuracy.

3.4.2. Vegetation Dynamic Statistics and Maps

The analysis of vegetation dynamics around the Sortony IDP camp from 2015 to
2024 revealed significant changes in vegetation cover, as assessed through NDVI-based
classification. This study classified vegetation into five categories: no vegetation, sparse
vegetation, low vegetation, moderate vegetation, and dense vegetation. These categories
were quantified in terms of their spatial extent (hectares) and percentage of the total study
area (Figure 7 and Table 4). The no vegetation class, which constituted a significant portion
of the area in 2015 (52.26%) and 2017 (55.07%), dramatically decreased to just 5.75% by 2024.
In contrast, sparse vegetation, which covered approximately 41.81% of the study area in
2015, showed a minimal change in 2017 (40.16%), followed by a slight increase to 44.50%
in 2020, before declining to 37.26% in 2024. Low vegetation cover began at 5.51% in 2015
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and experienced a decline in 2017, but experienced a significant increase to around 35%
in 2020, stabilizing at 35.73% by 2024. The moderate vegetation category was minimal in
2015 (0.40%) and 2017 (0.11%) but increased dramatically to 10.11% in 2020 and further
expanded to 17.73% by 2024. Meanwhile, dense vegetation, which was nearly negligible in
2015 and 2017, increased to 0.83% in 2020 and reached 3.53% by 2024. The transformation
in vegetation cover, as depicted in the NDVI maps (Figure 7), clearly illustrates a trend of
vegetation recovery and densification over time. This positive trend correlates with the
observed improvements in precipitation and a reduction in drought episodes throughout
the study period, indicating a favorable shift in the ecological landscape. The observed trend
in sparse vegetation indicates a transition towards more robust vegetation types in recent
years. Figure 8 illustrates the correlation between the NDVI and elevation across the study
area, revealing a statistically significant positive relationship. NDVI values increase with
elevation, with a coefficient of determination (R?) of 0.23 and a p-value < 0.001, indicating
a moderate but meaningful trend at the 95% confidence level.

0 5 10 20 30 40

I Dense Vegetation

Figure 7. Vegetation cover classes from 2015 to 2024 derived from Sentinel-2 Level 2A and Plan-
etScope data.

Table 4. Area statistics of vegetation cover classes derived from Sentinel-2 Level 2A.

2015 2017 2020 2024
LULC Class (ha) % (ha) % (ha) % (ha) %

No Vegetation 36,109.03 5226 3805325 5507  6289.63 910 397153 5.5
Sparse Vegetation ~ 28888.13  41.81 2774636 4016 3075050 4450 2574718  37.26
Low Vegetation 3809.31 551 322125 466 2449844 3545 2468600 3573
Moderate Vegetation 273.92 0.40 76.08 0.11 6988.53 10.11 12,254.37 17.73

Dense Vegetation 17.60 0.03 1.07 0.00 570.90 0.83 243892 353
Total 69,098.00 100.00  69,098.00 100.00  69,098.00 100.00  69,098.00  100.00
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Figure 8. Correlation between the NDVI and elevation. The black dots represent observed points,
while the light blue shaded area represents the 95% confidence interval around the regression line.

3.4.3. IDPs and Vegetation Cover Change

Results from the two buffer zones’ analysis (Figure 9 and Table 5) show the percentage
and actual area for different classification categories in both the 0-5 km and 5-10 km buffers
between 2015 and 2024. The 0-5 km zone saw a 40.38% decrease in the no vegetation
class, while sparse, low, moderate, and dense vegetation increased by 2.88%, 25%, 9%,
and 2.88%, respectively. In contrast, the 5-10 km buffer experienced a 44.25% decrease in
non-vegetated areas and a 7.14% reduction in sparse vegetation, with notable increases in
low (29.96%), moderate (17.86%), and dense vegetation (3.57%). This pattern suggests that
the area farther from the camp has seen more significant vegetation recovery, potentially
due to lower human pressure.

10 Km Buffer

5 Km Buffer

Legend

- No Vegetation
[ Sparsc Vegelation
| Low Vegetation
|| Moderate Vegetation

- Dense Vegetation
Sortony IDP Camp

0 5 10 20
[ ilometers

Figure 9. Buffer zones of 0-5 km and 5-10 km from the Sortony IDP camp.
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Table 5. Vegetation cover classification within the two-buffer zone.
(0-5 km) Buffer Zone (5-10 km) Buffer Zone
Classes 2015 2024 2015-2024 2015 2024 2015-2024
km % km % Change % km % km % Change %
No Vegetation ~ 52.00  50.00 10 9.62 ~40.38 250  49.60 27 5.36 4405
Sparse 45.00 4327 48 46.15 +2.88 223 4425 187  37.10 —7.14
Vegetation
Low 500 481 31 29.81 +25.00 29 5.75 180  35.71 +29.96
Vegetation
Moderate 200 192 12 11.54 +9.62 2 0.40 92 18.25 +17.86
Vegetation
Dense 000  0.00 3 2.88 +2.88 0 0.00 18 3.57 +3.57
Vegetation
Total 104  100.00 104  100.00 504  100.00 504  100.00

3.4.4. Vegetation Transition

A Sankey plot (Figure 10) effectively illustrates the relative changes in vegetation
dynamics within the study area in 2015, 2017, 2020, and 2024. This visualization highlights
the transitions among various vegetation classes, showing their evolution over time. The
analysis of vegetation dynamics surrounding the Sortony IDP camp indicated a significant
ecological transformation. Notably, there was a marked shift from barren and sparsely
vegetated areas towards regions exhibiting low to moderate vegetation density, suggesting
an overall improvement in vegetation health and density.

,_|:| No Vegetation 2020
—~

D No Vegetation 2015 7 S No Vegetation 2024
/ 7

Very Low Vegetation 2020
4 Very Low Vegetation 2024

Very Low Vegetatiof{ 2015 f

] / Low Vegetauo7/27/ Low Vegetation 2024
015

= 7/ / Moderal Véget}fqu\o"o Moderate Vegetation 2024
Mode; V

el /,,,\/

High Vegetation 2024

Figure 10. The Sankey plot shows the vegetation transitions between 2015, 2020, and 2024 in the
study area.

4. Discussion
4.1. Vegetation Dynamics and Climate Variability

The present study utilized high-resolution multispectral Sentinel-2 Level 2A and
PlanetScope imagery with a 10 m and 3 m spatial resolution, respectively, to assess veg-
etation cover changes around the Sortony IDP camp in North Darfur, Sudan. The study
findings highlight the complex interplay between climate variability, particularly rainfall,
drought, temperature fluctuations from 1980 to 2024, and vegetation dynamics from 2015
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to 2024. The observed increase in vegetation cover from 2016 onwards exhibited an in-
creased trend, coinciding with increased precipitation levels and a reduction in drought
intensity. The elevation map (Figure 2) and the NDVI-elevation correlation plot (Figure 8)
demonstrate a clear positive association between NDVI values and elevation. This indicates
that higher elevation zones generally support denser or healthier vegetation, likely due
to better moisture retention, reduced surface runoff, and lower anthropogenic pressure.
These findings are consistent with previous studies that reported similar elevation-driven
vegetation patterns in semi-arid environments [68,69]. The maximum, minimum, and mean
temperature trends, though fluctuating, exhibited an overall increase. The post-2012 shift
in precipitation is now explicitly connected to vegetation recovery trajectories observed
through NDVI analyses. The growth in vegetation cover during the reduced drought pe-
riod (2016-2024) underscores the region’s potential for ecological recovery under favorable
climatic conditions.

Future climate scenario analyses using the ARIMA and ETS models indicate continued
precipitation increase, suggesting further vegetation recovery and enhanced environmental
sustainability. However, variability in projected rainfall highlights the need for adaptive
water resource management and climate-sensitive land-use planning to mitigate risks
associated with extreme climatic fluctuations.

The observed vegetation recovery aligns with the increased rainfall trends, corrobo-
rating previous studies that emphasize the role of interdecadal precipitation variations in
promoting ecosystem regeneration. Ref. [70] noted that variations in rainfall distribution
were reflected in NDVI-based assessments of vegetation health within agricultural zones.
Similarly, Ref. [71] reported that higher precipitation levels in arid and semi-arid regions
significantly enhance vegetation regrowth. The expansion of low-density vegetation might
reflect natural regeneration and conservation efforts, whereas the notable increase in mod-
erate and dense vegetation suggests positive ecological changes (Figure 6). This is further
supported by the resilience of dominant tree species in the area, such as Eucalyptus spp.,
Anogeissus leiocarpus, and Balanites aegyptiaca, which are capable of resprouting after distur-
bances such as wood cutting, heavy grazing, or fire [29]. The vegetation recovery observed
post-2015 is largely attributed to resilient tree species.

Temperature variations in the study area align with the findings from [72], who high-
lighted that elevated temperatures in semi-arid climates often lead to increased evaporation
rates, thus limiting vegetation recovery. However, in this study, improved rainfall appears
to have mitigated the adverse effects of rising temperatures, fostering a positive trajectory
in vegetation cover. These results align with the studies of [73] in Central Chile and [74]
in the Yellow River Basin, both of which identified precipitation as a key determinant
of NDVI trends and vegetation regrowth, further reinforcing the intricate relationship
between climatic variability and ecosystem resilience.

The transition from prolonged droughts (2000-2014) to increased wet periods
(2015-2024) (Figure 5) is likely a broader manifestation of the shifting climate patterns.
Although enhanced precipitation has benefited vegetation recovery, abrupt increases in
wet events could disrupt ecosystem stability if not managed effectively. This highlights
the need for adaptive environmental strategies to sustain positive ecological changes while
mitigating the potential risks associated with climate variability. Previous studies in Sudan
and the Sudano-Sahelian region have similarly documented vegetation recovery alongside
a decline in barren land, which is primarily attributed to increased precipitation [75,76].
Ref. [77] further observed that increased precipitation not only improved vegetation green-
ness but also contributed to enhanced water cycles, including improved runoff and water
storage, which facilitated long-term vegetation regeneration.
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4.2. The Impact of IDPs’ Presence on the Environment

The role of human displacement in shaping vegetation dynamics was a critical factor
in this study. Previous research has shown that an influx of IDP populations often leads
to initial environmental degradation due to increased demand for fuelwood, agricultural
expansion, and settlement construction [78]. Similar trends have been observed in other IDP
settings, where rapid population growth exerts pressure on natural resources, leading to
localized deforestation and land degradation [79,80]. The spatial analysis supports findings
from previous studies, indicating that human displacement can initially result in severe
vegetation loss due to resource overuse [81,82]. However, post-settlement phases may also
involve natural regeneration, changes in land-use practices, and adaptive reforestation. The
results from the 5-10 km buffer zone indicate improved vegetation density in less human-
impacted areas, aligning with documented patterns in other IDP zones [25]. However, the
findings of this study suggest that vegetation cover has increased over time, which may be
attributed to several factors, including improved precipitation, shifts in land-use practices,
and the natural regeneration of resilient species. Ref. [83] documented similar trends,
noting that IDPs often engaged in community-led land restoration efforts to rebuild their
livelihoods. Additionally, sustainable land management initiatives, such as reforestation
programs and agroforestry, have emerged as adaptive strategies to mitigate deforestation
caused by high fuelwood demand [84]. Many IDP communities in Darfur have incorporated
tree planting along with drought-resistant crop cultivation, improving soil fertility and
water retention, which has contributed to the observed vegetation regrowth [85]. Ref. [86]
also reported similar land cover transitions in IDP camps, where barren land gradually
transitioned into vegetated areas owing to environmental restoration efforts.

Comparative analyses with other conflict-affected semi-arid regions, such as the Sahel,
northern Nigeria, and parts of the Horn of Africa, further support these findings. For exam-
ple, studies in the Sahel have documented the “Greening of the Sahel” phenomenon, where
increased precipitation has facilitated vegetation recovery in areas affected by displacement,
despite localized degradation due to human activities [87]. Similarly, research in northern
Nigeria showed that IDP-led agroforestry and reforestation efforts, coupled with improved
rainfall conditions, have contributed to gradual vegetation recovery [88].

Additionally, studies in Somalia and South Sudan, regions experiencing prolonged
conflicts and climate stress, indicate that while IDP settlements initially accelerate land
degradation, they can later contribute to land rehabilitation through afforestation programs
and sustainable land-use practices [40,89]. These findings align with our study, reinforcing
the notion that conflict-induced displacement has both short-term negative impacts and
potential long-term ecological benefits when coupled with climate improvement and
adaptive land management.

4.3. Policy Implications

While the findings indicate a positive trend in vegetation recovery, the risk of fu-
ture degradation remains a concern, particularly if the conflict intensifies. Studies in
conflict-prone regions have shown that vegetation recovery can be temporary, as renewed
displacement, resource exploitation, and land-use pressure often lead to cycles of deforesta-
tion and degradation [90]. In Darfur, increased reliance on fuelwood, overgrazing livestock,
and settlement expansion could reverse ecological gains if conflicts disrupt sustainable land
management efforts. Proactive policy interventions are required to mitigate these risks.

Encouraging IDP and host communities to engage in reforestation initiatives can
help maintain vegetation cover while providing alternative livelihoods. Participatory
land management has been shown to foster environmental resilience in conflict-affected
regions. Reducing deforestation in IDP settings requires investment in alternative energy
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sources such as solar panels, solar boilers, solar cookstoves, and fuel-efficient technologies.
Establishing buffer zones around IDP settlements and promoting controlled grazing can
prevent excessive land degradation. Integrating conflict-sensitive environmental policies
with humanitarian responses is crucial for long-term sustainability [7]. Supporting drought-
resistant crops and implementing soil conservation techniques can enhance food security
while reducing dependence on forest resources.

Water Resources and Precipitation Variability Management

Rainwater harvesting and micro-catchment systems to store seasonal rainfall and
reduce runoff in high-rainfall years are particularly relevant for supporting dry-season
fodder and reforested plots.

Soil and water conservation techniques, such as contour bunds and mulching, can be
used to improve soil infiltration and reduce evapotranspiration losses in agricultural and
reforestation zones.

Climate-smart water planning may be done at the camp and community level, in-
cluding early warning systems for drought or above-average rainfall, and seasonal rainfall
forecasts can be integrated into land-use planning.

Community-based water governance structures can be established to equitably man-
age shared water resources under conditions of variable precipitation, especially where
both host communities and IDPs rely on the same water sources. These measures com-
plement the reforestation and land management strategies already proposed, providing a
more climate-resilient policy framework.

4.4. Study Limitations and Future Research Directions

While this study provides valuable insights into vegetation recovery, it has several
limitations:

Remote Sensing Constraints: NDVI-based classification is effective for vegetation
analysis but does not fully capture species-level vegetation composition or ground-level
ecological processes. Future research should incorporate ground-truth surveys and high-
resolution hyperspectral imagery to improve the accuracy.

Limited Field-Based Human Activity Data: The study infers human impacts (fuel-
wood collection, agriculture, and grazing) from remote sensing trends, but direct field
observations and socioeconomic surveys are needed to provide a more detailed understand-
ing of human-environment interactions in IDP-affected areas. The lack of high-frequency
land-use data and ground verification limits definitive attribution. Future research should
incorporate household-level surveys and high-resolution socioeconomic data.

Narrow Climate Variable Focus: While this study focuses on precipitation and tem-
perature trends, other critical environmental variables, such as soil moisture dynamics,
groundwater availability, and land management practices, may also play a significant role
in influencing vegetation recovery. To provide a more holistic understanding of ecosystem
responses, future research should incorporate multi-dimensional climate assessments. Fur-
thermore, comparative analyses between the study area and adjacent zones with similar
climatic conditions but differing population densities are recommended to better isolate
and evaluate the influence of human activities on vegetation dynamics.

5. Conclusions

Vegetation recovery in conflict-affected areas is a critical indicator of environmental
resilience and ecological stability. IDP camps, such as the Sortony IDP camp in Sudan,
present both challenges and opportunities for sustainable land management, intensifying
pressure on natural resources while fostering ecological interventions. This study examined
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vegetation dynamics around the Sortony IDP camp from 2015 to 2024, analyzing land cover
transformations and the environmental drivers of these changes. The findings revealed a
significant increase in vegetation cover, with barren land decreasing from over 50% in 2015-
2017 to just 5.75% by 2024. Concurrently, areas with low, moderate, and dense vegetation
expanded, suggesting a positive ecological shift. This recovery aligns with increasing
precipitation levels and a decline in drought frequency since 2015, as confirmed by SPEI
analysis. In addition to climatic influences, natural regeneration processes, shifting land-use
practices, and potential ecological restoration efforts also contribute to vegetation recovery.
These findings underscore the complex interplay between climate variability, human
displacement, and ecological resilience in arid and semi-arid regions. This study highlights
the value of satellite-based remote sensing tools, particularly the NDVI, for monitoring
ecological changes in fragile landscapes such as Darfur. The results demonstrate the
potential for vegetation recovery even in conflict-affected regions, emphasizing the need for
sustainable land management and climate adaptation strategies to enhance environmental
resilience and mitigate future land degradation risks.
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