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Abstract 

Understanding the long-term impacts of climatic variability and anthropogenic 

pressures on Sudan’s savanna ecosystems is essential for sustainable management, biodiversity 

conservation, and climate adaptation planning. This study investigates the climate–land–

vegetation dynamics of savanna woodlands in southeastern Sudan using an integrated, multi-

scale framework that combines geospatial analysis, field-based ecological assessment, machine 

learning, and species distribution modeling. The research addresses five interrelated objectives: 

(1) analyzing climatic variability and drought dynamics; (2) assessing land use/land cover 

(LULC) changes and their interactions with climate; (3) evaluating woody species composition, 

diversity, and regeneration status; (4) mapping dominant tree species using multi-source remote 

sensing and machine learning; and (5) modeling the current and future distribution of Acacia 

seyal (Delile) under climate change scenarios. 

Climate variability and drought patterns were analyzed using long-term temperature and 

precipitation datasets (1950–2024) processed within Google Earth Engine (GEE). Non-

parametric trend detection methods (Mann–Kendall test and Sen’s slope estimator), 

standardized anomalies, and coefficients of variation were applied, with validation conducted 

in R and Statistica. Drought conditions were quantified using the Standardized Precipitation 

Evapotranspiration Index (SPEI) across multiple time scales. LULC dynamics in the Elnour 

Natural Forest Reserve (ENFR) were mapped using Landsat imagery (1995, 2008, and 2021) 

and Random Forest classification. Vegetation structure and regeneration were assessed using 

field data from 229 permanent sample plots surveyed in 2008 and revisited in 2013, 2018, and 

2021. Dominant tree species were mapped using multi-temporal Landsat 5 TM (2008), Landsat 

8 OLI (2013), and Sentinel-2 MSI (2018 and 2021) imagery combined with NDVI and DEM-

derived variables, applying Random Forest (RF), Support Vector Machine (SVM), 

Classification and Regression Trees (CART), and ensemble classifiers. The potential 

distribution of Acacia seyal was modeled using MaxEnt with spatially filtered occurrence 

records and bioclimatic predictors, and model performance was evaluated using AUC and TSS 

metrics. 

The results demonstrate significant warming trends since the late 1970s, particularly 

during the dry season, leading to increased evaporative demand. Rainfall exhibited high 

interannual variability, with a modest increasing trend (+3.48 mm yr⁻¹, R² = 0.181) that is 

insufficient to offset increasing drought stress. SPEI analysis revealed a marked increase in 

drought frequency, severity, and persistence, especially at longer time scales (12–48 months). 

LULC analysis indicates substantial forest degradation, with dense forest declining from 26.7% 
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to 15.7%, while semi-bareland expanded from 23.1% to 40.0% between 1995 and 2021. Field-

based assessments revealed pronounced declines in species richness (35 to 19 species), tree 

density (741.44 to 65.41 trees ha⁻¹), and basal area (53.07 to 10.8 m² ha⁻¹), accompanied by 

reduced regeneration capacity and increased dominance of disturbance-tolerant species. 

Classification results show that RF and SVM achieved high accuracy (OA = 85–92%, κ = 0.81–

0.89), outperforming CART and ensemble approaches. MaxEnt projections indicate a decline 

in Acacia seyal habitat under SSP2–4.5 in the near future, followed by partial recovery by the 

late century, whereas SSP5–8.5 predicts substantial long-term habitat loss, with southeastern 

regions identified as potential climate refugia. 

Overall, the findings demonstrate that Sudan’s savanna ecosystems are undergoing rapid 

structural and compositional changes driven by the combined effects of climatic warming, 

increasing drought stress, and persistent anthropogenic pressures. The integrated 

methodological framework developed in this study provides a robust and scalable approach for 

monitoring ecosystem dynamics, improving predictive modeling, and supporting evidence-

based conservation and climate adaptation strategies in dryland environments. 
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1. INTRODUCTION 

1.1. Background 

Climate change poses a major global threat to biodiversity, driving widespread shifts in 

species distributions, ecosystem structure, and ecological processes (IPCC, 2022; Yasin et al., 

2024; Musa et al., 2024). Over the past century, global temperatures have increased by 

approximately 0.74 °C, with accelerated warming since the mid-1970s exceeding that of any 

comparable period in the last millennium (IPCC, 2022; Zohrabi et al., 2014; Babatolu & 

Akinnubi, 2013). In many regions, minimum temperatures are rising more rapidly than 

maximum temperatures, intensifying stress on species with narrow thermal tolerances (Hughes 

et al., 2003; Guan et al., 2015; Yasin et al., 2025). Concurrently, atmospheric CO₂ 

concentrations have increased by nearly 100 ppm above pre-industrial levels, altering plant 

physiology, productivity, and ecosystem functioning (IPCC, 2014; IPCC, 2022; Coleine et al., 

2024). 

Beyond climatic drivers, ecosystems are increasingly exposed to anthropogenic 

pressures, including agricultural expansion, deforestation, overgrazing, wildfires, habitat 

fragmentation, and resource overexploitation, which collectively reduce ecosystem resilience 

and adaptive capacity (Jump & Peñuelas, 2005; Musa & Sahoo, 2023; Abuelbashar et al., 2022). 

The interaction between climatic and human-induced stressors amplifies ecological 

vulnerability, with projections suggesting that up to 30% of global species may face elevated 

extinction risk under combined climate and land-use pressures (Maclean & Wilson, 2011; Musa 

et al., 2024; Yasin & Mulyana, 2022). 

Tropical and dryland ecosystems, including African savannas, are particularly sensitive 

to these interacting drivers due to high biodiversity, narrow ecological tolerances, and limited 

dispersal capacity (Colwell et al., 2008; Deutsch et al., 2008; Yasin et al., 2024). Despite their 

ecological importance, Sudanese savannas remain underrepresented in climate impact 

assessments, particularly in studies integrating both climatic and anthropogenic drivers (Musa 

et al., 2024; Coleine et al., 2024). Human activities further exacerbate climate-induced stress 

by modifying fire regimes, reducing canopy cover, degrading soils, and fragmenting habitats 

(Musa & Sahoo, 2023; Abuelbashar et al., 2022; Glover & Elsiddig, 2012). These combined 

pressures accelerate biodiversity loss and reduce ecosystem service provision, including forage 

production, carbon sequestration, and soil stabilization (Yasin et al., 2024; Wang et al., 2020; 

Musa et al., 2024). 
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Savanna ecosystems are ecologically and socio-economically critical across Africa, 

forming transitional landscapes between deserts and tropical forests (Harrison & Jackson, 1958; 

Fahmi, 2017). In Sudan, they occupy extensive areas and support rural livelihoods while 

maintaining key ecological functions such as biodiversity conservation, nutrient cycling, and 

climate regulation (Siddig et al., 2018; Musa & Sahoo, 2023; Yasin & Mulyana, 2022). Their 

structure is characterized by a mosaic of grasses and woody vegetation shaped by rainfall 

gradients, soil properties, fire regimes, and human activities (Fahmi, 2017; Musa et al., 2024; 

Gurashi et al., 2024a). Latitudinal rainfall gradients strongly influence species composition, 

with drought-tolerant shrubs dominating arid northern zones, while mesic southern regions 

support key tree species such as Acacia seyal, Combretum hartmannianum, and Anogeissus 

leiocarpus (Ibrahim & Osman, 2014; Yasin et al., 2024; Musa et al., 2024). 

Savannas provide essential ecosystem services that underpin both ecological stability 

and human well-being. These include habitat provision, carbon storage, soil stabilization, 

nutrient cycling, and the supply of fuelwood and forage (Abuelbashar et al., 2022; Coleine et 

al., 2024; Yasin et al., 2022; Agustino et al., 2011). Structural heterogeneity regulates 

microclimate, light availability, and nutrient turnover, thereby influencing ecosystem 

productivity and resilience (Fahmi, 2017; Gurashi et al., 2024a; Yasin et al., 2024). 

Sudanese savannas are highly sensitive to hydroclimatic variability. Rising 

temperatures, erratic rainfall, and prolonged droughts directly affect tree growth, mortality, and 

regeneration, particularly for drought-sensitive species such as Acacia seyal (Fahmi, 2017; 

D’Odorico & Bhattachan, 2012; Yasin et al., 2025). When combined with land-use pressures, 

these stressors lead to reduced woody cover, altered species composition, and declining 

ecosystem functionality (Smith et al., 2019; Musa et al., 2024; Coleine et al., 2024). However, 

spatially explicit and integrated assessments that jointly evaluate climatic variability, land-use 

change, and species-level responses remain limited. 

Recent advances in remote sensing and machine learning provide powerful tools for 

addressing these challenges. Multi-temporal satellite data from Landsat, Sentinel, MODIS, and 

radar systems enable large-scale monitoring of vegetation dynamics and land-cover changes 

(Gorelick et al., 2017; Huete et al., 2002; Persson et al., 2018). At the same time, species-level 

classification in dryland environments remains challenging because sparse canopy cover, 

spectral similarity among woody species, and moderate spatial resolution can reduce class 

separability. In this context, machine learning algorithms such as Random Forest (RF), Support 

Vector Machine (SVM), and Classification and Regression Trees (CART) are particularly 

useful for modeling complex, non-linear relationships between environmental variables and 
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vegetation patterns (Pal, 2005; Belgiu & Drăguţ, 2016; Raczko & Zagajewski, 2017). Cloud-

based platforms such as Google Earth Engine further enhance the capacity to integrate multi-

source datasets and conduct large-scale analyses efficiently (Wang et al., 2020; Zhou et al., 

2020; Stromann et al., 2019). 

Species distribution models (SDMs) and ecological niche models (ENMs) extend these 

capabilities by predicting species responses to future climate scenarios. By linking occurrence 

data with environmental variables, these models enable projections of range shifts, 

identification of climate refugia, and support for conservation planning (Fahmi, 2017; Yasin et 

al., 2024; Coleine et al., 2024; Moss et al., 2010; Ludwig et al., 2013). Such approaches are 

particularly important for dominant savanna species such as Acacia seyal, whose ecological 

and socio-economic importance necessitates understanding of its vulnerability under changing 

climatic conditions (Price et al., 2013; Rajasugunasekar et al., 2023; Yasin et al., 2024). 

Despite these advances, significant gaps remain, particularly in long-term, integrated 

assessments of climate variability, land-use change, and vegetation dynamics in dryland 

ecosystems such as those in Sudan (Abuelbashar et al., 2022; Fahmi, 2017; Lu et al., 2023; 

Musa et al., 2024). Furthermore, limited integration of ecological, socio-economic, and policy 

perspectives constrains the development of effective adaptation strategies (Hemida et al., 2023). 

This study addresses these gaps by integrating climate analysis, remote sensing, field-

based ecological data, machine learning, and species distribution modeling to assess the 

combined impacts of climatic variability and anthropogenic pressures on Sudanese savanna 

ecosystems. The findings provide a scientifically robust basis for conservation planning, 

adaptive management, and policy development aimed at enhancing ecosystem resilience under 

current and future climate scenarios. 

1.2. Problem statement and research rationale 

Sudan’s savanna ecosystems are increasingly threatened by the combined effects of 

climate variability and anthropogenic land-use pressures. These dryland forests and woodlands 

provide essential ecological, social, and economic services, including carbon sequestration, soil 

stabilization, livestock forage, and biodiversity conservation (Musa et al., 2024; Yasin et al., 

2024; Glover & Elsiddig, 2012). However, rising temperatures, erratic rainfall, prolonged 

droughts, and increasing frequency of extreme climatic events are altering vegetation structure, 

species composition, and regeneration processes. Climate-sensitive species, such as Acacia 

seyal, are particularly vulnerable to these changes (IPCC, 2007a; Fahmi, 2017; Yasin et al., 

2025). 
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These climatic stressors are further intensified by human-induced pressures, including 

deforestation, agricultural expansion, overgrazing, and uncontrolled fires, leading to habitat 

fragmentation, soil degradation, and declining ecosystem functionality (Musa & Sahoo, 2023; 

Abuelbashar et al., 2022; Glover & Elsiddig, 2012). 

Despite the increasing severity of these threats, biodiversity monitoring and 

management systems in Sudan remain limited. There is a lack of systematic long-term 

ecological monitoring, insufficient understanding of species regeneration dynamics, and limited 

capacity to assess the vulnerability of dominant savanna species under current and future 

climate scenarios (IPCC, 2007b; IPCC, 2013; Musiyiwa et al., 2014; Simba et al., 2012). 

Consequently, conservation strategies often lack a strong scientific basis for prioritizing 

intervention areas and designing adaptive management approaches that simultaneously address 

climatic and anthropogenic pressures. 

Advances in remote sensing and machine learning offer significant opportunities to 

address these challenges. However, their application in Sudan remains limited and fragmented. 

Few studies have integrated long-term climate analysis, land use/land cover (LULC) 

assessment, field-based ecological data, species distribution modeling, and predictive mapping 

within a unified analytical framework. As a result, critical information on spatial vulnerability 

patterns, climate-sensitive species, and priority areas for conservation and restoration remains 

limited. 

A major knowledge gap also exists in understanding the regeneration dynamics and 

climate sensitivity of dominant savanna species. Limited insight into how species respond to 

temperature increases, altered precipitation regimes, and anthropogenic disturbances constrains 

the development of effective adaptation strategies (Jensen, 2009; Coleine et al., 2024; Musa et 

al., 2024; Yasin et al., 2025). Furthermore, predictive modeling of species distributions under 

future climate scenarios remains scarce in Sudan, despite its importance for identifying 

vulnerable populations, potential climate refugia, and suitable areas for restoration (Kim & 

Kaluarachchi, 2009; Ludwig et al., 2013; Taye et al., 2011). 

The absence of comprehensive and integrative studies that simultaneously address 

climate variability, land-use change, vegetation dynamics, and predictive modeling represents 

a critical limitation for evidence-based conservation in Sudan. To address this gap, this study 

develops an integrated, multi-scale framework that combines long-term climate analysis, land 

use/land cover assessment, field-based vegetation studies, species mapping, and predictive 

modeling of future habitat suitability. This approach provides a robust scientific foundation for 

adaptive management, informed policy development, and community-based conservation 
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strategies aimed at enhancing ecosystem resilience, conserving biodiversity, and sustaining 

ecosystem services under ongoing and future climate change (Yasin et al., 2024; Musa et al., 

2024; Rajasugunasekar et al., 2023). 

1.3. General Objective 

The general objective of this study is to understand and predict the combined impacts of 

climatic variability and anthropogenic pressures on savanna ecosystems in Sudan by integrating 

climate analysis, land use/land cover dynamics, field-based ecological assessment, and 

geospatial machine learning approaches. 

1.4. Specific Objectives 

1. To analyze the long-term climatic variability, trends, and drought patterns in savanna 

woodlands of southeastern Sudan. 

2. To assess the spatio-temporal land use/land cover (LULC) changes and their interactions 

with climatic variability. 

3. To evaluate the changes in woody species composition, diversity, and regeneration in 

response to climatic variability and anthropogenic pressures. 

4. To map the dominant tree species using multi-source remote sensing data and machine 

learning approaches. 

5. To model and predict the current and future potential distribution of Acacia seyal 

(Delile) under different climate change scenarios. 

1.5. Research Questions 

1. How have climatic variability, long-term trends, and drought dynamics evolved in 

Sudanese savanna ecosystems? 

2. What are the spatio-temporal patterns of land use/land cover (LULC) change, and how 

are they influenced by climatic variability? 

3. How do climatic variability and anthropogenic pressures influence woody species 

composition, diversity, and regeneration? 

4. How accurately can machine learning and multi-source remote sensing data map 

dominant tree species? 

5. How will climate change affect the future distribution of Acacia seyal (Delile)? 

1.6. Research Hypotheses 

1. Sudanese savanna ecosystems have experienced significant warming, increased rainfall 

variability, and intensified drought conditions over recent decades. 
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2. Land use/land cover (LULC) changes in savanna ecosystems are primarily driven by the 

interaction between climatic variability and anthropogenic pressures. 

3. Woody species composition, diversity, and regeneration decline significantly under 

increasing climatic stress and human disturbance. 

4. Machine learning approaches can achieve high classification accuracy in mapping dominant 

tree species using multi-source remote sensing data. 

5. Climate change will reduce the extent of suitable habitats for Acacia seyal in arid regions 

while shifting suitability toward relatively more mesic areas. 

1.7. Dissertation structure 

This dissertation is organized into five interrelated chapters, each contributing to a 

comprehensive assessment of climate variability, drought dynamics, land-use change, and 

savanna ecosystem responses in Sudan. 

1. Introduction: This chapter provides the background on climate variability, land-use 

dynamics, and savanna ecosystem processes in Sudan. It defines the research problem, 

objectives, research questions, hypotheses, and overall study rationale. 

2. Literature Review: This chapter presents a critical review of existing literature on climate 

change, drought assessment, land use/land cover (LULC) dynamics, savanna ecology, remote 

sensing applications, and species distribution modeling. It identifies key knowledge gaps that 

justify the study. 

3. Research Methodology: This chapter describes the research design, data sources, and 

analytical methods used in the study. It includes approaches for climate variability analysis, 

drought assessment, LULC classification, mapping of dominant tree species, and species 

distribution modeling using geospatial and Machine Learning techniques. 

4. Results and Discussion: This chapter presents and interprets the results of the study, 

including climate variability and drought trends, land-use dynamics, woody species 

composition and regeneration, mapping of dominant tree species, and the current and future 

distribution of Acacia seyal. 

5. Conclusion and Recommendations: This chapter synthesizes the key findings of the study 

and provides recommendations for sustainable savanna management, biodiversity 

conservation, and climate change adaptation strategies in Sudan. 
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2. LITERATURE REVIEW 

This chapter synthesizes current scientific knowledge on Sudanese savanna ecosystems, 

with a particular focus on the interactions among climate variability, land use/land cover 

(LULC) change, vegetation dynamics, and advanced monitoring and modeling approaches. It 

integrates ecological, climatic, and geospatial perspectives to provide a coherent understanding 

of the processes driving ecosystem transformation. 

Particular emphasis is placed on recent advances in remote sensing, machine learning, 

and species distribution modeling, as well as their application in assessing vegetation change 

and predicting future habitat dynamics. The chapter also examines sustainable management and 

climate adaptation strategies within a socio-ecological context. 

Importantly, this review identifies critical gaps in existing research, particularly the lack 

of integrated, spatially explicit frameworks that simultaneously link climate variability, LULC 

dynamics, and species-level responses. Addressing this gap constitutes the central focus and 

scientific contribution of the present study. 

2.1. Ecology, Structure, and Functional Dynamics of Sudanese Savanna Ecosystems  

Sudan’s savanna ecosystems are among the country’s most ecologically and socio-

economically significant biomes, forming a transitional zone between the arid northern deserts 

and the humid southern tropical forests (Harrison & Jackson, 1958; Fahmi, 2017). These 

landscapes consist of heterogeneous mosaics of grasses interspersed with scattered woody 

species, shaped by interactions among rainfall gradients, soil fertility, fire regimes, and long-

term human land use (Siddig et al., 2018; Musa & Sahoo, 2023; Yasin & Mulyana, 2022). 

Species distributions closely follow precipitation patterns: northern savannas are dominated by 

drought-tolerant grasses and shrubs, whereas southern mesic zones support taller woody 

canopies characterized by key species such as Acacia seyal, Combretum hartmannianum, and 

Anogeissus leiocarpus (Gurashi et al., 2024b; Ibrahim & Osman, 2014; Musa et al., 2024). 

Ecologically, Sudanese savannas provide a wide range of essential ecosystem services, 

including biodiversity conservation, grazing resources, non-wood forest products, fuelwood, 

soil stabilization, hydrological regulation, and carbon sequestration (Abuelbashar et al., 2022; 

Agustino et al., 2011; Yasin et al., 2022). Unlike closed-canopy tropical forests, savanna 

ecosystems are characterized by a discontinuous tree layer interspersed with dense herbaceous 

vegetation (Harrison & Jackson, 1958; Yasin et al., 2024). Structural attributes such as tree 

density, canopy height, and crown architecture vary along precipitation gradients, influencing 
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microclimate regulation, light availability, nutrient cycling, and understory composition 

(Ibrahim et al., 2014; Gurashi et al., 2024a; Fahmi, 2017). 

Woody species composition in Sudanese savannas reflects interactions among soil 

properties, disturbance regimes, and water availability (Mohammed et al., 2021a; Mohammed 

et al., 2021b; Musa et al., 2024). Dry savannas are typically dominated by drought- and fire-

tolerant leguminous species, particularly Acacia spp., whereas mesic savannas support a more 

diverse assemblage of deciduous broad-leaved species. This compositional variation enhances 

structural and functional heterogeneity, contributing to ecosystem resilience (Siddig et al., 2018; 

Gurashi et al., 2024a). Key adaptive traits, including deciduousness, thick bark, and strong 

resprouting capacity, enable woody species to persist under recurrent fire, herbivory, and 

drought stress (Mohammed et al., 2021a; Abuelbashar et al., 2022). 

Regeneration processes in Sudanese savannas are episodic and strongly dependent on 

rainfall variability, with seedling recruitment occurring primarily during favorable wet periods 

(Musa et al., 2024; Fahmi, 2017). Fire and grazing may either constrain or facilitate 

regeneration by modifying competitive interactions, soil conditions, and seedling survival 

(Yasin et al., 2025; Musa & Sahoo, 2023). Dominant tree species exhibit high regenerative 

plasticity, supporting long-term population persistence and contributing to ecosystem resilience 

under combined climatic and anthropogenic pressures (Gurashi et al., 2024b; Abuelbashar et 

al., 2022). 

Biodiversity patterns across Sudanese savannas are spatially heterogeneous and closely 

aligned with environmental gradients and land-use intensity (Siddig et al., 2018; Musa et al., 

2024). Species richness generally increases from arid to mesic zones, corresponding to higher 

primary productivity and greater habitat complexity (Mohammed et al., 2021a; Yasin & 

Mulyana, 2022). Nevertheless, even species-poor dry savannas support specialized flora and 

fauna that perform essential ecological functions and contribute to ecosystem stability 

(Abuelbashar et al., 2022; Coleine et al., 2024). The characteristic grass–woody mosaic sustains 

trophic interactions, nutrient cycling, and resilience to climatic variability, thereby maintaining 

key ecosystem services (Fahmi, 2017; Musa & Sahoo, 2023). 

Although the ecological structure and functional importance of Sudanese savannas are 

well established, quantitative and spatially explicit assessments of vegetation structure, species 

composition, and regeneration dynamics across environmental gradients remain limited. This 

limitation constrains the ability to accurately evaluate ecosystem responses to combined 

climatic variability and anthropogenic pressures. Improving understanding of these dynamics 

is therefore critical for biodiversity conservation, sustainable land management, and climate 
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change adaptation. Effective management strategies require the integration of field-based 

observations with remote sensing, advanced analytical techniques, and socio-ecological 

knowledge to inform restoration planning, sustainable grazing management, and climate-

resilient forestry practices (Yasin et al., 2024; Musa et al., 2024; Abuelbashar et al., 2022). 

Given their multifunctional role, savanna ecosystems lie at the nexus of ecological stability, 

rural livelihoods, and climate resilience, underscoring the need for coordinated, adaptive, and 

evidence-based management approaches. 

2.2. Historical and Projected Climate Impacts on Savanna Ecosystems 

Savanna woodlands of Sudan are highly sensitive to climate variability and long-term 

changes in temperature and precipitation, which strongly influence ecosystem structure, species 

composition, and productivity (Fahmi, 2017; D'Odorico & Bhattachan, 2012; Yasin et al., 

2024). Historical climate records indicate substantial interannual and decadal fluctuations in 

rainfall, characterized by recurrent droughts interspersed with episodic wet years that have long 

shaped vegetation dynamics and resource availability (Fahmi, 2017; Musa & Sahoo, 2023). 

Over recent decades, rising temperatures, particularly in semi-arid and dryland zones, have 

increased evapotranspiration rates, soil moisture deficits, and water stress on both herbaceous 

and woody species (Price et al., 2013; Coleine et al., 2024). These changes directly affect tree 

growth, recruitment, and mortality, with pronounced impacts on drought-sensitive species such 

as Acacia seyal (Yasin et al., 2025; Lu et al., 2023). 

Quantitative assessments using drought and hydroclimatic indices, including the 

Standardized Precipitation Index (SPI), Standardized Precipitation Evapotranspiration Index 

(SPEI), Palmer Drought Severity Index (PDSI), and soil moisture anomalies, reveal an 

increasing frequency and intensity of dry periods over the past 50–75 years (D’Odorico & 

Bhattachan, 2012; Fahmi, 2017). These hydroclimatic extremes drive shifts in species 

dominance, reductions in woody cover, and changes in understory composition (Smith et al., 

2019; Coleine et al., 2024). Prolonged droughts constrain seedling establishment, increase 

mortality of shallow-rooted species, and favor resprouting and drought-adapted taxa, thereby 

reinforcing selective pressures that shape community composition (Abuelbashar et al., 2022; 

Musa et al., 2024). The combined effects of warming and increasingly irregular rainfall 

highlight the need for adaptive management strategies in dryland ecosystems. 

Observed impacts of climate change across Sudanese savannas include altered 

phenological patterns, shifts in species distributions, and increased susceptibility to invasive or 

opportunistic species (Coleine et al., 2024; Lu et al., 2023; Rajasugunasekar et al., 2023). For 
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example, Acacia seyal is projected to experience range contraction under future warming 

scenarios, whereas some Combretum species exhibit greater tolerance to temperature extremes 

(Yasin & Mulyana, 2022; Yasin et al., 2024). Multi-temporal remote sensing analyses have 

documented declines in tree cover in regions experiencing severe hydroclimatic stress, 

particularly where land-use pressures amplify climatic impacts, illustrating the synergistic 

effects of climate variability and anthropogenic disturbance (Wang et al., 2020; Wang et al., 

2024). 

Climate–vegetation modeling approaches, including statistical methods (e.g., 

Generalized Linear Models and Generalized Additive Models) and machine learning–based 

species distribution models (SDMs), provide robust frameworks for quantifying and projecting 

ecosystem responses to climate change (Bishop & Nasrabadi, 2006; Cortes & Vapnik, 1995; 

Praticò et al., 2021; Smith et al., 2019; Yasin et al., 2025). By integrating temperature, 

precipitation, soil moisture, and other bioclimatic variables, these models identify key drivers 

of species distributions, project future habitat suitability under different climate scenarios, and 

support evidence-based adaptive management (Yasin et al., 2024; Coleine et al., 2024; Price et 

al., 2013). 

Vulnerability assessments reveal substantial variation in species sensitivity, adaptive 

capacity, and exposure to climate stress across savanna types (D'Odorico & Bhattachan, 2012; 

Yasin et al., 2025; Wang et al., 2024). Dryland and semi-arid savannas are particularly 

vulnerable due to limited water availability, shallow soils, and the strong dependence of local 

communities on ecosystem services (Fahmi, 2017; Musa & Sahoo, 2023; Osewe et al., 2024). 

In contrast, mesic savannas exhibit comparatively higher resilience, supported by greater 

species richness, structural complexity, diverse regeneration strategies, and fire-adapted traits 

(Abuelbashar et al., 2022; Mohammed et al., 2021a; Musa et al., 2024). These differences are 

critical for identifying climate refugia and prioritizing conservation and management 

interventions. 

Advances in remote sensing and cloud-based platforms, such as Google Earth Engine, 

have transformed the monitoring of vegetation responses across spatial and temporal scales 

(Gorelick et al., 2017; Zhou et al., 2020). Multi-temporal datasets from Landsat, Sentinel, and 

MODIS enable the tracking of canopy cover changes, phenological shifts, and drought-induced 

vegetation stress (Huete et al., 2002; Tucker, 1979; Smith et al., 2019). Machine learning 

algorithms, including Random Forest and Support Vector Machine, have proven effective in 

classifying vegetation types, mapping degradation patterns, and predicting species vulnerability 

under future climate scenarios (Pal, 2005; Belgiu & Drăguţ, 2016; Cortes & Vapnik, 1995; 
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Halldorsson et al., 2003; Praticò et al., 2021; Raczko & Zagajewski, 2017; Sabat-Tomala et al., 

2020). 

Despite these advances, integrated and spatially explicit assessments that 

simultaneously link long-term climate variability, vegetation dynamics, species-level 

responses, and predictive modeling remain limited in Sudanese savanna ecosystems. This gap 

constrains the ability to accurately assess ecosystem vulnerability and to design targeted, 

climate-informed management strategies. Addressing this limitation requires the integration of 

long-term climatic datasets, remote sensing observations, field-based ecological data, and 

predictive modeling approaches within a unified analytical framework. 

Overall, climate variability and long-term climatic changes pose substantial challenges 

to Sudanese savanna ecosystems by altering species distributions, forest structure, and the 

provision of ecosystem services (Fahmi, 2017; Yasin et al., 2025; Coleine et al., 2024). 

Integrating long-term climate observations, remote sensing, and predictive modeling offers a 

comprehensive framework for understanding ecosystem responses and anticipating future 

change. Enhancing savanna resilience will require adaptive land-use planning, strengthened 

community engagement, and targeted conservation interventions to mitigate the impacts of 

drought, temperature extremes, and land degradation, thereby ensuring the long-term 

sustainability of these ecologically and socio-economically vital ecosystems (Musa & Sahoo, 

2023; Wang et al., 2024; Osewe et al., 2024; Rajasugunasekar et al., 2023). 

2.3. Drivers, Impacts, and Modeling of Land Use/Land Cover Dynamics in Savannas 

Land use/land cover (LULC) change represents one of the most influential drivers of 

ecological transformation in Sudanese savanna ecosystems, with profound implications for 

forest structure, biodiversity, and ecosystem service provision (Musa & Sahoo, 2023; Yasin & 

Mulyana, 2022; Abuelbashar et al., 2022). Anthropogenic pressures, particularly agricultural 

expansion, overgrazing, urbanization, and unsustainable logging, have historically fragmented 

dryland forests, accelerated the degradation of key woody taxa such as Acacia seyal and 

Combretum spp., and altered vegetation composition and stand structure (Glover & Elsiddig, 

2012; Musa et al., 2024). These land-use pressures are increasingly compounded by climatic 

stressors, as recurrent drought events reduce regeneration capacity and increase mortality rates, 

thereby heightening ecosystem vulnerability to further degradation and land conversion (Fahmi, 

2017; Smith et al., 2019; Coleine et al., 2024). 

Socio-economic drivers play a central role in shaping LULC dynamics across Sudanese 

savannas. Rapid population growth, strong dependence on forests for fuelwood and non-wood 
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forest products, and the intensification of agricultural activities exert sustained pressure on 

natural landscapes (Osman et al., 2023; Yasin et al., 2022; Yasin et al., 2025). Selective 

harvesting practices disproportionately target commercially valuable or easily accessible 

species, resulting in reduced forest carbon stocks and disrupted ecosystem functioning (Yasin 

et al., 2022; Musa & Sahoo, 2023). The expansion of mechanized and rainfed agriculture 

preferentially affects fertile lowland areas, while extensive pastoral systems alter herbaceous 

cover and suppress seedling recruitment, further constraining forest recovery processes (Arfat, 

2010; Glover & Elsiddig, 2012; Tolessa et al., 2017). Collectively, these pressures drive 

biodiversity loss, reduce habitat connectivity, and threaten the persistence of endemic and 

specialist species adapted to savanna ecosystems (Siddig et al., 2018; Musa et al., 2024). 

Advances in remote sensing technologies have substantially improved the capacity to 

map LULC dynamics and assess their ecological consequences across multiple spatial and 

temporal scales (Gorelick et al., 2017; Wang et al., 2020; Yasin et al., 2024). Multi-temporal 

satellite datasets from Landsat, Sentinel, and MODIS platforms enable robust detection of 

deforestation, forest degradation, and vegetation regrowth across heterogeneous savanna 

landscapes (Lu & Weng, 2007; Tesfaye et al., 2024). The integration of optical and radar 

imagery further enhances classification accuracy, particularly for spectrally similar land-cover 

classes such as shrublands and sparse woodlands (Stromann et al., 2019; Torres et al., 2012). In 

parallel, machine learning algorithms, including Random Forest and Support Vector Machine, 

consistently outperform traditional pixel-based and unsupervised approaches, providing more 

reliable and precise LULC classifications (Belgiu & Drăguţ, 2016; Cortes & Vapnik, 1995; 

Halldorsson et al., 2003; Pal, 2005; Raczko & Zagajewski, 2017; Sabat-Tomala et al., 2020). 

The conversion of forested savannas into croplands or degraded shrublands has far-

reaching ecological consequences. These transitions reduce canopy cover and litter inputs, 

increase soil compaction, impair seedling establishment, and facilitate the spread of invasive 

species, ultimately undermining ecosystem productivity and resilience (FAO, 2010; 

MacDicken, 2015; Zewdie & Csaplovics, 2016; Lin et al., 2020; Yasin et al., 2022). Changes 

in herbaceous biomass and fuel loads also modify fire regimes, often increasing fire frequency 

and intensity, which further reshapes species composition and ecological feedback processes 

within savanna systems (Smith et al., 2019; Coleine et al., 2024). Long-term LULC changes 

documented in central Sudanese savannas reveal declines in biodiversity indices and 

pronounced shifts in woody species dominance, characterized by the retreat of mesic species 

and the persistence of drought-tolerant taxa (Musa et al., 2024; Yasin et al., 2024). 
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To anticipate future trajectories of land transformation, LULC modeling increasingly 

employs hybrid approaches such as Cellular Automata–Artificial Neural Networks (CA–ANN), 

which integrate spatial dynamics with predictive modeling under varying socio-economic and 

climatic scenarios (Tesfaye et al., 2024; Tripathi & Verma, 2024). These models explicitly 

incorporate spatial autocorrelation, neighborhood effects, and policy-driven constraints, 

enabling realistic simulations of transitions among land-cover classes (Guo et al., 2023; 

Abbasnezhad et al., 2023; Zhang et al., 2017). By combining satellite-derived LULC data with 

field inventories and socio-economic drivers, CA–ANN frameworks generate robust 

projections of forest loss, potential regeneration zones, and vulnerability hotspots, thereby 

supporting evidence-based land management and conservation planning (Abuelbashar et al., 

2022; Haq et al., 2024; Musa et al., 2024). 

Beyond structural changes, deforestation and land conversion exert cascading effects on 

ecosystem processes, including pollination, seed dispersal, and trophic interactions (Musa et 

al., 2024; Osewe et al., 2024; Siddig et al., 2018). Habitat fragmentation reduces connectivity 

among forest patches, constraining gene flow and increasing extinction risk for specialist 

species (Siddig et al., 2018; Guiller et al., 2023; Peacock, 2025). Concurrently, canopy loss 

exacerbates soil moisture depletion, intensifying the impacts of rising temperatures and 

increasingly erratic rainfall patterns (Fahmi, 2017; Smith et al., 2019). 

Integrating remote sensing, machine learning, and predictive modeling provides a 

comprehensive framework for monitoring LULC dynamics and disentangling their drivers, 

ecological impacts, and future trajectories (Gorelick et al., 2017; Praticò et al., 2021; Wang et 

al., 2020; Yasin et al., 2024). This integrative approach supports conservation prioritization, 

sustainable land-use planning, and adaptive management strategies that balance ecosystem 

resilience with livelihood security (Musa & Sahoo, 2023; Osewe et al., 2024; Rajasugunasekar 

et al., 2023). Incorporating socio-ecological data alongside remote sensing outputs ensures that 

both ecological integrity and human well-being are addressed under accelerating environmental 

change (Abuelbashar et al., 2022; Wang et al., 2024). 

Despite these advances, integrated and spatially explicit assessments that 

simultaneously quantify the relative contributions of climatic variability and anthropogenic 

drivers to LULC dynamics, and explicitly link these changes to species-level responses and 

ecosystem degradation pathways, remain limited in Sudanese savannas. This gap constrains the 

ability to identify dominant degradation processes, evaluate ecosystem resilience, and develop 

targeted, climate-informed land management strategies. 
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LULC change therefore represents a critical determinant of savanna sustainability in 

Sudan. A comprehensive understanding of its underlying drivers, ecological consequences, and 

projected trajectories is essential for mitigating biodiversity loss, maintaining forest structure, 

and enhancing ecosystem resilience under ongoing climatic and anthropogenic pressures (Musa 

& Sahoo, 2023; Yasin et al., 2024; Coleine et al., 2024; Yasin et al., 2025). 

2.4. Advances in Remote Sensing and Machine Learning for Vegetation and Species Monitoring 

Remote sensing combined with machine learning has substantially improved vegetation 

and species-level monitoring, particularly in heterogeneous savanna ecosystems where 

pronounced seasonality and structural complexity limit the effectiveness of conventional field-

based assessments (Gorelick et al., 2017; Yasin et al., 2024; Coleine et al., 2024). Multi-

temporal and multi-source satellite observations enable consistent, large-scale quantification of 

vegetation structure, canopy dynamics, and species distributions, providing critical information 

for conservation planning and sustainable forest management (Drusch et al., 2012; Huete et al., 

2002; Persson et al., 2018). In savanna environments, the integration of optical, radar, and high-

resolution imagery has proven particularly effective for detecting subtle variations in canopy 

density, understory structure, and species composition that are otherwise difficult to capture 

(Axelsson et al., 2021; Torres et al., 2012; Wan et al., 2021; Du et al., 2015). 

Satellite platforms such as Sentinel-1 SAR, Sentinel-2 MSI, Landsat, MODIS, and 

WorldView provide complementary capabilities for vegetation monitoring across a range of 

spatial and temporal scales (Lu & Weng, 2007; Stromann et al., 2019; Axelsson et al., 2021). 

Optical sensors offer detailed spectral information related to chlorophyll content, leaf area, and 

canopy condition, whereas radar sensors capture vegetation structure and biomass and are 

largely unaffected by cloud cover, making them particularly valuable in data-scarce or 

persistently cloudy regions (Torres et al., 2012; Drusch et al., 2012; Wan et al., 2021). High-

resolution imagery further supports individual tree crown delineation and fine-scale species 

discrimination, enabling accurate mapping of dominant savanna taxa such as Acacia seyal and 

Combretum spp. (Ferreira et al., 2019; Karlson et al., 2014). 

Despite these advances, species-level classification using medium-resolution sensors 

such as Landsat (30 m) and Sentinel-2 (10–20 m) remains a major challenge, particularly in 

heterogeneous dryland ecosystems. The presence of mixed pixels and strong spectral similarity 

among coexisting savanna species significantly reduces class separability (Fassnacht et al., 

2016; Immitzer et al., 2012; Axelsson et al., 2021). These limitations are further exacerbated in 
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sparsely vegetated environments, where discontinuous canopy cover and background soil 

reflectance introduce additional spectral noise. 

Recent studies further highlight that, although Sentinel-2 improves classification 

performance through higher spatial resolution and the inclusion of red-edge bands sensitive to 

vegetation structure and chlorophyll content, its ability to fully discriminate species with similar 

phenological and structural characteristics remains limited (Drusch et al., 2012; Immitzer et al., 

2012; Axelsson et al., 2021). Even with these improvements, classification accuracy declines 

in heterogeneous dryland environments where spectral similarity and sparse canopy cover 

persist (Fassnacht et al., 2016; Zhong et al., 2024). 

To address these limitations, machine learning approaches, particularly Random Forest 

(RF) and Support Vector Machine (SVM), have been widely applied due to their ability to 

capture non-linear relationships between spectral, temporal, and environmental variables 

(Belgiu & Drăguţ, 2016; Raczko & Zagajewski, 2017). However, challenges remain related to 

class imbalance, mixed pixels, and intra-class variability, which reduce classification reliability 

for rare or less dominant species (Persson et al., 2018; Liu et al., 2021). In addition, most 

existing studies rely on single-date or single-sensor datasets, whereas multi-temporal and multi-

source approaches remain underutilized, particularly in African dryland ecosystems. 

This limitation reveals a critical research gap in developing integrated and scalable 

frameworks that combine multi-temporal satellite data, field observations, and advanced 

machine learning methods to improve species-level mapping accuracy under complex 

environmental conditions. 

Within this context, machine learning algorithms play a central role due to their capacity 

to model complex, non-linear relationships and handle high-dimensional datasets (Belgiu & 

Drăguţ, 2016; Pal, 2005; De’ath & Fabricius, 2000). Random Forest (RF) is widely applied 

because of its robustness to noise, resistance to overfitting, and strong performance with 

imbalanced ecological datasets (Fassnacht et al., 2016; Raczko & Zagajewski, 2017; Fathizad 

et al., 2020). Support Vector Machine (SVM) is particularly effective when training data are 

limited, enabling accurate separation of spectrally similar classes through non-linear decision 

boundaries (Cortes & Vapnik, 1995; Halldorsson et al., 2003; Sabat-Tomala et al., 2020). 

Classification and Regression Trees (CART), while generally less accurate than ensemble-

based approaches, provide interpretable rule-based structures that facilitate understanding of 

species–environment relationships (Breiman et al., 1984; De’ath & Fabricius, 2000; Sesnie et 

al., 2008). 
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The use of multi-temporal datasets substantially enhances species discrimination by 

capturing phenological variability and seasonal dynamics. Time series of vegetation indices, 

such as Normalized Difference Vegetation Index (NDVI) and Soil-Adjusted Vegetation Index 

(SAVI), allow differentiation of species based on growth cycles, leaf flushing, and senescence 

patterns, particularly in environments where spectral overlap is high during peak growing 

seasons (Tucker, 1979; Qi et al., 1994; Huete et al., 2002; Persson et al., 2018). Texture metrics 

derived from high-resolution imagery further improve the delineation of individual trees and 

heterogeneous stands, increasing classification accuracy in structurally complex savannas 

(Ferreira et al., 2019; Karlson et al., 2014). Multi-year analyses also reduce misclassification 

associated with episodic disturbances such as fire and grazing by identifying stable temporal 

signatures (Liu et al., 2021; Praticò et al., 2021). 

Cloud-based platforms, particularly Google Earth Engine (GEE), have significantly 

advanced large-scale vegetation and species monitoring in data-limited regions such as Sudan 

(Gorelick et al., 2017; Wang et al., 2020; Zhou et al., 2020). GEE enables scalable access to 

multi-source datasets, automated preprocessing, and rapid implementation of classification 

workflows, supporting reproducible and transparent analysis of large spatiotemporal datasets 

(Chung et al., 2021; Lee et al., 2016; Stromann et al., 2019). However, field-based observations 

remain essential for training, calibration, and validation, ensuring that remotely sensed 

classifications accurately represent ecological conditions on the ground (Abuelbashar et al., 

2022; Mohammed et al., 2021a; Gurashi et al., 2024a). 

Reliable accuracy assessment and uncertainty evaluation are critical components of 

species-level mapping. Standard metrics, including confusion matrices, producer’s accuracy, 

user’s accuracy, and F1-score, are widely used to quantify classification performance 

(Congalton & Green, 2019; Sabins & Ellis, 2020; Du et al., 2015). Empirical evidence indicates 

that RF and SVM consistently outperform CART and unweighted ensemble approaches, 

particularly for dominant species, whereas ensemble methods may introduce bias under class 

imbalance conditions (Yasin et al., 2025; Axelsson et al., 2021; Raczko & Zagajewski, 2017). 

Persistent challenges, including spectral similarity, seasonal variability, cloud contamination, 

and class imbalance, can be mitigated through multi-temporal data fusion, feature selection, 

and stratified sampling strategies (Fassnacht et al., 2016; Ließ et al., 2012; Hu et al., 2021). 

Recent developments in deep learning, particularly Convolutional Neural Networks 

(CNNs) and hybrid architectures, enable automated feature extraction and improved 

representation of spatial and temporal patterns, enhancing species discrimination in 

heterogeneous landscapes (Zhong et al., 2024; Liu et al., 2021; Xu et al., 2020). However, their 
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application in savanna ecosystems remains constrained by the need for large training datasets, 

high computational requirements, and limited availability of labeled data (Ali et al., 2023; 

Bishop & Nasrabadi, 2006). 

Overall, the integration of multi-temporal, multi-source remote sensing data with 

machine learning algorithms and cloud-based platforms has substantially advanced vegetation 

and species monitoring in savanna ecosystems (Yasin & Mulyana, 2022; Persson et al., 2018; 

Coleine et al., 2024). In this context, the present study addresses key limitations of medium-

resolution imagery by integrating monthly NDVI time series, topographic variables, and 

multiple machine learning classifiers within a Google Earth Engine framework. This approach 

enhances species discrimination, reduces classification uncertainty, and enables robust mapping 

of dominant woody species in Sudanese savanna ecosystems under complex environmental 

conditions. Continued improvements in data availability, algorithm development, and 

computational infrastructure are expected to further enhance species-level monitoring and 

support evidence-based decision-making under accelerating environmental change (Gorelick et 

al., 2017; Wang et al., 2024; Yasin et al., 2025). 

2.5. Modeling Climate–Vegetation Interactions and Species Habitat under Changing Climates 

Understanding climate–vegetation interactions is fundamental for predicting species 

distributions, assessing ecosystem resilience, and informing adaptive management in savanna 

ecosystems characterized by strong climatic gradients and pronounced seasonal variability 

(Fahmi, 2017; Yasin et al., 2024; Coleine et al., 2024). Climate–vegetation modeling integrates 

long-term climate records, satellite-derived vegetation metrics, and field-based observations to 

quantify how variations in temperature, precipitation, and hydroclimatic extremes regulate 

plant growth, phenology, and community composition (Hulme et al., 2001; Conway, 2000; 

D'Odorico & Bhattachan, 2012). In Sudanese savannas, where spatial heterogeneity and sharp 

rainfall gradients prevail, such integrative approaches are particularly important for capturing 

non-linear and spatially variable vegetation responses (Harrison & Jackson, 1958; Musa et al., 

2024; Yasin et al., 2025). 

Statistical modeling frameworks, including generalized linear models (GLMs), 

generalized additive models (GAMs), and regression tree-based approaches, have been widely 

used to characterize species–environment relationships and generate spatially explicit 

predictions of habitat suitability (De’ath & Fabricius, 2000; Vorpahl et al., 2012; Fahmi, 2017). 

These approaches are effective for identifying key climatic drivers and threshold responses, 

particularly where ecological processes follow gradual environmental gradients. However, their 
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ability to capture complex interactions, feedback mechanisms, and non-stationary responses is 

often limited in highly heterogeneous savanna landscapes. 

Machine learning–based species distribution models (SDMs) have therefore emerged as 

powerful alternatives for modeling the distributions of dominant savanna tree species, including 

Acacia seyal and Combretum hartmannianum (Gadalla et al., 2025; Belgiu & Drăguţ, 2016; 

Cortes & Vapnik, 1995). Algorithms such as Random Forest (RF) and Support Vector Machine 

(SVM) effectively capture non-linear relationships and interactions between species occurrence 

and environmental predictors, frequently outperforming conventional statistical approaches in 

predictive accuracy and robustness (Pal, 2005; Raczko & Zagajewski, 2017; Sabat-Tomala et 

al., 2020). Ensemble modeling frameworks, which integrate outputs from multiple algorithms, 

can further improve model stability by reducing algorithm-specific biases and uncertainty (Ali 

et al., 2023; Ramezan et al., 2019; Yasin et al., 2025). Predictor variables typically include 

climate metrics (temperature, precipitation, drought indices), topography, soil properties, and 

remotely sensed vegetation indicators, providing a multidimensional representation of species’ 

realized ecological niches (D'Odorico & Bhattachan, 2012; Haddeland et al., 2012; Fahmi, 

2017). 

Projecting current and future habitat suitability under climate change scenarios is 

essential for anticipating range shifts, identifying vulnerable populations, and prioritizing 

conservation interventions (Solomon, 2007; Moss et al., 2010; Beyene et al., 2010). Coupling 

SDMs with outputs from global climate models (GCMs) under Representative Concentration 

Pathways (RCPs) enables the simulation of species distribution trajectories under alternative 

warming and precipitation regimes (Kim & Kaluarachchi, 2009; Ludwig et al., 2013; Taye et 

al., 2011). Empirical evidence indicates that increasing temperatures and prolonged dry periods 

are likely to reduce suitable habitat for Acacia seyal in northern and central Sudan, while more 

humid southern and eastern regions may retain or expand climatically suitable conditions due 

to higher rainfall and soil moisture availability (Fahmi, 2017; Yasin et al., 2024; Coleine et al., 

2024). Incorporating climate variability, extreme events, and land-use dynamics into predictive 

frameworks improves model realism and enables assessment of cumulative stressors affecting 

savanna ecosystems (Conway, 2000; Nicholson, 2009; Atique et al., 2014). 

Ecological niche modeling (ENM) complements SDMs by distinguishing between 

fundamental and realized niches, identifying climate refugia, and delineating areas of high 

vulnerability under projected climate change (Price et al., 2013; Yasin et al., 2024; 

Rajasugunasekar et al., 2023). For Acacia seyal, ENM studies consistently highlight strong 

sensitivity to rainfall seasonality, soil moisture availability, and drought frequency, 
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underscoring the vulnerability of northern populations to prolonged dry conditions and land 

degradation (Abuelbashar et al., 2022; Mohammed et al., 2021a; Yasin et al., 2025). Integrating 

ENMs with remote sensing–derived indices such as NDVI, SAVI, and canopy cover enhances 

spatial precision and facilitates the identification of priority conservation and restoration areas 

(Tucker, 1979; Huete et al., 2002; Persson et al., 2018). 

Uncertainty remains a central challenge in climate–vegetation modeling, arising from 

data limitations, model structure, parameterization choices, and assumptions regarding species’ 

ecological tolerances and dispersal capacities (Hulme et al., 2001; Haddeland et al., 2012; Moss 

et al., 2010). The use of ensemble SDMs, cross-validation techniques, and independent field-

based validation datasets is widely recommended to quantify and reduce predictive uncertainty 

(Ali et al., 2023; Ramezan et al., 2019; Sabat-Tomala et al., 2020). In addition, multi-temporal 

satellite observations improve model performance by capturing intra-annual phenological 

variability, which is particularly pronounced in seasonally dynamic savanna ecosystems 

(Axelsson et al., 2021; Persson et al., 2018; Coleine et al., 2024). 

Climate–vegetation modeling provides actionable insights for ecosystem management 

by identifying vulnerable zones, potential climate refugia, and areas suitable for restoration, 

reforestation, or adaptive grazing management (Yasin et al., 2024; Musa et al., 2023; 

Rajasugunasekar et al., 2023). Integrating model outputs with socio-ecological datasets, 

including land-use patterns and population distribution, further enhances their relevance for 

land-use planning and policy formulation (Wang et al., 2024; Musa et al., 2024; Yasin et al., 

2024). Such integrative frameworks support proactive conservation strategies aimed at 

maintaining biodiversity, ecosystem services, and climate resilience under intensifying climatic 

and anthropogenic pressures. 

Despite these advances, integrated modeling frameworks that explicitly couple climate 

variability, land-use dynamics, and species-level responses within a unified and spatially 

explicit approach remain limited in Sudanese savannas. In particular, few studies 

simultaneously quantify climate-driven habitat shifts, identify climate refugia, and link these 

projections to observed ecological degradation and species dynamics. 

Addressing this gap requires the integration of long-term climate analysis, remote 

sensing–derived indicators, machine learning–based species distribution models, and 

ecological field data within a coherent framework. Such an approach enables more robust 

prediction of ecosystem trajectories and supports evidence-based conservation and climate 

adaptation planning. 
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Climate–vegetation modeling and species distribution analysis therefore provide critical 

insights into the functioning and future trajectories of Sudanese savanna ecosystems (Fahmi, 

2017; Yasin et al., 2024, Yasin et al., 2025; Coleine et al., 2024). The combined application of 

statistical approaches, machine learning–based SDMs, remote sensing data, and ecological 

niche modeling enables a comprehensive assessment of habitat dynamics, vulnerability, and 

adaptive capacity, particularly for keystone species such as Acacia seyal, whose ecological roles 

in nitrogen fixation, forage provision, and landscape stabilization are central to savanna 

resilience (Yasin & Mulyana, 2022; Musa et al., 2024). 

2.6. Sustainable Management and Climate Adaptation Strategies for Sudanese Savannas 

Sudanese savanna ecosystems are highly sensitive to the combined influences of climate 

variability and land-use dynamics, making sustainable forest management and climate 

adaptation strategies essential for maintaining ecosystem functions and services (Fahmi, 2017; 

Musa et al., 2023; Yasin et al., 2024). Alterations in precipitation regimes, rising temperatures, 

and increasing drought frequency strongly regulate species composition, regeneration 

processes, and forest structure across savanna gradients (D'Odorico & Bhattachan, 2012; Price 

et al., 2013; Smith et al., 2019). These climatic pressures are further intensified by 

anthropogenic drivers, including agricultural expansion, overgrazing, and deforestation, which 

accelerate habitat fragmentation, biodiversity loss, and degradation of ecosystem services 

(Abuelbashar et al., 2022; Gibreel et al., 2013; Musa & Sahoo, 2023). The convergence of 

climatic and human-induced stressors highlights the need for adaptive management approaches 

that integrate ecological processes with socio-economic and institutional dimensions to enhance 

savanna resilience (Osewe et al., 2024; Rajasugunasekar et al., 2023; Wang et al., 2024). 

Climate change affects savanna ecosystems through both direct and indirect pathways. 

Direct impacts include changes in tree physiology, phenology, and mortality driven by water 

stress and temperature extremes, while indirect effects arise through altered species 

interactions, fire regimes, and broader ecosystem processes (D'Odorico & Bhattachan, 2012; 

Smith et al., 2019). Dominant species such as Acacia seyal are particularly sensitive to 

prolonged dry periods and soil moisture deficits, which constrain growth, seedling recruitment, 

and long-term population viability (Coleine et al., 2024; Lu et al., 2023; Yasin et al., 2025). 

Shifts toward drought-tolerant or opportunistic species under warming and irregular rainfall 

regimes have been widely reported, often at the expense of less resilient native taxa (Fahmi, 

2017; Musa et al., 2024; Rajasugunasekar et al., 2023). Concurrently, land-use conversion to 

croplands or grazing areas accelerates soil erosion, reduces canopy cover, and disrupts habitat 
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connectivity, compounding climatic stress and amplifying ecosystem degradation (Abuelbashar 

et al., 2022; Glover & Elsiddig, 2012; Musa & Sahoo, 2023). Remote sensing–based 

assessments further indicate declines in carbon stocks and shifts in species composition, with 

cascading effects on key ecosystem services such as nitrogen fixation, forage provision, and 

soil stabilization (Musa et al., 2024; Wang et al., 2020; Yasin & Mulyana, 2022). 

Adaptive forest management strategies are widely recognized as essential for enhancing 

the resilience of Sudanese savannas under increasing climatic and anthropogenic pressures. 

Restoration initiatives, sustainable harvesting practices, and assisted regeneration have been 

shown to maintain structural complexity, biodiversity, and ecosystem functionality when 

appropriately implemented (Hemida et al., 2023; Musa et al., 2024; Yasin et al., 2024). 

Agroforestry systems, including Taungya and intercropping approaches, contribute to soil 

fertility improvement, erosion control, and carbon sequestration while maintaining tree cover 

and supporting livelihood diversification (Hemida et al., 2023; Musa & Sahoo, 2023). Assisted 

natural regeneration, often through enrichment planting of keystone species, facilitates recovery 

of degraded landscapes and enhances ecological resilience, particularly in areas where natural 

recruitment is limited by grazing or drought (Abuelbashar et al., 2022; Mohammed et al., 2021a; 

Yasin et al., 2025). Additional measures, such as controlled grazing, protection of riparian 

forests, and the establishment of ecological corridors, help maintain landscape connectivity, 

supporting gene flow and long-term species persistence (Yasin & Mulyana, 2022; Gurashi et 

al., 2024a; Musa et al., 2024; Yasin et al., 2024). Climate-smart management increasingly 

emphasizes the selection of drought- and heat-tolerant species and the integration of remote 

sensing and machine learning–based monitoring systems to support anticipatory and flexible 

adaptation planning (Coleine et al., 2024; Stromann et al., 2019; Wang et al., 2024). 

Effective implementation of sustainable management strategies depends strongly on 

supportive policy frameworks, institutional capacity, and community participation. In Sudan, 

weak regulatory enforcement, limited monitoring infrastructure, and competing land-use 

demands have historically constrained sustainable forest governance (Siddig et al., 2018; Musa 

& Sahoo, 2023). Participatory management approaches that actively involve local communities 

in planning, conservation, and monitoring have been shown to promote sustainable resource 

use and improve compliance with management regulations (Huber et al., 2023; Gusman & 

Supriyadi, 2024; Djosetro & Behagel, 2024). Community-based forest management programs, 

supported by extension services and climate-risk awareness, enhance local adaptive capacity 

while ensuring more equitable distribution of forest-derived benefits (Hemida et al., 2023; Musa 

et al., 2024; Osewe et al., 2024). Integrating traditional ecological knowledge with modern 
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geospatial monitoring and modeling tools further strengthens the effectiveness and contextual 

relevance of management interventions in heterogeneous savanna landscapes (Naidoo & Hill, 

2006; Yasin & Mulyana, 2022). 

Despite advances in remote sensing, machine learning, and climate–vegetation 

modeling, substantial knowledge gaps remain regarding the coupled effects of climate change 

and land-use dynamics on species responses in Sudanese savannas (Coleine et al., 2024; Smith 

et al., 2019; Yasin et al., 2025). Long-term monitoring data are scarce, particularly for dryland 

species and regeneration processes, limiting the ability to detect gradual or non-linear 

ecological changes (Abuelbashar et al., 2022; Musa et al., 2024). Moreover, the impacts of 

extreme climatic events, including heatwaves, prolonged droughts, and episodic flooding, on 

tree physiology, mortality, and recruitment remain insufficiently quantified (Fahmi, 2017; Lu 

et al., 2023; Price et al., 2013). 

In addition, integrated frameworks that explicitly link climate variability, land-use 

change, species-level responses, and management interventions remain limited in Sudanese 

savannas. This gap constrains the development of targeted, evidence-based adaptation strategies 

and limits the capacity to translate scientific insights into operational forest management and 

policy implementation. 

Addressing these challenges requires integrative research approaches that combine 

socio-ecological systems analysis, climate projections, and spatially explicit modeling to 

support actionable management decisions (Rajasugunasekar et al., 2023; Wang et al., 2024; 

Yasin et al., 2024). Cloud-based platforms such as Google Earth Engine, coupled with machine 

learning techniques, provide scalable solutions for long-term monitoring and predictive 

assessment, enabling adaptive forest management that can respond dynamically to evolving 

climatic and land-use pressures (Gorelick et al., 2017; Stromann et al., 2019; Yasin et al., 2025). 

Overall, the sustainability of Sudanese savanna ecosystems depends on integrative 

strategies that combine climate-smart forest management, community engagement, policy 

support, and science-based monitoring (Hemida et al., 2023; Musa et al., 2023; Yasin et al., 

2024). Strengthening adaptive management, addressing persistent knowledge gaps, and 

leveraging emerging geospatial and modeling technologies are critical for mitigating climate 

and land-use impacts, conserving biodiversity, sustaining ecosystem services, and supporting 

local livelihoods in these vulnerable dryland environments (Musa et al., 2024; Rajasugunasekar 

et al., 2023; Yasin & Mulyana, 2022). 
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3. RESEARCH METHODOLOGY 

3.1 Study Area 

This thesis integrates analyses across three nested spatial scales to comprehensively assess 

climatic variability, forest dynamics, and species distribution within Sudan’s savanna 

ecosystems. Objective 1 focuses on Blue Nile State in southeastern Sudan. Objectives 2–4 are 

conducted within the Elnour Natural Forest Reserve (ENFR) in Blue Nile State, while Objective 

5 is addressed at the national scale across Sudan. The locations of the study areas are presented 

in Fig. 3.1. 

3.1.1 Sudan (Objective 5) 

Sudan, one of the largest countries in Africa, exhibits substantial ecological 

heterogeneity (Fig. 3.4; Appendix A), largely attributable to its broad latitudinal extent and 

pronounced climatic gradients (Berry, 2015). The northern regions are dominated by hyper-arid 

conditions associated with the Nubian and Libyan Deserts, where annual precipitation is 

minimal and summer temperatures frequently exceed 45 °C. In contrast, the southern regions 

experience relatively moderate temperatures and higher annual rainfall (Osman & Ali, 2021). 

These gradients strongly influence savanna ecosystems, tree-species biogeography, and the 

distribution of ecologically important species such as Acacia seyal (Delile). 

The spatial and temporal distribution of rainfall in Sudan is governed primarily by two 

major monsoonal systems. The southwest monsoon, active from May to October, transports 

moist air masses from the Atlantic Ocean and the Congo Basin and generates most of the annual 

rainfall in southern and central Sudan (Alriah et al., 2021). This system is fundamental to the 

productivity and ecological functioning of Sudan’s savanna and agro-ecological zones (Osman 

& Ali, 2021). In contrast, the northeast monsoon, prevailing from November to March, brings 

cool and dry northeasterly winds from the Arabian Peninsula, contributing to arid conditions, 

limited precipitation, and frequent dust storms in northern Sudan (Elagib & Mansell, 2000). 

Superimposed on these seasonal climatic controls, ongoing climate change and 

increased climatic variability, including more frequent ENSO-related anomalies, have 

intensified drought occurrence and wildfire activity (Hamadalnel et al., 2022). These processes 

exert cascading effects on vegetation structure, mortality, regeneration capacity, and species 

distribution patterns. 

Sudan’s environmental heterogeneity is further reflected in a pronounced pedological 

gradient. Sandy soils dominate the northern and west-central regions, clay-rich Vertisols 

characterize much of the central belt, lateritic soils predominate in the south, and fertile alluvial 
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soils occur along the White Nile, Blue Nile, and Main Nile systems, as well as in the Qash, 

Arrahad, and Atbara deltas (SUSIS-ARC, 2016; UNEP, 2020). This transition from hyper-arid 

desert to semi-humid savanna strongly influences vegetation assemblages, biodiversity 

patterns, and species niche boundaries. For example, climate-related stress has been associated 

with increased mortality and reduced regeneration in baobab populations (Osman & Ali, 2021). 

Acacia seyal (Delile) is an ecologically and economically important savanna tree 

species native to Sudan’s dryland woodlands (Darbyshire et al., 2015; Mohamed et al., 2016; 

Siddig et al., 2018). A clear understanding of Sudan’s ecological zonation and climatic 

variability is therefore essential for calibrating and validating species distribution models. This 

biogeographic context strengthens the predictive capacity of the modelling framework used to 

estimate the current and future distribution of Acacia seyal under climate-change scenarios, 

thereby supporting evidence-based conservation and land management. 

3.1.2 Blue Nile State (Objective 1) 

Blue Nile State is located in southeastern Sudan within a transitional zone between the 

arid northern regions and the more humid southern savannas. The region is characterized by a 

tropical savanna climate, with a distinct wet season extending from April to November and a 

dry season from December to March. Annual rainfall is highly variable, generally ranging 

between 300 and 700 mm, with peak rainfall occurring between July and September. 

Temperatures are high during the dry season and often exceed 40 °C, whereas they are relatively 

lower during the rainy season due to increased cloud cover and atmospheric humidity. These 

climatic conditions strongly influence vegetation dynamics, drought occurrence, and ecosystem 

processes across the region. 

3.1.3 Elnour Natural Forest Reserve (ENFR) (Objectives 2–4) 

Objectives 2–4 were conducted in the Elnour Natural Forest Reserve (ENFR), located 

in Blue Nile State, southeastern Sudan, approximately 6 km southeast of El Damazin and about 

3 km east of El Roseires (Fig. 3.1). The reserve lies between 11°48′19″ N and 11°53′30″ N 

latitude and 34°28′47″ E and 34°32′35″ E longitude. 

ENFR was declared a reserved forest on 15 June 1959 and covers approximately 

4,667.17 ha. The reserve was established to protect biodiversity and reduce unsustainable 

resource exploitation, including tree cutting, poaching, and excessive grazing pressure. 
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Fig. 3.1. Maps for the location of Blue Nile State in southeastern Sudan (A) and the location of 

Elnour Natural Forest Reserve (study area) in Blue Nile State (B), as well as the overview of 

Elnour Natural Forest Reserve (C). 

The climate of ENFR is tropical and subcontinental, characterized by humid rainy summers and 

dry winters. Mean temperatures during the coolest months range from approximately 15.62 °C 

in January to 16.41 °C in December, whereas the hottest months, April and May, reach mean 

temperatures of approximately 39.91 °C and 41.48 °C, respectively. Rainfall is strongly 

influenced by moist air masses originating from the South Atlantic and the Congo Basin, with 

limited influence from the Indian Ocean. Annual rainfall ranges between 300 and 700 mm and 

is concentrated between April and November, peaking from July to September. 

According to Harrison and Jackson (1958), ENFR belongs to the low-rainfall woodland 

savanna zone. The reserve supports diverse woody vegetation, comprising 55 woody plant 

species belonging to 36 genera and 18 families (Ibrahim et al., 2014). Dominant species include 

Sterculia setigera Delile, Combretum hartmannianum Schweinf., Acacia seyal (Delile), 

Terminalia brownii Fresen., Terminalia laxiflora Engl., Anogeissus leiocarpus (DC.) Guill. & 

Perr., Balanites aegyptiaca (L.) Delile, Combretum micranthum G. Don, and Lannea fruticosa 

(Hochst. ex A. Rich.) Engl. (Ibrahim and Osman, 2014; Fig. 3.2). 
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Fig. 3.2. Representative dominant woody species of the savanna woodland ecosystem in Elnour 

Natural Forest Reserve (ENFR), Sudan, illustrating key species composition and structural 

diversity. 

The reserve also contains ecologically important and threatened species such as Adansonia 

digitata L., Boswellia papyrifera (Delile) Hochst., Dalbergia melanoxylon Guill. & Perr., 

Grewia spp., Lonchocarpus laxiflorus Guill. & Perr., Piliostigma reticulatum (DC.) Hochst., 

and Xeromphis nilotica (Stapf) Keay (Gibreel et al., 2013; Fig. 3.3).  

 

Fig. 3.3. Representative ecologically important and threatened woody species in the Elnour 

Natural Forest Reserve (ENFR), Sudan, highlighting species of conservation significance and 

their structural characteristics. 
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In addition, the vegetation includes a range of shrub and secondary species, including 

Dichrostachys cinerea, Combretum molle, Ziziphus abyssinica, Acacia mellifera, Acacia 

senegal, Ziziphus spina-christi, and Acacia nubica, which contribute to structural diversity and 

regeneration dynamics within the ecosystem (Fig. 3.4).  

 

Fig. 3.4. Representative ecologically important and threatened woody species in the Elnour 

Natural Forest Reserve (ENFR), Sudan, highlighting species of conservation significance and 

their structural characteristics. 

Topographically, ENFR is generally flat to gently undulating, with shallow depressions 

in the central and northern clay-rich sectors (Fahmi, 2017). The reserve contains two major soil 

groups: dark cracking clay soils, covering approximately 64.2% of the area (2,994.31 ha), and 

sandy loam to gravelly soils, covering the remaining 35.8% (1,672.86 ha). 

ENFR is surrounded by rural communities, including Azaza village, whose inhabitants 

depend on forest resources for firewood, medicinal plants, fruits, fodder, and construction 

materials. The reserve is also used seasonally for livestock grazing, particularly during the dry 

season (March–May), except in areas undergoing active regeneration. These anthropogenic 

pressures represent key drivers of vegetation change and degradation processes within the 

reserve.  

3.2. Analysis of Long-Term Climatic Variability, Trends, and Drought Patterns in Savanna 

Woodlands of Southeastern Sudan (Objective 1) 

This section describes the procedures used to quantify long-term variability in rainfall 

and temperature, detect climatic trends, and characterize drought dynamics in Blue Nile State. 
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The methodological framework includes data acquisition, climatic variability analysis, trend 

detection, drought assessment, and statistical analysis. 

3.2.1. Data collection 

3.2.1.1. Historical Climate Data (1950–2024) 

The analysis period for Objective 1 spans 1950–2024. Monthly rainfall and temperature 

data for the period 1950–2020 were obtained from the Climatic Research Unit Time Series 

dataset (CRU TS v4.x) at a spatial resolution of 0.5°. The dataset was accessed and pre-

processed in Google Earth Engine (GEE), which enables efficient cloud-based management 

and analysis of long-term climate data (Gorelick et al., 2017). CRU TS is widely used in 

hydroclimatic and drought studies due to its long temporal coverage, internal consistency, and 

suitability for trend analysis (Harris et al., 2020). 

To extend the dataset to 2024 and provide recent local context, station observations from 

the Sudan Meteorological Authority were incorporated. These data were used for temporal 

consistency checks, validation of observed trends, and extension of the most recent portion of 

the time series (Pradhan et al., 2024; Xu et al., 2025). This integration ensures both long-term 

consistency and improved reliability of recent climate signals. 

3.2.1.2. Climate Variability and Anomaly Analysis 

Annual and seasonal rainfall and temperature series were derived from the monthly 

records. Climatic anomalies were calculated as deviations from the long-term mean, following 

standard climatological practice (IPCC, 2022; Harris et al., 2020): 

𝐴𝑖 = 𝑋𝑖 − 𝑋̄                                                     (1) 

where 𝐴𝑖is the anomaly in year 𝑖, 𝑋𝑖is the observed value of the climatic variable, and 𝑋̄is the 

long-term mean. 

Interannual variability was quantified using the coefficient of variation (CV), which is 

widely applied in rainfall variability studies in Africa (Wilks, 2011; Asaye et al., 2025; Adane 

& Asmeron, 2025):  

𝐶𝑉 =
𝜎

𝑋̄
× 100                                               (2) 

where 𝜎 is the standard deviation of the climatic variable. 

3.2.1.3. Trend Detection and Magnitude Estimation 

Long-term trends in rainfall and temperature were evaluated using the non-parametric 

Mann–Kendall (MK) trend test (Mann, 1945; Kendall, 1975). The MK test was selected 
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because it does not require normally distributed data, is robust to outliers and missing values, 

and is widely recommended for hydroclimatic time series in semi-arid and data-scarce 

environments (Tegos et al., 2023; Lee et al., 2024). Compared with parametric approaches such 

as linear regression, the MK test provides more reliable detection of monotonic trends in non-

normally distributed environmental datasets. 

To quantify the magnitude of detected trends, Sen’s slope estimator was applied (Sen, 1968): 

𝛽 = median (
𝑋𝑗 − 𝑋𝑖

𝑗 − 𝑖
) , 𝑓𝑜𝑟 𝑗 > 𝑖                         (3) 

Trend significance was evaluated at the 0.05 and 0.01 confidence levels. 

Because the Mann–Kendall test may be influenced by serial autocorrelation, the 

analysis was conducted using aggregated annual, seasonal, and decadal time series to reduce 

the effect of short-term dependence. This limitation is acknowledged but does not affect the 

interpretation of long-term climatic trends. 

3.2.1.4. Drought Indices and Characterization 

Meteorological drought conditions were quantified using the Standardized Precipitation 

Evapotranspiration Index (SPEI) at multiple time scales (1-, 3-, 6-, 9-, 12-, 24-, 36-, and 48 

months). SPEI was selected because it is multi-scalar and incorporates both precipitation 

deficits and temperature-driven evaporative demand, making it particularly suitable for drought 

assessment under climate warming (Vicente-Serrano et al., 2010; Beguería et al., 2014). 

In contrast to indices such as the Standardized Precipitation Index (SPI), which 

considers only precipitation, SPEI includes the effect of temperature through potential 

evapotranspiration (PET), thereby providing a more comprehensive representation of drought 

conditions. 

The climatic water balance used for SPEI calculation is defined as (Thornthwaite, 1948): 

𝐷𝑖 = 𝑃𝑖 − 𝑃𝐸𝑇𝑖                                       (4) 

where 𝑃𝑖is precipitation and 𝑃𝐸𝑇𝑖is potential evapotranspiration. 

PET was estimated using the Thornthwaite method, which requires only temperature 

data and is therefore suitable for data-scarce regions. Despite its simplicity, this method has 

been widely applied in large-scale drought studies across Africa and provides reliable estimates 

for climatic water balance analysis (Tegos et al., 2023). 



30 

 

Drought severity was classified into moderate, severe, and extreme categories based on 

standard SPEI thresholds recommended by the World Meteorological Organization (WMO, 

2023). 

3.2.2. Data analysis 

Initial data extraction and preprocessing were performed in Google Earth Engine (GEE). 

Subsequent statistical analyses were conducted using R (version 4.5.2), Statistica (version 

13.0), and Microsoft Excel. GEE was primarily used for data access, filtering, and spatial 

preprocessing, whereas R and Statistica were used for statistical analysis, trend detection, 

drought characterization, and graphical visualization. 

3.3. Assessment of Spatio-Temporal Land Use/Land Cover (LULC) Changes and Their 

Interaction with Climatic Variability (Objective 2) 

This section describes the methods used to map land use/land cover (LULC), evaluate 

classification accuracy, and quantify spatio-temporal LULC transitions within the Elnour 

Natural Forest Reserve (ENFR). The methodological framework integrates multi-source 

satellite data, field observations, machine learning classification, and change detection analysis 

to ensure a robust and reproducible assessment of landscape dynamics (Fig. 3.5). 

3.3.1. Data collection and Preprocessing  

The methodological workflow adopted in this study is illustrated in Fig. 3.5. Landsat 

imagery provides a consistent long-term archive suitable for historical LULC analysis, whereas 

Sentinel-2 imagery offers higher spatial resolution that improves the detection of fine-scale 

vegetation patterns in recent years (Qu et al., 2021). In this study, multi-temporal datasets from 

Landsat 5 Thematic Mapper (TM) and Sentinel-2 MultiSpectral Instrument (MSI) were 

obtained from the Google Earth Engine (GEE) open-access data catalogue. Landsat 5 TM 

imagery was used for the years 1995 and 2008, while Sentinel-2 MSI imagery was used for 

2021. 
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Fig. 3.5. Workflow of data collection, preprocessing, classification, accuracy assessment, and 

LULC change detection in Elnour Natural Forest Reserve (ENFR). 

The use of Sentinel-2 for 2021 was justified by its higher spatial resolution (10 m), which 

enhances the discrimination of heterogeneous vegetation structures and improves classification 

accuracy in dryland ecosystems. In contrast, Landsat data (30 m) were used for earlier years 

due to their long historical record and consistency, ensuring temporal comparability across the 

study period. Surface reflectance products were used for all sensors to ensure atmospheric 

correction and radiometric consistency, including Landsat Collection 2 Level-2 and Sentinel-2 

Level-2A datasets. All preprocessing was conducted within the GEE environment to maintain 

methodological consistency across sensors and years. Preprocessing steps included cloud and 

cloud-shadow masking using quality-assurance bands, image filtering based on cloud cover 

thresholds (<20%), geometric correction, and spectral band stacking. 
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To ensure spatial compatibility between datasets, Landsat imagery was resampled to 10 

m to match Sentinel-2 spatial resolution. Although resampling does not increase the intrinsic 

spatial detail of Landsat data, it ensures pixel-level alignment and facilitates integration within 

a unified classification framework. 

The number of cloud-free images retained after filtering varied across reference years 

due to differences in sensor characteristics, revisit frequency, and atmospheric conditions. 

Landsat sensors (TM and OLI) have a revisit interval of 16 days, whereas Sentinel-2 MSI 

provides a higher revisit frequency (5–10 days), resulting in a greater number of available 

observations in recent years. In addition, interannual variability in cloud cover and atmospheric 

conditions influenced the number of usable images after quality filtering. Consequently, 

approximately 21 images were used for 1995, 23 images for 2008, and 45 images for 2021. 

For each reference year, annual median composites were generated using all available 

cloud-free images acquired between 1 January and 31 December. This compositing approach 

reduces noise, minimizes the influence of residual clouds and atmospheric variability, and 

ensures a robust and consistent representation of vegetation conditions for multi-temporal 

comparison (Griffiths et al., 2013; Hermosilla et al., 2015). 

3.3.2. Training and Testing Data for the Classification Algorithm 

Accurate LULC mapping depends on the quality of training data, the representativeness 

of classes, and the reliability of reference information (Griffiths et al., 2013; Idreas, 2015; 

Gorelick et al., 2017). In this study, four LULC classes were defined consistently across all 

years: Bareland, Semi-bareland, Light Forest, and Dense Forest (Table 3.1).  

Table 3.1. Definitions of land use classes used in this study 

No. Land Use Classes Class description 

1 Bareland Areas with no vegetation cover and exposed soil surfaces 

2 Semi-bareland Areas with less than 10% tree-canopy cover 

3 Light Forest Areas with at least 10% but less than 40% tree-canopy cover 

4 Dense Forest Areas with more than 40% tree-canopy cover 

 

These classes were established based on canopy cover thresholds and ecological 

characteristics derived from previous studies (Potapov et al., 2022), supported by field 

observations, expert knowledge, and interpretation of high-resolution imagery in Google Earth 

Pro. Representative field photographs illustrating the structural characteristics of each class are 

provided in Fig. 3.6 to support class interpretation. 
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Fig. 3.6. Representative field photographs of land cover classes in the Elnour Natural Forest 

Reserve (ENFR): (a) Dense Forest, (b) Light Forest, (c) Semi-bareland, and (d) Bareland.  

Two field campaigns were conducted in 2008 and 2021, each providing 229 

georeferenced ground reference samples. These were complemented by 687 samples derived 

from onscreen digitization of high-resolution imagery in Google Earth Pro, a method widely 

recognized for generating reliable training and validation datasets in remote sensing studies 

(Hansen et al., 2008; Phan et al., 2020; de Sousa et al., 2020). This resulted in a total of 916 

samples per reference year. All samples were carefully cross-checked against the corresponding 

satellite imagery and high-resolution reference data to ensure correct class labeling, spectral 

consistency, and internal homogeneity, thereby reducing classification uncertainty. 

Training polygons were deliberately selected to be small, compact, and internally 

homogeneous to minimize spectral mixing and spatial autocorrelation while capturing intra-

class variability. Although LULC classes were partly defined based on canopy cover thresholds, 

homogeneous sampling units were ensured by selecting spectrally uniform patches that clearly 

represent each class. The sampling strategy was aligned with the spatial resolution of the 

imagery after resampling to 10 m, enabling improved discrimination between spectrally similar 

classes such as Bareland and Semi-bareland. All reference samples were visually verified 

against the corresponding year-specific satellite imagery and high-resolution Google Earth 

imagery prior to classification to ensure spatial accuracy and class consistency. 
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For each reference year (1995, 2008, and 2021), independent datasets were prepared to 

avoid temporal bias. Each dataset was split into 70% (641 samples) for training and 30% (275 

samples) for independent validation (Appendix B). To further reduce spatial dependence and 

overfitting, validation samples were randomly distributed and located at least 100 m away from 

training samples, following best-practice recommendations (Hansen et al., 2008). This 

approach ensured robust, independent, and representative datasets for each reference year. 

Consequently, each year was classified using fully independent training and validation datasets, 

ensuring temporal consistency and preventing data leakage between years. 

3.3.3. Classification of Landsat and Sentinel-2 Images  

Supervised classification was performed using the Random Forest (RF) algorithm 

implemented in Google Earth Engine (GEE), which provides advanced non-parametric 

machine-learning approaches for remote sensing applications, including RF, Support Vector 

Machines (SVM), and Classification and Regression Trees (CART) (Lin et al., 2020). RF is 

widely applied in land-use/land-cover (LULC) mapping due to its high predictive accuracy, 

robustness to noise and outliers, and strong resistance to overfitting (Breiman, 2001; Tamiminia 

et al., 2020; Pelletier et al., 2016; Zurqani et al., 2018; Tong et al., 2020). Its effectiveness has 

been demonstrated in multi-source and multi-temporal remote sensing studies, particularly in 

heterogeneous dryland environments. 

The RF algorithm constructs an ensemble of decision trees, where each tree contributes 

a vote to determine the final class label (Breiman, 2001; Fonseka et al., 2019). It requires 

optimization of a limited number of parameters and performs efficiently on large and noisy 

datasets. Its ability to handle high-dimensional data and reduce overfitting enhances its 

reliability for LULC classification tasks (Phan et al., 2020; de Sousa et al., 2020; Ge et al., 

2019). A meta-analysis of more than 300 studies confirmed that RF is the most widely used 

classifier for satellite-based LULC mapping in GEE (Tamiminia et al., 2020). 

To ensure consistency across sensors with different spectral configurations, only 

spectrally comparable bands were selected. For Landsat 5 TM, the selected bands were Blue, 

Green, Red, Near-Infrared (NIR), Shortwave Infrared 1 (SWIR1), and Shortwave Infrared 2 

(SWIR2). For Sentinel-2 MSI, the corresponding bands were B2 (Blue), B3 (Green), B4 (Red), 

B8 (NIR), B11 (SWIR1), and B12 (SWIR2). In total, six spectrally comparable bands were 

used for each sensor, ensuring cross-sensor consistency while effectively capturing vegetation 

structure, chlorophyll content, and moisture conditions. 
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The Normalized Difference Vegetation Index (NDVI) was used as the sole vegetation 

index due to its robustness, simplicity, and proven effectiveness in characterizing vegetation 

dynamics in dryland ecosystems. Additional vegetation indices were not included to avoid 

redundancy and multicollinearity, as NDVI sufficiently captures vegetation greenness and 

productivity for the purposes of this study. 

The RF model was implemented using 100 trees (ntree = 100), while the number of 

variables considered at each split followed the default square-root rule (mtry). These parameter 

settings are widely recommended and provide stable and reliable classification performance 

across different environmental conditions (Ghimire et al., 2012; Fonseka et al., 2019). 

3.3.4. Accuracy Assessment 

The reliability of any thematic LULC map depends on both its overall accuracy and the 

class-specific accuracy of individual land-cover categories (Warrens, 2015). Accuracy 

assessment typically employs several well-established metrics, including overall accuracy 

(OA), producer’s accuracy (PA), and user’s accuracy (UA) (Appendix C). In this study, OA, 

PA, and UA were computed for each reference year, while the kappa coefficient was excluded 

due to its widely documented limitations in reflecting true map reliability (Foody, 2020). 

To provide a more robust class-specific measure of accuracy, the F1-score was also 

calculated, which synthesizes PA and UA into a single metric ranging from 0 to 100% 

(Congalton & Green, 2019). The F1-score for class i was computed as: 

𝐹1𝑖 =
2 × 𝑃𝐴𝑖 × 𝑈𝐴𝑖

𝑃𝐴𝑖 + 𝑈𝐴𝑖
                                                              (5) 

Given ongoing concerns regarding the interpretability and statistical limitations of the 

kappa coefficient in thematic accuracy assessment (Foody, 2020), two complementary 

disagreement metrics, quantity disagreement (QD) and allocation disagreement (AD), were 

incorporated, as proposed by Pontius and Millones (2011). QD quantifies discrepancies 

between observed and predicted class proportions, whereas AD captures differences in the 

spatial allocation of predicted versus observed samples. Together, these metrics provide a more 

nuanced and reliable characterization of classification performance. 

3.3.5. Land Use/Land Cover (LULC) Change Detection 

LULC dynamics were quantified by comparing classified maps across time. The 

proportional change in each LULC category was computed following the approach in (Anand 

and Oinam, 2020) using: 
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𝐶 =
𝐶2 − 𝐶1

𝐶1
× 100                                                             (6) 

where 𝐶1and 𝐶2represent class areas in the baseline and comparison years, respectively. 

Transition matrices were generated to quantify gains, losses, persistence, and class-to-

class conversions. Changes were evaluated for the periods 1995–2008, 2008–2021, and 1995–

2021, thereby capturing both medium-term and long-term landscape dynamics. 

3.3.6. Land Use/Land Cover (LULC) Transition Mapping 

To analyze spatial patterns of change, transition maps and matrices were generated using 

ArcGIS Pro 3.6, following established LULC transformation approaches (Nath et al., 2018; 

Barnieh et al., 2020). Classified maps from 1995, 2008, and 2021 were overlaid to identify 

class-to-class transitions over 13-year and 26-year intervals. This approach enabled a detailed 

assessment of the direction, magnitude, and spatial distribution of land-cover transformations 

within ENFR. 

Overall, the LULC classification framework was designed to ensure cross-sensor 

comparability, temporal independence, and reproducibility. Comparable spectral bands were 

selected across sensors, all samples were verified against year-specific imagery, and each 

reference year was classified using independent training and validation datasets. These steps 

reduced classification uncertainty and improved the reliability and consistency of spatio-

temporal LULC comparisons. 

3.4. Evaluation of Changes in Woody Species Composition, Diversity, and Regeneration under 

Climatic Variability and Anthropogenic Pressures (Objective 3) 

This objective evaluates temporal changes in woody species composition, stand structure, 

diversity, and regeneration status within the Elnour Natural Forest Reserve (ENFR) using 

repeated measurements from a permanent sample-plot network. This approach enables a direct, 

consistent, and reliable assessment of ecological change over time and supports the 

interpretation of vegetation dynamics in relation to climatic variability and anthropogenic 

pressures. 

3.4.1. Data Collection 

The spatial distribution and temporal dynamics of woody species composition, diversity, and 

regeneration were assessed using a network of 229 permanent sample plots established across 

Elnour Natural Forest Reserve (ENFR). Each plot had a radius of 17.84 m, corresponding to an 

area of 1,000 m². The plots were systematically arranged along 18 transects, with a spacing of 
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100 m between adjacent plots and 200 m between transects. This sampling design ensures 

adequate spatial coverage and representation of vegetation heterogeneity within the reserve. 

The permanent plots were first established and surveyed in 2008 and subsequently revisited in 

2021 using identical plot locations and measurement protocols. The use of consistent plot 

locations and standardized field procedures ensures comparability between survey periods and 

allows robust assessment of temporal changes in forest structure and species composition (Fig. 

3.7). 

 

Fig. 3.7. Spatial distribution of sampling plots within Elnour Natural Forest Reserve (ENFR), 

Blue Nile State, Sudan. 

Within each plot, all woody plant species were identified in the field by a professional botanist 

to ensure taxonomic accuracy. Individual plants were classified into three regeneration and 

growth classes based on stem diameter: seedlings (stem diameter < 3 cm), saplings (3 cm ≤ 

stem diameter < 7 cm), and adult trees (diameter at breast height (DBH) ≥ 7 cm) (Mohammed 

et al., 2021a; Yasin and Mulyana, 2022). For seedlings and saplings, diameter was measured at 
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the stem collar due to their small size (Ibrahim and Hassan, 2015; Maua et al., 2020), whereas 

DBH for adult trees was measured at 1.3 m above ground level using calipers. Tree height was 

measured using a Suunto hypsometer following standard forestry procedures (Ouedraogo et al., 

2019; Ibrahim et al., 2018). All plots were georeferenced using a handheld GPS to ensure 

accurate spatial positioning and facilitate consistent relocation during remeasurement. 

3.4.2. Data Analysis 

Field data were analyzed to quantify changes in woody species composition, stand structure, 

diversity, and regeneration status in the ENFR. Initial data processing and organization were 

conducted using Microsoft Excel 2016, while statistical analyses were performed in R (version 

4.5.2) and Statistica 13.0. Descriptive statistics were computed for key structural variables, 

including tree diameter, height, and density. Data normality was assessed using the Shapiro–

Wilk test to ensure the validity of subsequent statistical interpretations. 

The ecological importance of each species was evaluated using the Importance Value Index 

(IVI), which integrates three key structural parameters: Relative Frequency (RF), Relative 

Density (RDe), and Relative Dominance (RDo), following established phytosociological 

approaches (Mohammed et al., 2021a; Ibrahim et al., 2014; Assogbadjo et al., 2010). Frequency 

was calculated as the number of plots in which a species occurred, density as the number of 

individuals per unit sampled area, and dominance as the total basal area contributed by each 

species. Relative values were computed to standardize these measures across species, and IVI 

was derived as the sum of RF, RDe, and RDo. In addition, Relative Abundance (RA) was 

calculated to represent the proportional contribution of each species within the sampled plots, 

although it was not included in the IVI computation (Yasin and Mulyana, 2022; Gurashi et al., 

2024a). 

Regeneration status was assessed based on the population structure of seedlings, saplings, and 

adult individuals. Species were categorized into four regeneration classes: good, fair, poor, and 

no regeneration, following criteria proposed by Maua et al. (2020) and Mohammed et al. 

(2021a). Good regeneration was defined as species with more seedlings than saplings and more 

saplings than adult trees. Fair regeneration included species with more seedlings than saplings 

but fewer saplings than adults. Poor regeneration referred to species represented only by 

saplings and adult individuals, while species recorded exclusively in the adult stage were 

classified as having no regeneration. Seedling, sapling, and adult tree densities were calculated 

by dividing the number of individuals in each class by the total sampled area (Mohammed et 

al., 2021a; Idrissa et al., 2018). 
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Basal area was calculated using standard forestry equations based on diameter at breast height 

(DBH), and these values were used to derive dominance and relative dominance (Ibrahim et al., 

2014; Assogbadjo et al., 2010). Biodiversity was assessed using widely accepted diversity 

indices, including Simpson’s Diversity Index, Shannon–Wiener Diversity Index, Margalef 

Species Richness Index, and species evenness, which together provide complementary 

measures of species diversity, richness, and distribution patterns within the forest community 

(Idrissa et al., 2018; Assogbadjo et al., 2010; Listopad et al., 2018; Ghanbari et al., 2021; Asbeck 

et al., 2021). 

To support ecological interpretation and conservation prioritization, species were further 

categorized based on their Relative Density (RDe) into abundance classes: abundant (RDe ≥ 

5.00), frequent (4.00 ≤ RDe < 5.00), occasional (3.00 ≤ RDe < 4.00), rare (1.00 ≤ RDe < 3.00), 

and threatened (RDe < 1.00), following Ogwu et al. (2016). This classification facilitates the 

identification of dominant, declining, and vulnerable species within the ecosystem. 

Overall, the structural attributes, ecological importance, and diversity of woody species in the 

ENFR were quantified using standard phytosociological and biodiversity metrics. The 

combined application of these indices provides a comprehensive, consistent, and reproducible 

framework for assessing vegetation structure, species composition, and regeneration dynamics 

under changing environmental conditions (Table 3.2). 

Table 3.2. Equations and indices used for calculating stand structure, species importance, and 

biodiversity of woody species in the Elnour Natural Forest Reserve (ENFR). 

Equation  Reference 

Tree basal area (Ba) =  
𝝅(𝑫𝑩𝑯)𝟐

𝟒
 

(Ibrahim and Hassan, 2015) 

Frequency (F) = Number of plots in which a species occurs (Mohammed et al., 2021a) 

Relative frequency (RF) = (
𝑻𝒓𝒆𝒆 𝒔𝒑𝒆𝒄𝒊𝒆𝒔 𝒇𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚

𝑻𝒐𝒕𝒂𝒍 𝒇𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚 𝒇𝒐𝒓 𝒂𝒍𝒍 𝒔𝒑𝒆𝒄𝒊𝒆𝒔
) × 𝟏𝟎𝟎 (Idrissa et al., 2018) 

Dominance (Do) = Total basal area of the species (Ibrahim et al., 2015) 

Relative dominance (RDo) = (
𝑺𝒑𝒆𝒄𝒊𝒆𝒔 𝒅𝒐𝒎𝒊𝒏𝒂𝒏𝒄𝒆

𝑻𝒐𝒕𝒂𝒍 𝒅𝒐𝒎𝒊𝒏𝒂𝒏𝒄𝒆 𝒇𝒐𝒓 𝒂𝒍𝒍 𝒔𝒑𝒆𝒄𝒊𝒆𝒔
) × 𝟏𝟎𝟎 (Ibrahim and Osman, 2014) 

Density (De) = Number of individuals of a species per unit sampled 

area 

(Maua et al., 2020 

) 
Relative Density (RDe) = (

𝑫𝒆𝒏𝒔𝒊𝒕𝒚 𝒐𝒇 𝒂 𝒔𝒑𝒆𝒄𝒊𝒆𝒔

𝑻𝒐𝒕𝒂𝒍 𝒅𝒆𝒏𝒔𝒊𝒕𝒚 𝒇𝒐𝒓 𝒂𝒍𝒍 𝒔𝒑𝒆𝒄𝒊𝒆𝒔
) × 𝟏𝟎𝟎 (Mohammed et al., 2021a) 

Abundance (A) = Number of individuals of a species per sampled 

plots 

(Maua et al., 2020) 

Relative abundance (RA) = (
𝑻𝒓𝒆𝒆 𝒔𝒑𝒆𝒄𝒊𝒆𝒔 𝒂𝒃𝒖𝒏𝒅𝒂𝒏𝒄𝒆

𝑻𝒐𝒕𝒂𝒍 𝒂𝒃𝒖𝒏𝒅𝒂𝒏𝒄𝒆 𝒇𝒐𝒓 𝒂𝒍𝒍 𝒔𝒑𝒆𝒄𝒊𝒆𝒔
) × 𝟏𝟎𝟎 (Mohammed et al., 2021a) 

IVI = Relative frequency + Relative dominance + Relative density (Mohammed, 2019) 
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Simpson’s Species Diversity index (D) = (
𝜮𝒏(𝒏−𝟏)

𝑵(𝑵−𝟏)
)  (Frerebeau, 2019) 

 
Simpson’s Species Diversity index (1-D) = 1-D (Frerebeau, 2019) 

 Margalef species richness index (M) = 
(𝒔−𝟏) 

𝑰𝒏𝑵
 (Gamito, 2010) 

 
Species Evenness Index; EH = H / Hmax = ∑

𝒑𝒊𝒍𝒏(𝒑𝒊)

𝑰𝒏(𝑺)

𝒔

𝒊=𝟏
 

(Okpiliya, 2012) 

 Shannon-Weiner diversity index (H’) = - Σs
i=1 Pi lnPi (Shannon and Weaver, 1949) 

   

3.5. Mapping of Dominant Tree Species Using Multi-Source Remote Sensing Data and 

Machine Learning Approaches (Objective 4) 

This objective integrates field observations and multi-source remote sensing data to map 

dominant woody species in the Elnour Natural Forest Reserve (ENFR) across four reference 

years (2008, 2013, 2018, and 2021). The approach combines multi-temporal satellite imagery, 

ecological field data, and machine learning techniques to produce spatially explicit and 

temporally consistent maps of species distribution. 

3.5.1. Data Collection and Analysis 

Understanding the spatio-temporal dynamics of forest composition and dominant tree 

species requires a structured and reproducible framework integrating remote sensing data, field 

observations, and machine learning classification (Fig. 3.8) (Gorelick et al., 2017; Belgiu and 

Drăguţ, 2016). Data were compiled for four reference years (2008, 2013, 2018, and 2021) to 

capture temporal changes in forest composition under varying environmental and 

anthropogenic conditions. 

The workflow includes remote sensing data acquisition, preprocessing, feature dataset 

construction, classification using multiple machine learning algorithms, feature importance 

analysis, accuracy assessment, and final mapping of dominant tree species. This integrated 

framework ensures methodological consistency, comparability across years, and reproducibility 

of results (Fassnacht et al., 2016; Axelsson et al., 2021). 
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Fig. 3.8. Illustrates the overall workflow of the study, including data collection, preprocessing, 

feature construction, classification (RF, SVM, CART, and ensemble), feature importance 

analysis, and accuracy assessment.  

3.5.2. Remote Sensing Data Collection and Processing 

Satellite imagery was acquired for each reference year to ensure consistent spatial 

coverage of the Elnour Natural Forest Reserve (ENFR). Landsat 5 TM imagery was used for 

2008, Landsat 8 OLI for 2013, and Sentinel-2 MSI for 2018 and 2021. The use of Sentinel-2 

imagery for recent years is justified by its higher spatial resolution (10 m), which improves the 

discrimination of heterogeneous vegetation structures and enhances species separability. In 

contrast, Landsat data were used for earlier years to maintain long-term temporal consistency 

and ensure continuity in multi-temporal analysis (Fassnacht et al., 2016; Persson et al., 2018). 

All available cloud-free images acquired between 1 January and 31 December for each 

reference year were utilized. After quality filtering, approximately 23 images were retained for 

2008, 24 images for 2013, and 45 images for both 2018 and 2021. The variation in the number 

of retained images reflects differences in sensor revisit frequency and atmospheric conditions. 

Landsat sensors have a revisit interval of 16 days, whereas Sentinel-2 provides more frequent 

observations (5–10 days), resulting in a higher number of available images in recent years. 

Additionally, interannual variability in cloud covers influences the number of usable images 

after filtering. This full-year data acquisition approach ensures robust temporal representation 

and effectively captures intra-annual variability in vegetation conditions (Griffiths et al., 2013; 

Hermosilla et al., 2015). 
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All preprocessing was conducted in Google Earth Engine (GEE) using surface 

reflectance datasets (Landsat Collection 2 Level-2 and Sentinel-2 Level-2A), which include 

atmospheric correction. Additional preprocessing steps included cloud and cloud-shadow 

masking using quality assurance (QA) bands, image filtering based on cloud cover thresholds, 

and geometric alignment to ensure consistency across sensors and acquisition dates (Gorelick 

et al., 2017; Wang et al., 2020). 

To characterize vegetation phenology, monthly greenest-pixel composites were 

generated using a Normalized Difference Vegetation Index (NDVI)-based quality mosaic 

approach. For each month, the pixel with the highest NDVI value was selected, representing 

peak vegetation conditions while minimizing the effects of cloud contamination, atmospheric 

noise, and residual shadows (Huete et al., 2002; Belgiu and Drăguţ, 2016; Praticò et al., 2021). 

This process resulted in 12 NDVI layers (NDVI1–NDVI12) per year, effectively capturing 

intra-annual vegetation dynamics. 

To ensure spectral consistency across sensors, only comparable spectral bands were 

used. These included the blue, green, red, near-infrared (NIR), and shortwave infrared bands 

(SWIR1 and SWIR2) from Landsat sensors, along with the corresponding bands (B2, B3, B4, 

B8, B11, and B12) from Sentinel-2. Landsat imagery (30 m spatial resolution) was resampled 

to 10 m to match the spatial resolution of Sentinel-2. This resampling ensured geometric 

compatibility and seamless dataset integration, although it did not increase the intrinsic spatial 

detail of the Landsat data. 

Topographic variables, including elevation, slope, and aspect, were derived from the 

Shuttle Radar Topography Mission (SRTM) digital elevation model at 30 m resolution and 

subsequently resampled to 10 m. These variables were incorporated to represent terrain-driven 

environmental gradients that influence species distribution and habitat variability (Farr et al., 

2007; Sesnie et al., 2008; Smith et al., 2019). 

For each reference year, spectral bands, monthly NDVI layers, and topographic 

variables were combined into year-specific feature datasets. In this study, the term multi-

temporal refers to the integration of intra-annual (monthly) information within each individual 

year, rather than combining multiple years into a single dataset. Consequently, four independent 

feature datasets were generated and classified separately to ensure temporal consistency and 

avoid inter-annual bias (Axelsson et al., 2021; Zhong et al., 2024). 
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3.5.3. Training Samples Collection and Dataset Preparation 

A total of 229 permanent sample plots (1,000 m² each) were used as the primary source 

of training and validation data. These plots were initially established and surveyed in 2008 and 

subsequently revisited in 2013, 2018, and 2021 using identical locations and measurement 

protocols to ensure temporal consistency. 

Within each plot, all woody species were identified by a professional botanist to ensure 

taxonomic accuracy (Abdelrahim, 2015; Abdou et al., 2016). These field data were 

complemented by additional training samples derived from high-resolution Google Earth 

imagery, particularly in areas not accessible during field surveys, thereby improving spatial 

coverage and representativeness (Congalton & Green, 2019; Fassnacht et al., 2016). 

All samples were carefully cross-checked against the corresponding satellite imagery 

for each reference year to ensure spectral consistency, spatial accuracy, and class homogeneity. 

Only homogeneous and clearly identifiable species patches were retained to minimize 

classification uncertainty and mixed-pixel effects. 

Samples were labeled using species codes and organized into year-specific datasets, 

ensuring that each reference year had independent training and validation datasets. A stratified 

sampling strategy was applied to ensure balanced representation of dominant species classes. 

Each dataset was divided into 70% for training and 30% for independent validation, thereby 

ensuring robust and unbiased model evaluation. 

Predictor variables, including spectral bands, monthly NDVI layers, and topographic 

variables, were extracted for each sample using Google Earth Engine, ensuring standardized 

and consistent input data for all classification models (Pal, 2005; Belgiu and Drăguţ, 2016). 

3.5.4. Variable Selection and Feature Importance 

Predictor variables included spectral bands, monthly NDVI layers, and topographic 

variables, representing the combined influence of physiological, phenological, and 

environmental factors on species distribution. The integration of multi-source predictors 

enhances the ability to capture structural and functional variability in dryland forest ecosystems. 

Monthly NDVI variables were particularly important for capturing intra-annual 

vegetation dynamics, thereby improving species discrimination in dryland environments where 

spectral similarity among species is high (Huete et al., 2002; Persson et al., 2018). Topographic 

variables derived from the digital elevation model (DEM), including elevation, slope, and 

aspect, were incorporated to represent environmental gradients influencing soil moisture 

availability, microclimatic conditions, and species composition (Sesnie et al., 2008). 
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Feature importance was evaluated using algorithm-specific approaches. In Random 

Forest (RF), importance was assessed using permutation-based methods that quantify the 

impact of each variable on model performance (Breiman, 2001). In Classification and 

Regression Trees (CART), importance was derived from split frequency and hierarchical 

structure within the decision tree, reflecting the contribution of variables to class separation 

(Breiman et al., 1984). For Support Vector Machines (SVM), sensitivity analysis was applied 

to evaluate the influence of predictor variables on class discrimination (Cortes and Vapnik, 

1995; Ramezan et al., 2019). 

To enhance robustness and reduce algorithm-specific bias, feature importance results 

were compared and aggregated across classifiers using an ensemble approach (James et al., 

2013; Kuhn and Johnson, 2013; Chung et al., 2021). This integrative strategy ensures a more 

consistent and reliable interpretation of variable contributions across study years and supports 

the identification of ecologically meaningful predictors (Zhong et al., 2024). 

3.5.5. Machine Learning Algorithms 

Google Earth Engine provides an integrated platform for supervised classification using 

various machine learning algorithms. In this study, four classification approaches were 

implemented: Random Forest (RF), Support Vector Machine (SVM), Classification and 

Regression Trees (CART), and an ensemble voting approach. 

Random Forest was selected as the primary classifier due to its strong predictive 

performance, robustness to noise, and ability to handle high-dimensional datasets (Breiman, 

2001; Vorpahl et al., 2012; Ließ et al., 2012). Support Vector Machine was included due to its 

effectiveness in non-linear classification using a radial basis function (RBF) kernel (Cortes and 

Vapnik, 1995; Bishop & Nasrabadi, 2006; Chung et al., 2021). CART was applied for its 

interpretability and simplicity (Breiman et al., 1984). 

An ensemble voting approach was implemented to combine predictions from RF, SVM, 

and CART using a majority voting scheme. This approach was included to evaluate whether 

combining classifiers could improve classification robustness and reduce the influence of 

individual model biases under heterogeneous dryland conditions (Ali et al., 2023). 

Hyperparameter tuning was performed for all classifiers using a grid search approach 

combined with stratified k-fold cross-validation (Stromann et al., 2019; Kuhn and Johnson, 

2013). Key parameters included the number of trees and variables per split for Random Forest, 

cost and gamma parameters for SVM, and tree complexity parameters for CART. 
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3.5.6. Accuracy Assessment 

Classification performance was evaluated using independent validation datasets and 

confusion matrix-based accuracy metrics, including overall accuracy (OA), producer’s 

accuracy (PA), user’s accuracy (UA), kappa coefficient, and F1-score. 

Stratified 5-fold cross-validation was applied to ensure robust and unbiased model 

evaluation (Fathizad et al., 2020; Ramezan et al., 2019; Kuhn and Johnson, 2013; James et al., 

2013). Overall accuracy represents the proportion of correctly classified samples, while 

producer’s and user’s accuracy indicate omission and commission errors, respectively. The 

kappa coefficient measures agreement beyond chance, and the F1-score provides a balanced 

measure of classification performance (Praticò et al., 2021; Lu & Weng, 2007; Lee et al., 2016). 

All accuracy metrics were calculated using standard equations to ensure consistency and 

comparability across classifiers and reference years as follow: 

𝑂𝐴 =
1

𝑁
∑ 𝐶𝑖𝑗

𝑛

𝑖=𝑗=1

                                         (7) 

𝑃𝐴 =
𝐶𝑖𝑗

∑ 𝐶𝑗

𝑛

𝑖=𝑗=1

                                          (8)
 

𝑈𝐴 =
𝐶𝑖𝑗

∑ 𝐶𝑖
𝑛
𝑖=𝑗=1

                                    (9) 

𝐹 =
2 × 𝑃𝐴 × 𝑈𝐴

𝑃𝐴 + 𝑈𝐴
                                       (10) 

Kappa =

𝑁 ∑ 𝐶𝑖𝑗

𝑛

𝑖=𝑗=1
− ∑ 𝐶𝑖

𝑛
𝑖=𝑗=1 𝐶𝑗

𝑁2 − ∑ 𝐶𝑖
𝑛
𝑖=𝑗=1 𝐶𝑗

(11)
 

Where 𝑁 is the total number of validation samples, and 𝑛 is the number of classes. 𝐶𝑖𝑗 represents 

the number of samples belonging to reference class 𝑖 and classified as class 𝑗, while 𝐶𝑖𝑖 denotes 

correctly classified samples (diagonal elements of the confusion matrix). 𝐶𝑖+ and 𝐶+𝑖 represent 

the row and column totals, corresponding to the total reference and classified samples for class 

𝑖, respectively. 

Overall, the species-mapping workflow was designed as a set of independent year-specific 

classifications using harmonized spectral bands, monthly NDVI composites, and DEM-derived 

terrain variables. This design ensures temporal consistency, reduces inter-annual bias, and 
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improves the interpretability and robustness of multi-source remote sensing data for dominant 

tree-species discrimination in heterogeneous dryland environments. 

3.6. Modeling and Prediction of the Current and Future Potential Distribution of Acacia seyal 

(Delile) under Climate Change Scenarios (Objective 5) 

This objective model and predicts the current and future habitat suitability of Acacia seyal 

across Sudan using species occurrence records and environmental predictor variables. The 

approach integrates field observations, secondary occurrence data, environmental variables, 

and species distribution modelling to assess spatial patterns and future shifts under climate 

change scenarios. 

3.6.1. Establishing species occurrence records 

Occurrence records for Acacia seyal (Delile) were assembled from multiple complementary 

sources to build a comprehensive distribution dataset (Fig. 3.9). The primary dataset originated 

from field campaigns conducted between August 2022 and March 2023 in Blue Nile, North 

Darfur, North Kordofan, Sinnar, White Nile, West Kordofan, and West Darfur States. During 

field surveys, individual trees were located and opportunistically georeferenced using a 

handheld Garmin GPS receiver. 

Additional presence records were compiled from multiple secondary sources, including the 

National Forest Inventory (NFI) (n = 215; FNC, 2021), the Global Biodiversity Information 

Facility (GBIF; n = 22; https://www.gbif.org; accessed 10 October 2025), and the International 

Union for Conservation of Nature (IUCN; n = 22; http://www.iucnredlist.org; accessed 10 

October 2025). Further occurrence data were obtained from the Faculty of Forestry, University 

of Khartoum (Students’ Working Plans; n = 1,254), as well as from previously published studies 

reporting confirmed occurrences of Acacia seyal (Delile) (n = 275; Gibreel, 2008; FNC, 2021; 

Gamal et al., 2022; Hasoba et al., 2025). After compilation and initial screening, these sources 

yielded a total of 1,988 presence locations for Acacia seyal (Delile). 

All coordinates were converted to decimal degrees and subsequently matched to a 1 × 1 km 

spatial grid to minimize spatial redundancy and reduce the effects of inflated sampling density. 

This grid-based filtering also ensured full compatibility with the environmental predictor 

variables used in the species distribution modelling workflow. The spatial accuracy and 

consistency of each presence record were evaluated using ArcGIS Pro 3.6, and any points 

falling outside Sudan’s geopolitical boundaries were excluded to eliminate errors related to 

mislabelled or inaccurately georeferenced locations. 

https://www.gbif.org/
http://www.iucnredlist.org/
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To further mitigate sampling bias and spatial autocorrelation, the occurrence dataset was 

subjected to spatial thinning using the spThin package in R. A conservative minimum nearest-

neighbour distance of 1 km was applied, ensuring that only spatially independent records were 

retained. Following this filtering procedure, 448 unique and spatially independent presence 

points remained and were used to model habitat suitability for Acacia seyal (Delile) across 

Sudan. The final sample size exceeds standard thresholds for robust species distribution 

modelling, thereby improving model stability, predictive accuracy, and ecological reliability. 

  

Fig. 3.9. Geographic distribution of Acacia seyal (Delile) and ecological zones in Sudan. (a) 

Location of Sudan within Africa; (b) distribution of Acacia seyal occurrence points overlaid on 

major ecological zones (Desert, Semi-desert, Poor Savanna, and Rich Savanna); (c) 

representative field photographs of Acacia seyal stands in the savanna woodlands. 

3.6.2. Environmental predictor variables 

A suite of environmental predictors representing climatic conditions, edaphic characteristics, 

and elevation was assembled to support modelling the potential distribution of Acacia seyal 

(Delile) in Sudan (Appendix B). The climatic component consisted of the full set of 19 

bioclimatic variables, together with elevation, all provided at 30-arc-second resolution (≈1 km²) 

from the WorldClim 2.1 database (https://www.worldclim.org/). These bioclimatic layers are 

derived from long-term interpolations of monthly precipitation and temperature extremes, 

summarizing near-present climate conditions averaged over the period 1970–2000 (Fick and 

Hijmans, 2017). 

https://www.worldclim.org/
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Complementary soil information was obtained from the World Inventory of Soil Emission 

Potentials (WISE) dataset, available through ISRIC’s SoilGrids and linked to the FAO 

Harmonized World Soil Database (https://www.isric.org/explore/wise-databases). The most 

recent WISE products provide globally harmonized estimates of soil properties at 30-arc-

second spatial resolution, offering critical baseline inputs for environmental modelling (ISRIC, 

2016; Batjes, 2016). All spatial layers were clipped to the Sudan boundary using ArcGIS Pro 

3.6 (ESRI, 2025) to ensure consistency across datasets. 

To reduce the influence of redundant predictors and mitigate multicollinearity, a variance 

inflation factor (VIF) analysis was conducted as a screening step prior to model calibration. VIF 

values were computed using R (v.4.4.2), following the standard interpretation that values 

greater than 10 indicate substantial inflation due to linear dependence among predictors 

(Bhandari, 2020; Guisande et al., 2017). Variables exceeding this threshold were flagged for 

exclusion to improve statistical robustness and model interpretability. After assessment, 

predictors with VIF > 7.5 were removed due to strong cross-correlation. This resulted in the 

exclusion of twelve variables: bio1, bio4, bio5, bio6, bio7, bio8, bio9, bio11, bio12, bio13, 

bio16, and bio17. 

The final predictor set for MaxEnt consisted of seven low-correlation variables capturing 

temperature (bio2, bio3, bio10), precipitation (bio14, bio15, bio18, bio19), elevation, and soil 

properties. Based on the model’s relative contribution metrics, this refined set of predictors 

most effectively represented the environmental gradients associated with the distribution of 

Acacia seyal (Delile) (Appendix B). 

3.6.3. Projection of the Future Distribution of Acacia seyal (Delile) under Shared Socioeconomic 

Pathways (SSP) Scenarios 

Future climatic variables used in this study were derived from the CMIP6 climate projection 

framework (Eyring et al., 2016). To capture a representative range of potential future climate 

conditions, two Shared Socioeconomic Pathway (SSP) scenarios, SSP2-4.5 and SSP5-8.5, were 

selected for the periods 2021–2040 (near future) and 2081–2100 (late century). SSP2-4.5 

represents an intermediate stabilization pathway with moderate mitigation efforts, whereas 

SSP5-8.5 reflects a high-emission, fossil fuel–intensive development trajectory (Riahi et al., 

2017). The selection of these contrasting scenarios enables the assessment of species 

distribution responses under both moderate and extreme climate forcing, thereby improving the 

robustness and policy relevance of projections for Acacia seyal (Delile). 

To enhance the reliability of future climate projections, outputs from three CMIP6 global 

climate models (GCMs) were incorporated: HadGEM3-GC31-LL (UK Met Office), MPI-

https://www.isric.org/explore/wise-databases
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ESM1-2-HR (Max Planck Institute), and IPSL-CM6A-LR (Institut Pierre-Simon Laplace). 

These models were selected based on their demonstrated performance and availability of bias-

corrected datasets, which have shown high reliability in previous climate assessments across 

Sudan and the broader East African and MENA regions (Mesgari et al., 2022; Hamadalnel et 

al., 2022; Omay et al., 2023; Babiker et al., 2024). Their inclusion ensures that the analysis 

captures a range of climate sensitivities and structural differences among models. 

To reduce uncertainty associated with individual model outputs, an ensemble mean of the three 

GCMs was calculated. Ensemble averaging is widely recommended in climate impact studies 

as it minimizes model-specific biases and enhances the stability and robustness of projected 

climatic patterns. This approach leverages the complementary strengths of individual models, 

resulting in more consistent and reliable inputs for ecological modelling and species distribution 

projections. 

3.6.4. Modeling procedure and variable contributions 

The MaxEnt framework was adopted in this study due to its well-established performance in 

linking environmental predictors with species occurrence data, as demonstrated by Elith et al. 

(2010), Phillips et al. (2022), and Koreň et al. (2011). MaxEnt is specifically designed for 

presence-only datasets (Elith et al., 2006), making it highly suitable for modelling the realized 

distribution of Acacia seyal (Delile). By integrating observed presence records with spatially 

explicit environmental variables, the algorithm generates robust and reliable estimates of habitat 

suitability (Phillips et al., 2006a; Pearson et al., 2007). A key methodological advantage of 

MaxEnt is its robustness to multicollinearity among predictors; even when strongly correlated 

variables are included, the algorithm reduces their influence internally, thereby mitigating 

overfitting and redundancy during model calibration (Phillips et al., 2006a; Elith et al., 2010). 

Following the variance inflation factor (VIF) assessment, a set of nine environmental predictors 

was retained and combined with the occurrence records of Acacia seyal (Delile). These inputs 

were implemented in MaxEnt version 3.4.4 

(https://biodiversityinformatics.amnh.org/open_source/MaxEnt/; Phillips et al., 2006a). For 

model development, 80% of the occurrence records were randomly allocated for training, while 

the remaining 20% were used for testing and independent validation. The logistic output format 

was selected, as it provides continuous probability values (ranging from 0 to 1) representing 

habitat suitability for each grid cell, which are intuitive for ecological interpretation (Elith et 

al., 2011). Model configuration included 10,000 maximum iterations, 10 replicate runs, a 20% 

test proportion, a 10% training presence threshold, and logistic output settings. The final 

https://biodiversityinformatics.amnh.org/open_source/MaxEnt/
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prediction surface was generated by averaging the outputs of all replicates, thereby reducing 

stochastic variability and improving model stability. 

Model performance was evaluated using the Area Under the Receiver Operating Characteristic 

Curve (AUC) and the True Skill Statistic (TSS) (Duan et al., 2023; Warren et al., 2021). AUC 

is widely applied in species distribution modelling because it assesses the model’s 

discriminatory ability independent of a specific threshold, with values ranging from 0 to 1, 

where 0.5 indicates performance no better than random and 1 represents perfect discrimination 

between presence and absence (Phillips et al., 2006b). However, for presence-only models, the 

maximum achievable AUC is typically less than 1 due to inherent sampling limitations (Elith 

et al., 2011). TSS, derived from the confusion matrix, incorporates both sensitivity (true positive 

rate) and specificity (true negative rate), providing a threshold-dependent and balanced measure 

of model performance. TSS values range from −1 to +1, where values greater than 0 indicate 

predictive performance better than random. 

TSS = Sensitivity (TruePresence) + Specificity (TrueAbsence) − 1      (12) 

To identify the predictors that most strongly influence the current distribution of Acacia seyal 

(Delile), a Jackknife analysis was conducted. This resampling approach, widely used in 

ecological niche modelling (Peterson et al., 2007), evaluates variable importance based on two 

complementary metrics: percent contribution and permutation importance. Permutation 

importance reflects the dependence of the model on each predictor by randomly permuting its 

values across presence and background samples and measuring the resulting decrease in AUC; 

larger decreases indicate higher variable importance (Howse et al., 2020). In addition, percent 

contribution values were calculated to quantify the relative influence of each predictor on the 

modeled distribution patterns of Acacia seyal (Delile). 

3.6.5. Species habitat suitability categorization 

MaxEnt produces a continuous suitability surface ranging from 0 to 1, representing the 

favorability of environmental conditions for Acacia seyal (Delile). These outputs were 

converted into discrete habitat suitability classes using the threshold scheme outlined in Table 

3.3. The 10th percentile training presence threshold was applied to distinguish suitable from 

unsuitable areas, following standard practice in presence-only ecological modelling. 

The resulting binary layer (1 = suitable, 0 = unsuitable) was further reclassified into Low, 

Medium, and High suitability categories. Areas with suitability values ≥ 0.60 were considered 
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highly suitable, indicating strong agreement between environmental conditions and the 

ecological niche of the species (Elith et al., 2011; Merow et al., 2013). 

To evaluate how suitability may change under future climate scenarios, proportional habitat 

gains or losses were computed by comparing projected and present distributions. Following the 

method of Hussein & Estifanos (2023), changes were expressed using: 

SACH =
𝐹𝑆𝐴 − 𝐶𝑆𝐴

𝐶𝑆𝐴
× 100                  (13) 

where SACH is the percentage change in suitable area, FSA is the future suitable area, and CSA 

is the current suitable area. 

Habitat suitability maps were further classified into four change categories to capture the 

dynamics of habitat suitability under future climate scenarios. The loss class represents areas 

that are currently suitable but are projected to become unsuitable in the future, indicating 

potential habitat contraction. The stable class includes areas that remain suitable under both 

current and future conditions, reflecting environmental resilience. The gain class identifies 

areas that are currently unsuitable but are projected to become suitable, suggesting potential 

range expansion. The persistent unsuitable class comprises areas that remain unsuitable across 

both time periods. Total suitable areas for current and future scenarios under both SSP pathways 

were calculated using R-based geospatial packages, while raster classification and spatial 

analyses were performed in ArcGIS Pro 3.6. 

Table 3.3. Habitat Suitability Classes Based on Threshold Categories  

No. Threshold Value Threshold Description 

01 0.00–0.20 Unsuitable 

02 0.21–0.40 Low 

03 0.41–0.60 Medium 

04 ≥ 0.60 High 
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4. RESULTS AND DISCUSSION 

4.1. Overview  

This chapter presents and discusses the main findings of the study in relation to existing 

literature. The results are organized into five main components: (a) long-term climatic 

variability, trends, and drought dynamics in the savanna woodlands of southeastern Sudan 

(1950–2024); (b) spatio-temporal land use/land cover (LULC) changes; (c) woody species 

composition, diversity, and regeneration; (d) mapping of dominant tree species using remote 

sensing and machine learning; and (e) current and future potential distribution of Acacia seyal 

(Delile) in Sudan. 

4.2. Analysis of Long-Term Climatic Variability, Trends, and Drought Patterns in Savanna 

Woodlands of Southeastern Sudan (1950–2024) (Objective 1) 

This section presents a comprehensive analysis of long-term climatic variability, 

drought dynamics, and temperature trends in the Blue Nile savanna based on multiple 

indicators, including Standardized Precipitation Evapotranspiration Index (SPEI), precipitation, 

temperature, and dry-spell metrics. The results are structured to capture interannual variability, 

seasonal and decadal trends, and integrated climate regime shifts, providing a detailed 

assessment of hydroclimatic changes and their implications for drought processes in semi-arid 

ecosystems. 

4.2.1. Interannual and Multi-Decadal Standardized Precipitation Evapotranspiration Index 

(SPEI) Dynamics 

The SPEI, evaluated across multiple accumulation scales (1–48 months), reveals 

pronounced interannual variability, characterized by alternating wet and dry periods between 

1950 and 2022 (Fig. 4.1). A distinct shift is evident after the 1970s, with drought events 

becoming more frequent and persistent. 

At short accumulation scales, significant negative trends are observed. SPEI-1 and 

SPEI-3 exhibit consistent declines (SPEI-1: y = −0.0085x + 0.2748, R² = 0.2515; SPEI-3: y = 

−0.0084x + 0.2694, R² = 0.2635), indicating an increase in drought frequency. Distinct drought 

episodes are identified during the late 1980s, early 2000s, and after 2010. 

At intermediate scales, drought conditions persist over longer durations. SPEI-6 and 

SPEI-9 show sustained negative trends (R² ≈ 0.27), with extended dry periods from the late 

1970s to the early 2000s. 
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Fig. 4.1. Interannual variability and long-term trends of the SPEI across multiple accumulation 

scales (1–48 months) in savanna woodland, Blue Nile, Sudan, during 1950–2024. The figure 

illustrates alternating wet and dry periods and an increasing frequency and persistence of 

drought conditions over time. 

At annual and multi-year scales, drought signals remain evident despite lower explained 

variance (R² = 0.05–0.0745). SPEI-12 highlights prolonged dry periods, whereas SPEI-24 

captures multi-year drought events, indicating cumulative and sustained moisture deficits. 

At longer accumulation scales, drought persistence becomes more pronounced. SPEI-

36 shows a clear downward trend (y = −0.0131x + 0.2899, R² = 0.1131), while SPEI-48 exhibits 

the strongest long-term signal (y = −0.0092x + 0.3126, R² = 0.5054). These results indicate 

sustained and intensifying drying conditions, particularly after the 1980s. Overall, the results 

demonstrate that drought frequency and persistence have increased across all time scales, with 

stronger and more consistent signals at longer accumulation periods, indicating a progressive 

intensification of hydroclimatic stress.  
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To further illustrate the spatial dimension of these drought dynamics, decadal SPEI 

maps were generated to examine the spatial distribution and temporal evolution of moisture 

conditions across Blue Nile State (Fig. 4.2), highlighting the emergence of spatial heterogeneity 

and shifting drought patterns over time. 

 

 

Fig. 4.2. Decadal spatial distribution of the SPEI in Blue Nile State, Sudan, from the 1950s to 

2020. The maps show the spatial variability and temporal evolution of moisture conditions, 

with green indicating wetter conditions and red indicating increasing drought severity. 

The observed intensification indicates a transition toward a more variable and drier 

hydroclimatic regime in the Blue Nile savanna. In particular, the increasing frequency of short-

term droughts suggests that rainfall has become more irregular and insufficient to meet 

atmospheric water demand, reflecting enhanced moisture stress associated with rising 

temperatures. 

These findings are consistent with previous studies reporting intensified drought 

frequency and declining rainfall in Sudan since the 1970s (Zhang et al., 2012; Ana, 2013). 

Increasing rainfall variability has also been documented by El Gamri et al. (2021), while Alriah 

et al. (2022) linked these fluctuations to large-scale climate drivers such as the Atlantic 

Multidecadal Oscillation (AMO), which may explain the observed alternation between wet and 

dry periods. 
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At intermediate time scales, the persistence of drought highlights the importance of 

cumulative moisture deficits, which exert stronger control on vegetation dynamics and 

agricultural productivity than short-term variability. Similar patterns have been reported in other 

semi-arid regions (Wambua et al., 2015; Modarres & Sarhadi, 2010) and support drought 

frameworks emphasizing duration and intensity as key characteristics (Wilhite, 2016; Tate & 

Gustard, 2000). 

At longer accumulation scales, the strengthening of drought signals reflects long-term 

hydrological imbalance and chronic moisture depletion. Comparable multi-year drought 

patterns have been reported in Sudan and other dryland systems (Zhang et al., 2012) and are 

consistent with projections of increasing drought persistence under future climate scenarios (Ji 

et al., 2023). Long-term meteorological droughts are also known to significantly influence 

ecosystem functioning and agricultural systems (Wang et al., 2022). 

The pronounced decline in SPEI-36 and SPEI-48 further confirms multi-decadal drying 

trends in the region (Ana, 2013; Zhang et al., 2012; Alriah et al., 2022), with direct implications 

for water resources, food security, and ecosystem resilience (FAO, 2021; Mbogo, 2014). 

Overall, these findings confirm that drought dynamics in the Blue Nile savanna are 

intensifying in both frequency and duration, with significant implications for vegetation 

resilience, water availability, and long-term ecosystem sustainability. 

4.2.2. Seasonal and Annual Drought Frequency (1950–2024) 

The frequency distribution of drought categories in the Blue Nile savanna indicates that 

non-drought conditions dominate across all seasons and at the annual scale; however, drought 

remains a recurrent and significant climatic feature (Table 4.1). Annually, no-drought conditions 

account for 69.22% of the period, while total drought occurrence reaches 30.78%, indicating 

that nearly one-third of the years were affected by drought. Mild drought is the most frequent 

category (13.89%), followed by moderate drought (11.44%), whereas severe (4.44%) and 

extreme (1.00%) droughts occur less frequently. 

Seasonally, drought frequency exhibits pronounced variability. Autumn records the 

highest total drought occurrence (32.44%), primarily driven by mild (15.56%) and moderate 

drought (14.22%). Summer shows the highest proportion of severe drought (5.78%), while 

extreme drought remains relatively low (0.89%). In contrast, winter has the lowest total drought 

frequency (27.11%) but the highest proportion of extreme drought (2.22%). 
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Table 4.1. Percentage distribution of seasonal and annual drought frequency in the Blue Nile 

State during 1950–2024, based on the Standardized Precipitation Evapotranspiration Index 

(SPEI) classification.  

Drought category 

SPEI % 

Winter Summer Autumn Annual 

No drought 72.89 69.33 67.56 69.22 

Mild drought 12.89 15.11 15.56 13.89 

Moderate drought 9.78 8.89 14.22 11.44 

Severe drought 2.22 5.78 2.67 4.44 

Extreme drought 2.22 0.89 0.00 1.00 

Total drought 27.11 30.67 32.44 30.78 

 

Overall, the results indicate that drought is a frequent and seasonally variable 

phenomenon, with mild and moderate droughts dominating, while severe and extreme events 

occur less frequently but remain significant. 

The observed seasonal variability indicates that drought dynamics in the Blue Nile 

savanna are strongly influenced by seasonal climatic conditions. The high drought frequency 

in autumn likely reflects shortened or interrupted rainy seasons, suggesting increased rainfall 

variability and early cessation of precipitation. Similar patterns have been reported in Sudan, 

where rainfall variability has intensified in recent decades (El Gamri et al., 2021; Alriah et al., 

2022). 

The dominance of mild and moderate drought conditions is consistent with drought 

climatology reported in Sudan and East Africa, where these categories occur more frequently, 

whereas severe and extreme droughts are less common but are associated with greater 

environmental impacts (Zhang et al., 2012; Ana, 2013; Yagoub et al., 2017; Wambua et al., 

2015; Hussien, 2024). 

The higher occurrence of severe drought during summer indicates increased climatic 

stress during the main growing season, when vegetation water demand is highest. This seasonal 

sensitivity has also been observed in Sudan and neighboring regions, where drought impacts 

are most pronounced during peak vegetation growth periods (Mbogo, 2014; FAO, 2021). 

Although extreme drought events are relatively rare in summer, their occurrence under high 

evaporative demand may intensify moisture deficits and increase vegetation mortality. 
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In winter, although overall drought frequency is lower, the relatively higher proportion 

of extreme drought reflects the inherently dry nature of the season, where even small moisture 

deficits can lead to extreme drought classification. This pattern supports drought frameworks 

that emphasize the importance of seasonal context in determining drought severity and impacts 

(Tate & Gustard, 2000; Wilhite, 2016; Sheffield & Wood, 2020). 

Overall, these findings demonstrate that drought in the study area is both frequent and 

seasonally uneven, with important implications for vegetation productivity, ecosystem 

functioning, and increasing climate vulnerability in savanna ecosystems. 

4.2.3. Trends in Maximum Consecutive Dry Days (CDDmax) (1950–2024) 

The annual maximum number of consecutive dry days (CDDmax) in the Blue Nile 

savanna exhibits pronounced interannual variability and distinct multi-year fluctuations (Fig. 

4.3).  

 

Fig. 4.3. Interannual variability and temporal trends in annual maximum consecutive dry days 

(CDDmax) in savanna woodland, Blue Nile, Sudan, during 1950–2024. The figure shows 

annual values, a 5-year moving average, and linear trends for 1950–2024, 1971–2024, and 

1991–2024, highlighting increasing dry-spell persistence. 

Extreme dry spells exceeding 180 days are observed during the mid-1960s, whereas 

markedly shorter dry spells (<70 days) occur during parts of the 1970s and 1980s. The 5-year 

moving average highlights clear decadal patterns, including relatively short dry spells with 

occasional long events in the 1950s, a pronounced peak during 1964–1966 followed by a rapid 

decline in the early 1970s, generally shorter and more variable dry spells during the 1970s–

1980s, and a gradual increase in dry-spell duration from the early 1990s onward. 
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Trend analysis indicates a weak and non-significant increase over the full period (1950–

2024; +0.18 days yr⁻¹, R² = 0.032), reflecting the high interannual variability characteristic of 

semi-arid climates. In contrast, a stronger increasing trend is observed for the post-1970 period 

(+0.46 days yr⁻¹, R² = 0.235), indicating a more consistent rise in dry-spell duration in recent 

decades. A continued, but weaker, positive trend is also evident during 1991–2024 (+0.27 days 

yr⁻¹, R² = 0.055). Although the explanatory power of these trends remains moderate to low, the 

consistently positive slopes indicate a gradual increase in dry-spell persistence since the early 

1970s.  

Overall, the results show that, despite high interannual variability, the duration of dry 

spells has increased over time, particularly in recent decades. 

The observed increase in dry-spell duration indicates a shift in rainfall dynamics toward 

longer rain-free intervals rather than a simple reduction in total rainfall. This temporal pattern 

is consistent with documented hydroclimatic changes in Sudan, including the major rainfall 

regime shift during the late 1960s–early 1970s and the subsequent increase in rainfall variability 

and altered seasonality (Ana, 2013; Zhang et al., 2012). 

The increasing dry-spell duration since the 1990s further suggests that rainfall is 

becoming more concentrated into fewer, more intense events, rather than being evenly 

distributed throughout the rainy season. Similar patterns have been reported in Sudan and across 

Eastern Africa (El Gamri et al., 2021; Alriah et al., 2022; Muthoni et al., 2019; Kimani et al., 

2017). 

The stronger post-1970 increase in CDDmax supports the concept of rainfall 

redistribution, whereby drought manifests through longer intervals between rainfall events 

rather than reduced annual totals (Sheffield & Wood, 2020). This behavior is consistent with 

drought frameworks that emphasize duration as a critical component of drought processes (Tate 

& Gustard, 2000; Wilhite, 2016). Comparable increases in dry-spell persistence have also been 

reported in other semi-arid regions, including Iran and Kenya (Modarres & Sarhadi, 2010; 

Wambua et al., 2015), suggesting a broader dryland response to climate variability. 

From an ecological perspective, the increasing duration of dry spells implies enhanced 

soil moisture depletion and increased evaporative stress between rainfall events, even in years 

with near-normal precipitation. These conditions may constrain vegetation recovery, reduce 

seedling establishment, and favor drought-tolerant species and functional traits in Sudanese 

savannas (Mohamed et al., 2016). In addition, prolonged dry intervals intensify agricultural 

drought impacts and reduce water availability for both ecosystems and livelihoods (FAO, 2021; 

Mbogo, 2014).  
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Overall, these findings highlight that changes in rainfall distribution and dry-spell 

persistence are critical drivers of climate stress in the Blue Nile savanna, with important 

implications for ecosystem resilience, agricultural productivity, and long-term sustainability. 

4.2.4. Trends in Hot–Humid Conditions 

The annual number of days with a heat index (HI) exceeding 35 °C indicates a clear 

increase in hot–humid exposure in the Blue Nile savanna over the period 1950–2024 (Fig. 4.4). 

During the mid-20th century, such conditions were rare, with many years recording no events. 

From the early 1990s onward, both the frequency and magnitude of HI > 35 °C days have 

increased markedly. 

 

Fig. 4.4. Interannual variability and temporal trends in hot–humid conditions (days with heat 

index > 35 °C) in savanna woodland, Blue Nile, Sudan, during 1950–2024. The figure shows 

annual values, a 5-year moving average, and linear trends for multiple periods, indicating 

increasing frequency and intensity of humid-heat events. 

The distribution of hot–humid days is highly skewed, ranging from 0 to 7.91 days in 

2024 (mean = 0.99 days yr⁻¹; median = 0.43; SD = 1.48), reflecting the episodic nature of 

extreme humid-heat events. Decadal patterns show a clear transition, with near-zero occurrence 

in the 1950s–1960s, modest increases during the 1970s–1980s, and a pronounced rise from the 

1990s onward. Extreme years exceeding the 95th percentile are concentrated in recent decades, 

particularly in 1998, 2009, 2019, and 2024, indicating increasingly frequent and intense humid-

heat conditions. 

Trend analysis confirms a consistent increase in HI > 35 °C days across all evaluated 

periods. The long-term trend (1950–2024) shows a moderate positive increase (+0.04 days yr⁻¹; 

R² = 0.327), indicating a relatively strong relationship compared to other climate indicators in 
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this study. Post-1970 trends remain positive (+0.05 days yr⁻¹; R² = 0.239), while the 1991–2024 

period shows continued, but more variable, growth (+0.05 days yr⁻¹; R² = 0.069). Despite this 

variability, the consistently positive trends indicate a clear intensification of humid-heat 

conditions. Overall, the results show that hot–humid conditions have increased in both 

frequency and intensity, particularly since the early 1990s. 

The observed increase in humid-heat exposure reflects broader warming and 

hydroclimatic changes in Sudan, including rising temperatures and altered moisture regimes 

since the late 20th century (Ana, 2013; Zhang et al., 2012). The marked increase in hot–humid 

conditions after 1990 is consistent with evidence that recent rainfall changes are characterized 

by higher intensity and increased atmospheric moisture, rather than uniform distribution (El 

Gamri et al., 2021; Alriah et al., 2022). Similar increases in climate extremes associated with 

warming have been reported across Eastern Africa (Muthoni et al., 2019; Kimani et al., 2017; 

Dinku et al., 2018). 

The combined effect of elevated temperatures and episodic moisture availability 

supports drought–heat interaction frameworks, where compound climate extremes amplify 

environmental stress (Hao et al., 2018; Wilhite, 2016). In semi-arid ecosystems such as the Blue 

Nile savanna, these conditions increase evapotranspiration, reduce soil moisture availability, 

and intensify physiological stress on vegetation. Previous studies in Sudan have highlighted the 

growing ecological and agricultural impacts of temperature-driven stress (Mohamed et al., 

2016; Yagoub et al., 2017; FAO, 2021; Mbogo, 2014; Hussien, 2024). 

Overall, these findings demonstrate that humid-heat extremes are emerging as a distinct 

and increasingly important climate risk in the Blue Nile savanna, with significant implications 

for ecosystem resilience, water availability, and human and agricultural systems. 

4.2.5. Decadal Trends in Precipitation and Temperature 

Decadal Mann–Kendall (M–K) trend analysis reveals pronounced temporal variability 

and strong contrasts in precipitation and temperature across decades in the Blue Nile savanna 

(Table 4.2). Statistically significant trends (p < 0.05) occur in specific decades, indicating 

distinct phases of hydroclimatic variability and thermal change. 

During the 1950s, annual precipitation shows a statistically significant increasing trend 

(Z = 2.33, p = 0.02), while maximum temperature exhibits a significant decreasing trend (Z = 

−2.68, p = 0.01), and minimum temperature remains stable (p = 0.86). In contrast, the 1960s 

and 1970s show no statistically significant trends across all variables, indicating relatively 

stable climatic conditions. 
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Table 4.2. Decadal Mann–Kendall trend statistics (Z-values and corresponding p-values) for 

annual precipitation, maximum temperature, and minimum temperature in savanna woodland, 

Blue Nile, Sudan during 1950–2024. Statistically significant trends (p < 0.05) are shown in 

bold. Positive Z-values indicate increasing trends, while negative Z-values indicate decreasing 

trends. 

Index 

period 

Precipitation (mm) 

Maximum temperature 

(C) 

Minimum temperature 

(C) 

Z value P value Z value P value Z value P value 

1950-1959 2.33 0.02 -2.68 0.01 -0.18 0.86 

1960-1969 -0.18 0.86 -1.43 0.15 -1.43 0.15 

1970-1979 0.36 0.72 -0.54 0.59 0.00 1.00 

1980-1989 -1.25 0.21 1.79 0.07 2.15 0.03 

1990-1999 0.36 0.72 -1.43 0.15 -1.07 0.28 

2000-2009 1.43 0.15 -1.97 0.05 -2.86 0.00 

2010-2019 0.54 0.59 -0.81 0.42 -0.18 0.86 

2020-2024 1.25 0.21 -0.89 0.37 0.00 1.00 

 

A clear shift emerges in the 1980s. Precipitation shows a non-significant declining 

tendency (Z = −1.25, p = 0.21), while minimum temperature increases significantly (Z = 2.15, 

p = 0.03), and maximum temperature shows a near-significant increase (Z = 1.79, p = 0.07). 

During the 1990s, trends remain non-significant but exhibit high variability. In the 2000s, 

precipitation shows a positive but non-significant trend (Z = 1.43, p = 0.15), while both 

temperature indices indicate decreasing tendencies. Minimum temperature shows a statistically 

significant decline (Z = −2.86, p < 0.01), whereas maximum temperature shows a marginally 

significant decrease (Z = −1.97, p = 0.05). The 2010s and early 2020s show no statistically 

significant trends across the analyzed variables. 

Overall, the results indicate strong decadal variability, with significant changes 

occurring in specific decades rather than forming consistent long-term linear trends. 

These results indicate distinct phases of climatic variability in the region. The wetter 

and relatively cooler conditions observed in the 1950s are consistent with regional studies 

identifying this period as a humid phase across eastern Sudan and the Sahel (Ana, 2013; Zhang 

et al., 2012; El Gamri et al., 2021). The absence of significant trends during the 1960s and 1970s 
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suggests a transitional period dominated by interannual variability rather than directional 

change, as reported in previous studies (Mohamed et al., 2016; Alriah et al., 2022). 

The shift observed in the 1980s marks the onset of thermal intensification, particularly 

through increasing minimum temperatures. This warming signal has been widely documented 

across Sudanese savanna systems and broader East African drylands (Zhang et al., 2012; 

Yagoub et al., 2017; Muthoni et al., 2019; Hussien, 2024). Although the 1990s and 2000s do 

not show consistent statistically significant trends, the high variability and contrasting signals 

indicate increasing climatic instability. 

Importantly, the apparent cooling tendencies observed in the 2000s, particularly in 

minimum temperature, do not contradict the overall pattern of increasing drought stress 

identified in previous analyses. This suggests that moisture stress is more strongly influenced 

by rainfall distribution, intensity, and evaporative demand than by total precipitation alone, 

consistent with established drought frameworks (FAO, 2021; Sheffield & Wood, 2020; Wilhite, 

2016). 

Although recent decades (2010s–2020s) show no statistically significant trends, the 

cumulative effects of earlier warming and increasing variability continue to influence drought 

dynamics and ecological stress in the region. These results highlight the importance of 

considering decadal variability, rather than relying solely on long-term averages, to better 

understand climate dynamics and their impacts on savanna ecosystems.  

4.2.6. Seasonal Standardized Precipitation Evapotranspiration Index (SPEI) Trends 

Decadal seasonal SPEI analysis reveals pronounced temporal variability and strong 

seasonal contrasts, indicating that drought dynamics in the Blue Nile savanna are highly season-

dependent rather than uniform throughout the year (Table 4.3). Statistically significant trends 

(p ≤ 0.05) occur only in specific decades and seasons, highlighting the episodic nature of 

drought behavior. 

During the 1950s, winter SPEI shows a statistically significant increasing trend (Z = 

1.98, p = 0.05), indicating wetter winter conditions, while summer and autumn exhibit no 

significant changes. In contrast, the 1960s and 1970s show weak and non-significant trends 

across all seasons, reflecting relatively stable climatic conditions dominated by interannual 

variability. 

A shift becomes evident in the 1980s. Summer SPEI shows a declining tendency (Z = 

−1.61, p = 0.11), while autumn exhibits a positive but non-significant trend (Z = 1.25, p = 0.21), 

indicating emerging seasonal divergence. In the 1990s, autumn continues to show a positive 
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tendency (Z = 1.25, p = 0.21), whereas winter and summer remain weakly variable. During the 

2000s, no statistically significant trends are observed across seasons, although summer SPEI 

maintains a slight negative tendency (Z = −0.36, p = 0.72). The 2010s show minimal variability, 

with all seasonal trends remaining non-significant. In the early 2020s, summer SPEI shows a 

statistically significant increasing trend (Z = 1.97, p = 0.05), while autumn also shows a positive 

but non-significant tendency (Z = 1.61, p = 0.11). 

Table 4.3. Decadal Mann–Kendall trend statistics for seasonal SPEI (winter, summer, and 

autumn) in Blue Nile State during 1950–2024. Statistically significant trends (p ≤ 0.05) are 

highlighted in bold. 

Decade 

Winter Summer Autumn 

Z value P value Z value P value Z value P value 

1950-1959 1.98 0.05 0.72 0.47 0.18 0.86 

1960-1969 -1.43 0.15 1.43 0.15 0.00 1.00 

1970-1979 0.00 1.00 0.00 1.00 -0.54 0.59 

1980-1989 0.36 0.72 -1.61 0.11 1.25 0.21 

1990-1999 -0.36 0.72 0.36 0.72 1.25 0.21 

2000-2009 0.54 0.59 -0.36 0.72 0.00 1.00 

2010-2019 0.72 0.47 0.00 1.00 0.00 1.00 

2020-2024 -1.25 0.21 1.97 0.05 1.61 0.11 

 

Overall, the results indicate strong seasonal asymmetry in drought behavior, with 

summer showing the greatest sensitivity to variability and change. 

These results reflect regional climatic patterns. The wetter winter conditions observed 

in the 1950s are consistent with studies identifying this period as relatively humid across Sudan 

and the Sahel (Ana, 2013; Zhang et al., 2012; El Gamri et al., 2021). The absence of significant 

trends during the 1960s and 1970s suggests a transitional phase dominated by interannual 

variability rather than sustained climatic change (Abuelbashar et al., 2022; Mohamed et al., 

2016). 

The emerging divergence in the 1980s, particularly the decline in summer SPEI, 

indicates increasing moisture stress during the main growing season. This pattern is consistent 

with documented drought intensification across Sudanese savannas (Yagoub et al., 2017; 

Muthoni et al., 2019). The continued variability observed in the 1990s and 2000s reflects 

fluctuating wet and dry conditions, driven by rainfall variability and changes in atmospheric 
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demand rather than total precipitation alone (El Gamri et al., 2021; Hao et al., 2018; FAO, 2021; 

Sheffield & Wood, 2020). 

The short-term increase in summer SPEI during the early 2020s suggests a temporary 

improvement in moisture availability; however, this does not offset the longer-term pattern of 

variability and drought risk. Seasonal differences in drought behavior emphasize that ecological 

processes, particularly vegetation growth and regeneration, are strongly influenced by 

conditions during the growing season. 

Overall, these findings demonstrate that drought dynamics in the Blue Nile savanna are 

seasonally uneven and highly variable, with important implications for ecosystem functioning, 

climate vulnerability, and adaptation strategies in dryland environments. 

4.2.7. Long-Term Precipitation Variability 

Annual precipitation in the Blue Nile savanna exhibits strong interannual variability, 

ranging from less than 400 mm to more than 1,100 mm (Fig. 4.5).  

 

Fig. 4.5. Long-term variability and trends in annual precipitation in savanna woodland, Blue 

Nile, Sudan, during 1950–2024. (a) Annual precipitation time series with a 5-year moving 

average and linear trend analyses for 1950–2024, 1971–2020, and 1991–2024, illustrating 

interannual variability and regime shifts. (b) Annual precipitation distribution with a fitted 

linear trend, showing overall variability and gradual increase in rainfall over time. 
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A modest long-term increasing trend is observed (+3.26 mm yr⁻¹), indicating a gradual 

increase in precipitation over the study period. However, this increase is accompanied by 

substantial variability, with alternating wet and dry years throughout the record. 

A clearer shift emerges from the early 1990s onward, when precipitation shows a more 

sustained increase. Sub-period analysis confirms this pattern, with a stronger trend during 

1991–2024 (+7.06 mm yr⁻¹). Despite this increase, extreme dry years remain evident across the 

entire period, indicating that variability persists even during phases of higher rainfall. 

Overall, the results indicate that, although annual precipitation has increased slightly 

over time, variability remains high and dry years continue to occur. 

These results are consistent with previous studies documenting strong rainfall 

variability and alternating wet–dry phases across Sudan and the Sahel (Ana, 2013; Zhang et al., 

2012). The more pronounced increase in precipitation after the 1990s aligns with recent wetting 

trends reported in parts of East Africa and Sudan (Muthoni et al., 2019; El Gamri et al., 2021). 

However, the persistence of extreme dry years indicates that increasing mean 

precipitation does not necessarily reduce drought risk. This reflects changes in rainfall 

characteristics, where precipitation becomes more variable and unevenly distributed, often 

occurring in fewer but more intense events. Such behavior has been linked to large-scale climate 

drivers, including the Atlantic Multidecadal Oscillation (Alriah et al., 2022), and is consistent 

with studies showing that rainfall concentration can intensify drought conditions even when 

total precipitation increases (Sheffield & Wood, 2020; Hao et al., 2018). 

These findings are consistent with the SPEI analysis, which shows that moisture stress 

in the region is influenced more by rainfall distribution and evaporative demand than by total 

precipitation alone (Wilhite, 2016; Wilks, 2006; Guenang & Kamga, 2014). This indicates that 

drought in the Blue Nile savanna is increasingly driven by irregular rainfall patterns and 

prolonged dry intervals rather than sustained declines in annual precipitation. 

4.2.8. Temperature Trends and Ecological Implications 

Annual temperature analysis in the Blue Nile savanna shows a clear warming trend in 

both minimum (Tmin) and maximum (Tmax) temperatures, with a more pronounced and 

consistent increase in Tmin (Fig. 4.6). The time series and distribution plots illustrate both 

interannual variability and long-term warming patterns. 

Minimum temperature (Tmin) exhibits a strong and consistent upward trend (+0.0259 

°C yr⁻¹, R² = 0.504), corresponding to an increase of approximately 1.9 °C since 1950. The 
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warming signal intensifies after the 1990s, with a higher rate during 1991–2024 (+0.0504 °C 

yr⁻¹), indicating accelerated nighttime warming in recent decades. 

Maximum temperature (Tmax) also shows a positive trend (+0.0177 °C yr⁻¹, R² = 

0.288), equivalent to an increase of approximately 1.3 °C since 1950. Stronger warming is 

observed after 1990 (+0.0337 °C yr⁻¹ for 1991–2024), although the trend is more variable 

compared to Tmin. 

Overall, the results indicate a consistent warming trend, with minimum temperatures 

increasing more rapidly than maximum temperatures. 

These results are consistent with regional studies reporting stronger increases in 

minimum temperatures across Sudan and the Sahel (Ana, 2013; Zhang et al., 2012). The 

transition from relatively stable conditions before the late 1970s to sustained warming after the 

1990s reflects broader climate changes associated with greenhouse forcing and atmospheric 

circulation variability (Alriah et al., 2022; Dinku et al., 2018). 

The observed difference between Tmin and Tmax trends indicates an asymmetric 

warming pattern, characterized by faster increases in nighttime temperatures. This asymmetry 

has important ecological implications. Rising Tmin reduces nocturnal cooling, leading to 

increased respiration rates and limiting recovery periods for vegetation. At the same time, 

increasing Tmax enhances evaporative demand and vapor pressure deficit, intensifying water 

stress even in the absence of a significant decline in rainfall (Hao et al., 2018; Wilhite, 2016). 

The combined effect of increasing temperature and variable precipitation reinforces the 

role of temperature as a key driver of drought processes in semi-arid environments. This 

interaction supports drought–heat frameworks, where thermal stress amplifies moisture deficits 

(Hao et al., 2018; Wilhite, 2016). Ecologically, these conditions may reduce regeneration, 

increase mortality of sensitive species, and promote a shift toward drought-tolerant vegetation, 

ultimately altering savanna structure and ecosystem functioning (Ji et al., 2023; Wilks, 2006; 

Sheffield & Wood, 2020; Wang et al., 2022). 

Overall, these findings demonstrate that warming, particularly nighttime warming, is a 

dominant climatic signal in the Blue Nile savanna and a key factor intensifying ecological 

stress. This highlights the importance of integrating temperature-based indicators with 

precipitation and drought metrics in climate impact assessments and adaptation planning. 
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Fig. 4.6. Long-term trends and variability in annual maximum (Tmax) and minimum (Tmin) temperatures in savanna woodland, Blue Nile, Sudan, 

during 1950–2024. (a) Tmax time series with a 5-year moving average and linear trend analyses for 1950–2024, 1971–2020, and 1991–2024; (b) 

Tmax distribution with a fitted linear trend; (c) Tmin time series with a 5-year moving average and multiple linear trends; and (d) Tmin distribution 

with a fitted linear trend, illustrating consistent warming trends, particularly for minimum temperature. 
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4.2.9. Integrated Climate Regime Shifts 

Mutation analysis reveals a clear regime shift toward higher mean annual temperatures 

in the late 1990s (Fig. 4.7). In contrast, the Standardized Precipitation Evapotranspiration Index 

(SPEI) shows repeated oscillations between wet and dry phases without a sustained directional 

trend, while precipitation exhibits weak long-term change combined with high variability. 

These results indicate a divergence between steadily increasing temperature and highly variable 

moisture conditions. 

 

Fig. 4.7. Mutation analysis of mean temperature, SPEI, and precipitation in savanna woodland, 

Blue Nile, Sudan, during 1950–2024. The figure shows change points and long-term variability 

in (a) SPEI, (b) temperature, and (c) precipitation. 

Overall, the results demonstrate a distinct climatic asymmetry, characterized by 

persistent warming accompanied by non-directional variability in precipitation and drought 

indices. 
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These results are consistent with regional evidence of accelerated warming across Sudan 

and East Africa since the late 20th century (Ana, 2013; Zhang et al., 2012), with stronger 

warming trends reported after the 1990s due to greenhouse forcing and land–atmosphere 

feedbacks (El Gamri et al., 2021; Muthoni et al., 2019). The continuous increase in temperature 

reinforces the role of warming as a dominant climate signal in the region, often exceeding 

changes in precipitation (Alriah et al., 2022; Ji et al., 2023). 

The absence of a clear long-term trend in SPEI and precipitation highlights the dominant 

role of rainfall variability and evaporative demand in controlling drought dynamics. Similar 

findings indicate that drought in Sudan is governed more by rainfall distribution and 

temperature-driven evapotranspiration than by total precipitation alone (Sheffield & Wood, 

2020; Hao et al., 2018). The weak directional change in precipitation further supports studies 

showing that rainfall remains highly variable and does not exhibit consistent long-term trends 

comparable to temperature (Dinku et al., 2018; Abuelbashar et al., 2022). 

This decoupling between increasing temperature and variable precipitation implies that 

drought risk is intensifying due to rising evaporative demand, even during periods of rainfall 

recovery. This interpretation is consistent with established drought frameworks emphasizing 

the role of temperature and atmospheric demand in amplifying moisture deficits (Wilhite, 2016; 

Wilks, 2006). 

Overall, these findings highlight the importance of integrating temperature, 

precipitation, and drought indices when assessing hydroclimatic stress and ecosystem 

resilience, as reliance on precipitation alone may underestimate the increasing climate risk in 

savanna ecosystems (FAO, 2021; Sheffield & Wood, 2020). 

4.3. Assessment of Spatio-Temporal Land Use/Land Cover (LULC) Changes and Their 

Interaction with Climatic Variability (Objective 2) 

This section presents a comprehensive analysis of spatio-temporal land use/land cover (LULC) 

dynamics in the Elnour Natural Forest Reserve (ENFR) and examines their interactions with 

climatic factors. The analysis integrates multi-temporal LULC mapping, transition dynamics, 

landscape condition assessment, and socio-economic drivers, supported by accuracy evaluation 

of classified images. Together, these components provide a detailed understanding of land-

cover change processes, degradation pathways, and their underlying drivers in a semi-arid 

savanna ecosystem. 
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4.3.1. Accuracy Assessment of Classified Images 

The accuracy assessment indicates that the land use/land cover (LULC) classifications 

for 1995, 2008, and 2021 are reliable and suitable for subsequent spatial and temporal analyses 

(Table 4.4; Appendix C). Overall accuracy (OA) exceeds 85% for all years, and Kappa 

coefficients indicate strong to near-perfect agreement between classified results and reference 

data. 

In 1995, the classification achieves an overall accuracy of 89.0% and a Kappa 

coefficient of 83.81%. User’s accuracy ranges from 75.0% for Bareland to 91.67% for Light 

Forest, while producer’s accuracy varies between 85.71% and 90.63%. In 2008, classification 

performance improved, with an overall accuracy of 91.60% and a Kappa coefficient of 88.0%, 

and all classes showing user’s and producer’s accuracies above 89%. The highest accuracy is 

observed in 2021, with an overall accuracy of 93.02% and a Kappa coefficient of 93.60%. In 

this year, Semi-bareland and Light Forest both exceed 95% in user’s and producer’s accuracies. 

Overall, the results indicate a progressive improvement in classification accuracy over 

time, with consistently high performance across all land-cover classes. 

Table 4.4. Classification Accuracy Assessment (UA, PA, OA, and Kappa) of LULC Classes 

for 1995, 2008, and 2021  

Year Class name UA % PA % OA % Kappa % 

1995 Bareland  75 85.71 89 83.81 

 Semi-bareland  90.63 90.63   

 Light Forest  91.67 88.71   

 Dense Forest 86.67 89.04   
2008 Bareland  90.63 89.66 91.6 88 

 Semi-bareland  93.9 92.77   

 Light Forest  92.54 92.54   

 Dense Forest 94.53 91.04   
2021 Bareland  91.67 91.67 93.02 93.6 

 Semi-bareland  96.32 95.45   

 Light Forest  95.45 96.36   

 Dense Forest 93.02 93.02   
 

These results confirm the robustness of the classification approach and the suitability of 

the generated maps for long-term LULC analysis. The relatively lower accuracy for Bareland 

in 1995 is likely due to spectral confusion with Semi-bareland and sparsely vegetated areas, 

which is a well-documented limitation in semi-arid environments where exposed soil and sparse 

vegetation exhibit similar spectral responses (Fassnacht et al., 2016; Persson et al., 2018). 
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The improvement in classification accuracy over time reflects enhanced image quality, 

improved preprocessing, and advances in classification methods and algorithms (Gorelick et 

al., 2017; Belgiu & Drăguţ, 2016). The high accuracy achieved for forest classes, particularly 

Light Forest and Dense Forest, indicates reliable discrimination of vegetation types, which is 

critical for assessing forest dynamics and degradation processes (Lu & Weng, 2007; Griffiths 

et al., 2013). 

Overall, the strong agreement between classified and reference data provides confidence 

in the use of these maps for analyzing spatial patterns and long-term changes in the ENFR. 

4.3.2. Long-Term Land Use/Land Cover Dynamics (1995–2021) 

Analysis of land use/land cover (LULC) in the Elnour Natural Forest Reserve (ENFR) 

for 1995, 2008, and 2021 (Fig. 4.8; Table 4.5) reveals substantial structural changes over time. 

Between 1995 and 2008, bareland increased from 5.1% to 6.3%, followed by a decline to 4.36% 

in 2021. In contrast, semi-bareland expanded markedly from 23.1% to 37.8% during 1995–

2008 and further increased to 40.0% by 2021, becoming the dominant land cover class. 

Forest cover classes show contrasting trends. Light forest declined sharply from 45.1% 

in 1995 to 31.7% in 2008, followed by a partial recovery to 39.9% in 2021. In contrast, dense 

forest shows a continuous decline from 26.7% in 1995 to 15.7% in 2021, indicating substantial 

canopy loss over the study period. 

 

  
Fig. 4.8. Land use/land cover (LULC) change maps of the ENFR for 1995, 2008, and 2021. 
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Table 4.5. Land use/land cover (LULC) changes in the ENFR (1995–2021), including area and 

percentage distribution. 

Class 

1995 2008 2021 

Area(ha) % Area(ha) % Area(ha) % 

Bareland 242.6 5.1 297.2 6.3 206.3 4.4 

Semi-bareland 
1091.0 23.1 1788.5 37.8 1893.8 40.0 

Light Forest 2132.6 45.1 1500.2 31.7 1887.9 39.9 

Dense Forest 1264.9 26.7 1145.2 24.2 743.2 15.7 

Total 4731.1 100 4731.1 100 4731.1 100 

 

Overall, the results indicate a clear shift from dense and light forest toward semi-

bareland, reflecting increasing landscape degradation and structural simplification. 

These results are consistent with broader patterns of land transformation in dryland 

ecosystems driven by anthropogenic pressures and environmental variability (Arfat, 2010; 

MacDicken, 2015; Gorelick et al., 2017; Tamiminia et al., 2020; Yasin et al., 2022). The increase 

in bareland during the early period reflects intensified land degradation, similar to trends 

observed in northern Kordofan and eastern Sudan (Dafalla et al., 2014; Sulieman, 2018). The 

subsequent decline in bareland by 2021 may indicate localized vegetation recovery or 

redistribution of land-use pressures, as reported in other semi-arid systems (Pelletier et al., 

2016; Phan et al., 2020). 

The strong expansion of semi-bareland suggests a transition toward intermediate 

degradation states, which is a common trajectory in dryland landscapes under sustained human 

pressure (Munthali et al., 2019; Tong et al., 2020). The partial recovery of light forest reflects 

opportunistic regrowth under fluctuating disturbance regimes or favorable climatic conditions, 

as documented in similar environments (Zurqani et al., 2018; Pelletier et al., 2016; Phan et al., 

2020). In contrast, the continuous decline in dense forest indicates persistent canopy loss and 

fragmentation, consistent with regional and global observations of forest degradation (Sulieman 

& Elagib, 2012; Yasin & Mulyana, 2022; Winkler et al., 2021; Bourgoin et al., 2024). The 

dominant transition from forest classes to semi-bareland highlights a shift toward degraded and 

simplified vegetation structures, aligning with established models of dryland degradation 

(Lambin & Meyfroidt, 2011; Basse et al., 2014). Similar transitions toward open and degraded 
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land cover have been reported in Ethiopia and China (Zewdie & Csaplovics, 2016; Zhang et 

al., 2017). Overall, these findings demonstrate progressive fragmentation, declining canopy 

integrity, and increasing ecological vulnerability in the ENFR. Although the partial recovery in 

light forest suggests some resilience, it remains insufficient to offset the continued loss of dense 

forest. This underscores the need for targeted conservation and sustainable land management 

strategies supported by continuous monitoring (Hano, 2013; Biro et al., 2013).  

4.3.3. LULC Transition Dynamics and Forest Degradation Pathways in ENFR 

LULC transition analysis in the Elnour Natural Forest Reserve (ENFR) reveals 

substantial changes between 1995–2008 and 2008–2021, indicating dynamic and uneven 

landscape transformation (Fig. 4.9; Table 4.6). Dense forest shows very low persistence, 

declining from 10.9% during 1995–2008 to 3.5% in 2008–2021, indicating high instability and 

continuous loss. The dominant transitions involve the conversion of both dense and light forest 

into semi-bareland, with a marked increase during 1995–2008 (Δ +14.7%). Light forest exhibits 

moderate persistence (14.3% in 1995–2008 and 13.1% in 2008–2021), with gains from semi-

bareland (15.2%) but also substantial losses to semi-bareland (18.5%). Bareland shows very 

low persistence (<1%) and functions primarily as a transitional class. 

  
Fig. 4.9. Land use/land cover (LULC) change trajectories in the ENFR from 1995 to 2021 based 

on transition matrix analysis. 
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Table 4.6. Land use/land cover (LULC) transition matrices in the ENFR between 1995 and 

2021 (in %). Columns represent the land-cover class at the beginning of the period, and rows 

represent the class at the end of the period. 

 

Overall, the results indicate that forest areas are progressively being converted into 

semi-bareland, reflecting a shift toward more degraded and simplified land-cover states. 

These results reflect the combined influence of sustained anthropogenic pressures and 

environmentally constrained recovery processes, as commonly observed in semi-arid and 

savanna ecosystems (Arfat, 2010; Sulieman & Elagib, 2012; Hano, 2013; Dafalla et al., 2014; 

Sulieman, 2018). The extremely low persistence of dense forest confirms its high vulnerability 

to disturbance, particularly from fuelwood extraction, agricultural expansion, and grazing. 

The expansion of semi-bareland highlights its role as a persistent degradation stage, 

consistent with dryland degradation models in which intermediate vegetation states expand 

under continuous pressure before transitioning to more degraded conditions (Basse et al., 2014; 

Lambin & Meyfroidt, 2011). Similar transitions toward semi-degraded classes have been 

reported in Sudan, Ethiopia, and the Sahel (Biro et al., 2013; Zewdie & Csaplovics, 2016; Tong 

et al., 2020). 

Light forest dynamics indicate a dual role as both a degradation pathway and a recovery 

stage. Gains from semi-bareland suggest localized regeneration under favorable conditions or 

reduced disturbance, as reported in other semi-arid systems (Pelletier et al., 2016; Phan et al., 

2020; Zurqani et al., 2018). However, the substantial losses of light forest to semi-bareland 

demonstrate that such recovery is unstable and often reversible, consistent with findings from 

savanna woodlands (Hasoba et al., 2020; Yasin & Mulyana, 2022; Yasin et al., 2023). 

Period From / To Bareland Semi-bareland Light Forest Dense Forest End % 

1995-

2008 

Bareland 1.0 2.1 2.7 0.6 6.3 

Semi-bareland 2.7 9.9 18.5 6.7 37.8 

Light Forest 1.0 7.8 14.3 8.6 31.7 

Dense Forest 0.4 3.3 9.7 10.9 24.2 

Start % 5.1 23.1 45.1 26.7 100 

2008-

2021 

Bareland 0.4 2.5 0.7 0.8 4.4 

Semi-bareland 2.3 13.3 13.4 11.1 40.1 

Light Forest 2.6 15.2 13.1 8.9 39.8 

Dense Forest 1.0 6.8 4.4 3.5 15.7 

Start % 6.3 37.8 31.6 24.3 100 

1995-

2021 

Bareland 0.6 1.5 1.6 0.7 4.4 

Semi-bareland 2.2 10.9 18.3 8.6 40 

Light Forest 1.6 8.6 17.9 11.7 39.9 

Dense Forest 0.7 2 7.2 5.8 15.7 

Start % 5.1 23.1 45.1 26.8 100 
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The very low persistence of bareland further supports its role as a transitional class, 

where exposed surfaces fluctuate rapidly in response to land-use pressure and short-term 

vegetation dynamics (Zakaria, 2010; Sulieman & Ahmed, 2013; Munthali et al., 2019). Over 

the full period, the net increase in semi-bareland (~17%), combined with substantial losses of 

dense forest (−11%) and light forest (−5.2%), indicates long-term fragmentation and structural 

simplification. These trajectories are consistent with regional and global assessments showing 

that dryland forests are highly vulnerable to human-driven degradation (MacDicken, 2015; 

Winkler et al., 2021; Bourgoin et al., 2024). 

Overall, these findings confirm that the ENFR landscape is shifting toward degraded, 

open vegetation states with limited resilience. The persistence of semi-bareland and the 

continued decline of dense forest highlight the need for targeted restoration, improved land use 

management, and continuous monitoring using remote sensing approaches (FAO, 2016; 

Gorelick et al., 2017; Tamiminia et al., 2020; Yasin et al., 2025).  

4.3.4. Trends in ENFR Condition During 1995–2021 

Analysis of LULC dynamics in the Elnour Natural Forest Reserve (ENFR) from 1995 

to 2021 reveals substantial changes in landscape condition (Fig. 4.10). Bareland increased 

markedly during 1995–2008 by 24.9% (+1.92% yr⁻¹), followed by a decrease of 25.7% (−1.98% 

yr⁻¹) during 2008–2021. In contrast, semi-bareland increased significantly in the later period 

(+18.9%), resulting in a net gain of 17.0% over the entire study period. Light forest shows a net 

decline of 5.2%, while dense forest decreases by 11.0%, indicating a reduction in forest cover 

and canopy density. 

 

 

Fig. 4.10. Spatio-temporal dynamics of LULC change in the ENFR between 1995 and 2021: 

(a) direction of change and (b) annual rate of change. 
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Overall, the results indicate a clear transition toward more open and sparsely vegetated 

land-cover classes, accompanied by a decline in dense and continuous forest cover. 

These results reflect the combined effects of ecological pressures and anthropogenic 

disturbances. The initial expansion of bareland during 1995–2008 is associated with increased 

land degradation driven by deforestation, agricultural expansion, and resource overexploitation, 

consistent with findings from Sudanese drylands and other tropical regions (Sulieman, 2010; 

Glover & Elsiddig, 2012; Biro et al., 2013; Zewdie & Csaplovics, 2016; Yasin et al., 2022). The 

subsequent decline in bareland during 2008–2021 suggests partial vegetation recovery or 

redistribution of land-use pressure, similar to regeneration patterns observed in fragmented dry 

forests under reduced disturbance or restoration efforts (Hemida et al., 2023; de Almeida et al., 

2025). 

The substantial increase in semi-bareland indicates a persistent shift toward 

intermediate degradation states, which is a common trajectory in dryland ecosystems 

experiencing sustained disturbance (Sulieman, 2018; Yasin et al., 2023; Tamiminia et al., 2020; 

Winkler et al., 2021). The continued decline of light and dense forest highlights the vulnerability 

of closed-canopy systems to ongoing disturbance and fragmentation (FAO, 2015; MacDicken, 

2015; Bourgoin et al., 2024; Yasin & Mulyana, 2022). 

Overall, these findings demonstrate progressive canopy reduction and structural 

simplification in the ENFR, reflecting increasing ecological vulnerability. This underscores the 

need for targeted restoration, improved land-use governance, and continuous monitoring using 

remote sensing approaches (Gorelick et al., 2017; Potapov et al., 2022). 

4.3.5. Major Drivers of Forest Degradation in ENFR 

The integrated socio-economic assessment indicates that forest degradation in the 

Elnour Natural Forest Reserve (ENFR) is predominantly driven by human activities, with 

environmental factors acting as secondary influences (Table 4.7). Illegal tree cutting and 

charcoal production represent the largest share of pressure (35%), followed by overgrazing 

(25%). Governance and institutional limitations contribute 15%, while socioeconomic factors 

account for 10%. Land-use expansion contributes 8%, and environmental factors, such as 

prolonged dry seasons, account for 5%.  

Overall, the results indicate that anthropogenic drivers dominate the degradation 

process, with resource extraction and grazing representing the primary pressures. 

These results reflect broader patterns observed in dryland ecosystems. The high 

contribution of illegal tree cutting and charcoal production indicates a transition from 
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subsistence use to more intensive, market-driven extraction, driven by poverty and increasing 

urban energy demand. Similar dynamics have been widely reported across Sudan and other 

dryland regions (Sulieman, 2018; Yasin et al., 2022; Yasin et al., 2025; Eltohami, 2018; UNEP, 

2007).  

Table 4.7. Relative contribution of major drivers to forest degradation in the ENFR, expressed 

as percentage shares of total pressure. 

Driver Category Specific Driver Contribution 

(%) 

Evidence Type 

Human-Induced Illegal tree cutting & 

charcoal production 

35% Field observation, literature. 

 Overgrazing by livestock 25% Field observation. 

 Weak governance & 

enforcement 

15% Institutional assessment, 

literature. 

 Socioeconomic pressures 10% Field observation, literature. 

 Agricultural expansion 

& settlement 

8% Land cover change detection. 

Environmental Climatic variability 

(rainfall and drought) 

5% Climate pattern observation, 

literature. 

Ecological 

Consequences 

Fragmentation & species 

composition changes 

2% Long-term result of persistent 

human and climatic pressures. 

 

Overgrazing plays a major role by limiting vegetation recovery through browsing and 

trampling, which reduce seedling establishment and favor disturbance-tolerant species. This 

process has been documented in Sudanese woodlands and other semi-arid pastoral systems 

(Sulieman & Elagib, 2012; Gadallah et al., 2020; Hasoba et al., 2020; Yasin et al., 2024). 

Governance-related factors further exacerbate degradation. Weak enforcement, unclear 

land tenure systems, and limited institutional capacity enable unsustainable resource use, 

consistent with findings from other dryland regions (Munthali et al., 2019; Lambin & 

Meyfroidt, 2011). Socioeconomic pressures, including dependence on forest resources and low 

agricultural productivity, intensify resource extraction, particularly during periods of climatic 

stress (Mohmmed et al., 2018; Tamiminia et al., 2020). 

Land-use expansion contributes to fragmentation and habitat loss at forest margins, 

reflecting broader trends of agricultural encroachment in Sudan (Biro et al., 2013; Hano, 2013). 

Although environmental factors play a smaller role, prolonged dry seasons reduce regeneration 
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capacity and ecosystem resilience, thereby reinforcing the impacts of human activities 

(Sulieman & Elagib, 2012; Tran et al., 2019). 

Overall, these findings demonstrate that forest degradation in the ENFR is primarily 

human-driven, with environmental stress acting as a reinforcing factor. This interaction creates 

a feedback loop that accelerates forest decline. Addressing this challenge requires integrated 

management approaches that combine improved governance, sustainable land-use practices, 

alternative energy solutions, and climate-adaptive restoration strategies. 

4.4. Evaluation of Changes in Woody Species Composition, Diversity, and Regeneration under 

Climatic Variability and Anthropogenic Pressures (Objective 3) 

This section presents a detailed assessment of changes in woody species composition, 

diversity, population structure, and regeneration status in the Elnour Natural Forest Reserve 

(ENFR) between 2008 and 2021. The analysis integrates species-level metrics, structural 

attributes, and ecological indicators, including basal area, density, and Importance Value Index 

(IVI), to evaluate shifts in forest composition and function. These results are interpreted in 

relation to climatic variability and anthropogenic pressures to provide a comprehensive 

understanding of ecological change and forest degradation processes in the study area. 

4.4.1. Changes in Tree Species Diversity, Frequency, and Regeneration (2008–2021) 

The woody species composition of the Elnour Natural Forest Reserve (ENFR) shows 

substantial changes between 2008 and 2021 in terms of diversity, abundance, and regeneration 

(Tables 4.8 and 4.9). In 2021, a total of 1,498 individual trees representing 18 species across 

nine families were recorded. Fabaceae is the most species-rich family, comprising six species, 

followed by Combretaceae with five species, while Anacardiaceae and Rhamnaceae each 

include two species. In terms of abundance, Fabaceae dominates with 838 individuals, followed 

by Malvaceae (188), Zygophyllaceae (160), Combretaceae (148), Rhamnaceae (81), and 

Anacardiaceae (63). 

In contrast, the 2008 inventory recorded 16,979 individuals representing 35 species 

across 16 families. Species richness declined across most families, with Fabaceae decreasing 

from 12 to 6 species and Combretaceae from 7 to 5 species, while Anacardiaceae and 

Rhamnaceae remained unchanged. Growth-form composition also declined, from 21 tree 

species and 14 shrub species in 2008 to 13 tree species and 5 shrub species in 2021. 
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Table 4.8. Tree and shrub species type, presence, frequency (FR), and regeneration status in ENFR in 2008 and 2021  

Family Species Vern.names 

Presence Regeneration status 

Type 2008 2021 
FR (%, 

2008) 

Reg. 

2008 

FR 

(%, 

2021) 

Reg. 

2021 

Fabaceae Acacia seyal Delile Talih Ahmar - Talih Tree ✓ ✓ 75.55 Good 28.82 Good 

Fabaceae Acacia seyal var. fistula (Schweinf.) Kyal. & 

Boatwr. 

Sufar Abiad Tree ✓  - 70.74 Fair 0.00 None 

Fabaceae Acacia polyacantha Willd. Kakamoot Tree ✓   21.40 Fair 0.00 None 

Fabaceae Acacia senegal (L.) Willd. Hashab Tree ✓ ✓ 40.17 Good 9.61 Poor 

Fabaceae Dichrostachys cinerea (L.) Wight & Arn. Kadad Shrub ✓  - 17.47 Poor 0.00 None 

Zygophyllaceae Balanites aegyptiaca (L.) Delile Hegleeg (Laloub)  Tree ✓ ✓ 38.86 Poor 21.40 Poor 

Fabaceae Acacia mellifera (Vahl) Benth. Kitir Shrub ✓ ✓ 3.49 Fair 4.80 Good 

Fabaceae Acacia nubica Benth. Laut Shrub ✓ ✓ 0.87 Poor 20.09 Good 

Malvaceae Sterculia setigera Delile Tartar Tree ✓ ✓ 68.12 Poor 31.88 Fair 

Combretaceae Anogeissus leiocarpus (DC.) Guill. & Perr. Sahab – seilk Tree ✓ ✓ 17.90 Poor 9.61 Fair 

Combretaceae Terminalia laxiflora Engl. Subagh – Darut Tree ✓ ✓ 15.28 Poor 6.99 Poor 

Combretaceae Terminalia brownii Fresen. Subagh – Shaf  Tree ✓ ✓ 11.79 Good 5.68 Fair 

Combretaceae Combretum hartmannianum Schweinf. Habeel Al Gabal Tree ✓ ✓ 39.74 Good 14.85 Poor 

Combretaceae Combretum aculeatum Vent. Habeel Shehait Shrub ✓  - 6.55 Good 0.00 None 

Combretaceae Combretum molle R.Br. ex G.Don Habeel Khrisha Kabeira Tree ✓  - 11.35 Good 0.00 None 

Combretaceae Combretum glutinosum Perr. ex DC. Habeel Khrisha Tree ✓ ✓ 7.42 Good 3.93 Good 

Anacardiaceae Lannea fruticosa (Hochst. ex A.Rich.) Engl. Leyun-Ghallub Shrub ✓ ✓ 17.90 Poor 13.10 Good 

Anacardiaceae Sclerocarya birrea (A.Rich.) Hochst. Humeid Tree ✓ ✓ 4.80 Poor 3.93 Good 

Rhamnaceae Ziziphus spina-christi (L.) Desf. Siddir - Nabag Tree ✓ ✓ 8.73 Poor 8.73 Good 

Rhamnaceae Ziziphus abyssinica Hochst. ex A.Rich. Siddir Al Feel  Shrub ✓ ✓ 7.86 Poor 6.99 Good 

Rubiaceae Xeromphis nilotica (Stapf) Keay Shidr el Marfein  Shrub ✓ ✓ 6.11 Poor 4.37 Fair 

Bignoniaceae Stereospermum kunthianum Cham. Khashkash Abiad Tree ✓ ✓ 3.93 Poor 1.75 None 

Fabaceae Lonchocarpus laxiflorus Guill. & Perr. Khashkash Azrag Tree ✓ ✓ 5.24 Good 2.18 Poor 

Fabaceae Dalbergia melanoxylon Guill. & Perr. Abnos - Babanos Tree ✓  - 2.18 Poor 1.31 Good 

Malvaceae Grewia tenax (Forssk.) Fiori Guddeim Shrub ✓  - 2.62 Good 0.00 None 
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Malvaceae Grewia flavescens Juss. Guddeim Abou Dlouae Shrub ✓  - 0.87 Good 0.00 None 

Ochnaceae Ochna afzelii R.Br. ex Oliv. Lessan El kalib Shrub ✓  - 1.31 Good 0.00 None 

Capparaceae Maerua angolensis DC. Shagar ElZaraf Shrub ✓  - 1.31 Poor 0.00 None 

Fabaceae Cassia arereh Delile Al Gaga Tree ✓  - 0.44 Poor 0.00 None 

Loganiaceae Strychnos innocua Delile Um Bukheisa Shrub ✓  - 1.75 Good 0.00 None 

Fabaceae Tamarindus indica L. Aradaib  Tree ✓  - 0.44 Poor 0.00 None 

Fabaceae Piliostigma reticulatum (DC.) Hochst. Kharub Shrub ✓  - 0.44 Good 0.00 None 

Capparaceae Capparis decidua (Forssk.) Edgew. Tundub Shrub ✓  - 3.06 Poor 0.00 None 

Malvaceae Adansonia digitata L. Tabaldi (Gongulis) Tree ✓  - 1.31 Poor 0.00 None 

Burseraceae Boswellia papyrifera (Delile) Hochst. Trag Trag Tree ✓  - 1.31 Poor 0.00 None 

 

Table 4.9. Number of genera, number of species and relative frequency (RF) of genus and species within identified families in ENFR in 2008 and 

2021. 

 

Family 

2008 2021 

No. of 

Genera 

No. of 

Species 

Genus RF 

(%) 

Species RF 

(%) 

No. of 

Genera 

No. of 

Species 

Genus RF 

(%) 

Species RF 

(%) 

Fabaceae 7 12 28.00 34.29 3 6 23.08 31.58 

Combretaceae 3 7 12.00 20.00 3 5 23.08 26.32 

Malvaceae 4 4 16.00 11.43 1 1 7.69 5.26 

Anacardiaceae 2 2 8.00 5.71 2 2 15.38 10.53 

Rhamnaceae 1 2 4.00 5.71 1 2 7.69 10.53 

Zygophyllaceae 1 1 4.00 2.86 1 1 7.69 5.26 

Rubiaceae 1 1 4.00 2.86 1 1 7.69 5.26 

Bignoniaceae 1 1 4.00 2.86 1 1 7.69 5.26 

Capparaceae 2 2 8.00 5.71 0 0 0.00 0.00 

Ochnaceae 1 1 4.00 2.86 0 0 0.00 0.00 

Loganiaceae 1 1 4.00 2.86 0 0 0.00 0.00 

Burseraceae 1 1 4.00 2.86 0 0 0.00 0.00 

 Total 25 35 
  

13 19 
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Species dominance patterns changed markedly. Acacia seyal declined from 63.3% of 

individuals in 2008 to 16.7% in 2021. Similarly, species frequency declined for several 

dominant species, including Acacia seyal (75.6% to 28.8%), Acacia senegal (40.2% to 9.6%), 

and S. setigera (68.1% to 31.9%). Several subdominant and rare species, including Acacia seyal 

var. fistula, Acacia polyacantha, Dichrostachys cinerea, and some Combretum and Grewia 

species, were not recorded in 2021. 

In contrast, disturbance-tolerant species increased in relative importance. Acacia nubica 

increased from 0.87% to 20.1%, while Acacia mellifera increased from 3.5% to 4.8%. Other 

species, such as Lannea fruticosa (17.9% to 13.1%) and Sclerocarya birrea (4.8% to 3.9%), 

show relatively stable or moderate changes. Overall, approximately 54% of species declined, 

while only about 14% increased. Regeneration patterns also deteriorated, with the number of 

species classified as having “good” regeneration decreasing from 11 to 6, and 15 species 

showing no regeneration capacity (Appendix D). Overall, the results indicate a marked decline 

in species richness, structural diversity, and regeneration capacity, accompanied by a shift 

toward dominance by disturbance-tolerant species. 

These results reflect significant ecological degradation in the ENFR and are consistent 

with patterns observed in other dryland forests, where anthropogenic pressure leads to loss of 

species diversity and structural complexity (Dereje & Duguma, 2019; Masresha et al., 2024; 

Chepkoech et al., 2024). The dominance of Fabaceae is typical of savanna ecosystems, where 

nitrogen-fixing species are relatively resilient under dry conditions (Abdou et al., 2016; 

Assogbadjo et al., 2010). However, the reduction in Fabaceae species richness indicates that 

even resilient functional groups are affected under sustained disturbance (Gebeyehu et al., 2019; 

Ghanbari et al., 2021). 

The sharp decline of dominant and subdominant species, along with the disappearance 

of rare species, reflects the loss of disturbance-sensitive taxa. Similar patterns have been 

reported in dry Afromontane forests and other protected areas, where continuous disturbance 

leads to local species loss (Ghanbari et al., 2021; Gebeyehu et al., 2019; Rahman et al., 2020; 

Maua et al., 2020). 

The increase in disturbance-tolerant species further confirms a shift in species 

composition toward more resilient but less diverse vegetation communities, as observed in other 

degraded savanna systems (Oke & Jamala, 2013; Kikoti & Mligo, 2015; Abdullahi, 2021). The 

decline in regeneration capacity is particularly critical, as it indicates reduced ecosystem 

resilience and limited potential for natural recovery. This pattern is likely driven by a 
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combination of reduced seed sources, grazing pressure, and climatic stress affecting seedling 

establishment (Canham & Murphy, 2016; Díaz et al., 2021). 

Overall, these findings demonstrate a transition toward a simplified and degraded 

ecosystem, highlighting the urgent need for targeted conservation and restoration interventions 

to maintain biodiversity and ecosystem functioning in the ENFR. 

4.4.2. Population Structure of Woody species 

Based on the 2021 inventory, tree diameter at breast height (DBH) ranges from 5 to 146 

cm, with a mean of 22.83 cm (SD = 13.52 cm), while tree height ranges from 1 to 36 m, with a 

mean of 7.96 m (SD = 6.04 m) (Table 4.10). In comparison, the 2008 inventory records DBH 

values between 5 and 80 cm (mean = 21.76 cm; SD = 11.39 cm) and tree heights between 1 and 

35 m (mean = 8.93 m; SD = 6.14 m). 

The higher maximum DBH observed in 2021 reflects structural changes in the forest 

stand overtime rather than inconsistencies in sampling. Although the same permanent plots were 

revisited, tree populations are dynamic, and individual trees may have undergone growth, 

mortality, or replacement through recruitment processes. The presence of larger diameter 

classes in 2021 can therefore be attributed to the survival and continued growth of older trees, 

combined with selective removal or mortality of smaller individuals, which alters overall stand 

structure. These results indicate the presence of both mature trees and younger individuals, 

reflecting a mixed population structure. 

Table 4.10. Summary statistics of tree growth variables (DBH and height) in Elnour Natural 

Forest Reserve (ENFR)  

Variables  2008 2021 

DBH (cm) Height (m) DBH (cm) Height (m) 

Maximum  80.00 35.00      146.00 36.00 

Minimum  5.00 1.00   5.00 1.00 

Mean  21.76 8.93 22.83 7.96 

SD  11.39 6.14   13.52 6.04 

 

DBH distribution in 2008 is strongly skewed toward smaller size classes (Fig. 4.11a). 

The 6–10 cm class dominates with 32.34% of individuals, followed by 21–25 cm (20.13%), 

16–20 cm (17.46%), and 26–30 cm (16.49%), while larger trees (>40 cm) represent only 4.07%. 

In 2021, the dominance of smaller diameter classes becomes more pronounced, with the 6–10 

cm class increasing to 43.05% and the 11–15 cm class representing 21.30%. Intermediate 

classes (16–25 cm) account for approximately 24% of individuals, while larger diameter classes 

(>25 cm) decline to less than 12%. Tree height distribution shows a similar pattern (Fig. 4.11b). 

In 2008, the 1–3 m class accounts for 47.99% of individuals, followed by 4–6 m (21.03%), 7–
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9 m (10.43%), and 10–12 m (10.11%), while taller classes (>13 m) are less frequent. In 2021, 

the 1–3 m class increases to 50.24%, followed by 4–6 m (21.46%), 7–9 m (10.24%), and 10–

12 m (8.29%), with taller classes remaining the least represented. 

 

Fig. 4.11. Size-class distribution of woody species in the ENFR (2008 and 2021): (a) Diameter 

at breast height (DBH) classes distribution of individual trees and (b) Height classes distribution 

of individual trees. 

Overall, the results show a clear dominance of smaller diameter and height classes, 

indicating strong recruitment alongside a reduction in larger and taller trees. These results are 

characteristic of disturbed forest systems. The dominance of smaller DBH classes reflects 

continuous recruitment, which is common in tropical and savanna forests where juvenile and 

sub-adult individuals dominate population structure (Adekunle & Olagoke, 2008; Adekunle et 

al., 2013; Aigbe et al., 2014). However, the sharp decline in larger diameter classes indicates 

selective removal of mature trees, a pattern widely reported in disturbed forests and dryland 

woodlands (Edet et al., 2012; Oke & Jamala, 2013; Kikoti & Mligo, 2015; Abdullahi, 2021; 

Gebeyehu et al., 2019; Ijomah et al., 2022). 

The predominance of shorter height classes further indicates a regenerating but structurally 

simplified forest. Similar patterns have been observed in degraded forest reserves, where 

reduced canopy height reflects the loss of mature individuals and decreased structural 

complexity (Gogoi & Sahoo, 2018; Mohammed et al., 2021a; Musa et al., 2024; Asbeck et al., 

2021). 

The low proportion of large trees (particularly >50 cm DBH) is likely the result of selective 

logging and harvesting for fuelwood, timber, and other uses, as documented in comparable 

tropical forest ecosystems (Hadi et al., 2009). Such selective removal reduces canopy cover, 

alters microclimatic conditions, and limits regeneration potential, leading to long-term 
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structural changes (Pokhriyal et al., 2010; Yakubu et al., 2020; Aigbe et al., 2014; 

Rajasugunasekar et al., 2023). While the presence of both small and large individuals indicates 

ongoing regeneration and some level of structural continuity, the overall pattern reflects a shift 

toward younger cohorts and reduced canopy complexity. This has important ecological 

implications, as large trees play a critical role in biomass storage, habitat provision, and 

ecosystem stability (Adekunle & Olagoke, 2008; Aigbe et al., 2014; Gauthier et al., 2015; 

Asbeck et al., 2021; Gebeyehu et al., 2019). 

Overall, these findings indicate that the ENFR forest structure is increasingly dominated 

by smaller and younger individuals, reflecting ongoing disturbance and selective removal of 

mature trees despite continued recruitment. 

4.4.3. Mean Basal Area, Density, Importance Value Index (IVI), and Conservation Status of 

Woody Species in the Elnour Natural Forest Reserve (ENFR) 

The 2021 inventory (Table 4.11) shows substantial interspecific variation in tree density, 

basal area, and dominance across the ENFR. Mean density ranges from 0.17 to 22.93 trees ha⁻¹, 

while basal area varies from 0.00 to 0.35 m² ha⁻¹, indicating marked structural heterogeneity 

among species. Acacia seyal remains the most dominant species, with the highest mean density 

(22.93 trees ha⁻¹), basal area (0.35 m² ha⁻¹), and Importance Value Index (IVI = 71.99). Other 

species, including Balanites aegyptiaca, Sterculia setigera, Acacia nubica, and Ziziphus spina-

christi, contribute to stand structure, whereas most remaining species exhibit low densities and 

IVI values below 15. 

In contrast, the 2008 inventory reflects a denser and more structurally complex forest. Mean 

density reaches 469.21 trees ha⁻¹, and basal area reaches up to 8.83 m² ha⁻¹. Acacia seyal 

strongly dominates (IVI = 125.79), along with Sterculia setigera, Acacia senegal, and 

Dichrostachys cinerea. Between 2008 and 2021, there is a marked decline in density, basal area, 

and IVI, accompanied by the disappearance of several species and a shift in dominance patterns. 

The relative density of Acacia seyal decreases from 63.29% to 16.72%, while disturbance-

tolerant species such as Acacia mellifera, Acacia nubica, Dalbergia melanoxylon, Balanites 

aegyptiaca, and Z. spina-christi increased in relative abundance. Although the Shannon–Wiener 

diversity index increases from H′ = 1.56 to 2.46, species richness, total number of individuals, 

and basal area decline substantially. Regeneration patterns also change, with relatively stable 

seedling numbers but sharp declines in saplings and adult trees (Table 4.12). Overall, the results 

indicate a significant reduction in forest density and structural complexity, with a shift toward 

dominance by disturbance-tolerant species and a decline in mature tree populations. 
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Table 4.11. Tree species density, basal area, and Importance Value Index (IVI) in the ENFR for 

2008 and 2021  

Species  2008 2021 

Mean 

density 

No. 

ha-1 

Mean 

BA 

(m2/h

a-1) 

IVI Classificati

on Based 

on RD 

Mean 

densit

y No. 

ha-1 

Mea

n 

BA 

(m2/

ha-1) 

IVI Classificati

onBased on 

RD 

Acacia seyal 469.21 8.83 125.79 Abundant 22.93 0.35 71.99 Abundant 

Acacia seyal var. fistulal 27.73 0.31 20.11 Occasional 0.00 0.00 0.00 - 

Acacia polycantha 13.28 0.26 10.31 Rare 0.00 0.00 0.00 - 

Acacia Senegal 42.40 2.35 19.80 Abundant 2.53 0.25 15.12 Abundant 

Dichrostachys cinerea 44.24 0.87 14.65 Abundant 0.00 0.00 0.00 - 

Balanites aegyptiaca 17.73 0.24 10.02 Rare 6.99 0.15 53.16 Abundant 

Acacia mellifera 0.74 0.01 0.93 Threatened 1.66 0.01 7.09 Abundant 

Acacia nubica 0.13 0.00 0.19 Threatened 8.78 0.13 25.32 Abundant 

Sterculia setigera 48.78 2.32 43.18 Abundant 8.21 0.19 44.88 Abundant 

Anogeissus leiocarpus 5.24 0.24 5.60 Threatened 1.66 0.06 9.40 Occasional 

Terminalia laxiflora 4.45 0.16 5.06 Threatened 1.09 0.02 5.29 Occasional 

Terminalia brownii 3.01 0.06 4.38 Threatened 0.92 0.02 5.72 Occasional 

Combretum 

hartmannianum 28.30 1.24 

12.56 Occasional 

2.10 0.05 

10.78 Rare 

Combretum aculeatum 3.80 0.09 1.82 Threatened 0.00 0.00 0.00 - 

Combretum molle 4.06 0.08 2.76 Threatened 0.00 0.00 0.00 - 

Combretum glutinosum 2.75 0.05 1.89 Threatened 0.70 0.01 5.35 Occasional 

Lannea fruticosa 4.59 0.04 4.50 Threatened 1.83 0.02 10.29 Rare 

Sclerocarya birrea 1.14 0.02 1.53 Threatened 0.92 0.03 6.80 Frequent 

Ziziphus spina-christi 10.57 0.23 3.32 Rare 2.49 0.10 11.28 Abundant 

Ziziphus abyssinica 2.75 0.19 2.03 Threatened 1.05 0.04 5.62 Occasional 

Stereospermum 

kunthianum 2.40 0.07 

2.58 Threatened 

0.70 0.01 

5.57 Occasional 

Lonchocarpus laxiflorus 0.61 0.00 0.86 Threatened 0.17 0.00 1.26 Rare 

Dalbergia melanoxylon 1.09 0.14 1.49 Threatened 0.26 0.00 3.30 Rare 

Grewia tenax 0.35 0.00 0.47 Threatened 0.44 0.00 1.63 Abundant 

Grewia flavescens 0.44 0.00 0.57 Threatened 0.00 0.00 0.00 - 

Xeromphis nilotica 0.09 0.00 0.22 Threatened 0.00 0.00 0.00 - 

Ochna afzelii 0.26 0.01 0.43 Threatened 0.00 0.00 0.00 - 

Maerua angolensis 0.13 0.01 0.37 Threatened 0.00 0.00 0.00 - 

Cassia arereh 0.04 0.00 0.11 Threatened 0.00 0.00 0.00 - 

Strychons innocua 0.22 0.00 0.43 Threatened 0.00 0.00 0.00 - 

Tamarindus indica 0.04 0.00 0.14 Threatened 0.00 0.00 0.00 - 

Piliostigma reticulatum 0.04 0.00 0.11 Threatened 0.00 0.00 0.00 - 

Capparis decidua 0.57 0.01 0.88 Threatened 0.00 0.00 0.00 - 

Adansonia digitata 0.13 0.03 0.66 Threatened 0.00 0.00 0.00 - 

Boswellia papyrifera 0.13 0.00 0.32 Threatened 0.00 0.00 0.00 - 

Total 741.44 17.88   65.41 1.44   
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Table 4.12. Summary of stand structural variables and diversity indices in Elnour Natural Forest 

Reserve (ENFR) in 2008 and 2021  

Growth variables and diversity indices  2008 2021 

Number of families  16 9 

Genera 25 13 

Number of tree species  35 19 

Density (Tree ha-1) 741.44 65.41 

Number of trees  16979 1498 

Number of seedlings 8285 8265 

Number of saplings 5491 645 

Number of adults 13128 853 

Total basal area (m2 ha-1)  17.88 1.44 

Basal area (m2 ha-1) 0.51 0.07 

Abundant (Relative density; RD ≥ 5)  4 (11.43%) 8 (42.11%) 

Frequent (4.00 ≤ RD ≥ 4.99)  - 1 (5.26%) 

Occasional (3.00 ≤ RD ≥ 3.99)  2 (5.71%) 6 (31.58%) 

Rare (1.00 ≤ RD ≥ 2.99)  3 (8.57%) 4 (21.05%) 

Threatened/ Endangered (0.00 < RD ≤ 1)  26 (74.29%) - 

Shannon–Wiener (Diversity index (H) 1.56 2.21 

Margalef’s index (Species Richness)  3.49 2.46 

Species Evenness index (EH)  0.44 0.75 

Simpson’s Species Diversity index 0.58 0.82 

Index of Dominance  0.42 0.18 

 

These results are consistent with structural degradation observed in dryland forests 

subjected to sustained anthropogenic pressure. The dominance of a few resilient species and the 

low IVI values of most others reflect competitive advantages under disturbance, as reported in 

Sudanese and African dryland ecosystems (Ibrahim & Hassan, 2015; Mohammed et al., 2021a; 

Musa et al., 2024; Abdullahi, 2021; Assogbadjo et al., 2010; Gebeyehu et al., 2019; Maua et al., 

2020; Yahya et al., 2023; Hido et al., 2020). The substantial decline in density and basal area 

between 2008 and 2021 indicates intense harvesting, fuelwood extraction, and grazing pressure, 

which reduce stem density and canopy cover (Hadi et al., 2009; Eltayb & Magid, 2012; Gamoun 

et al., 2015; Kikoti & Mligo, 2015; Ghanbari et al., 2021; Gogoi & Sahoo, 2018). Similar 

degradation patterns have been documented in East African and Sahelian woodlands under 

comparable pressures (Assogbadjo et al., 2010; Gebeyehu et al., 2019; Maua et al., 2020; 

Abdullahi, 2021). 

The disappearance of several species suggests local extirpation of disturbance-sensitive 

taxa, consistent with findings from fragmented and overexploited forest systems (Tesfaye et al., 

2010; Pokhriyal et al., 2010; Rahman et al., 2020; Joshi et al., 2024; Zhong et al., 2024). The 

increase in disturbance-tolerant species reflects competitive release under degraded conditions, 

a pattern widely observed in dryland ecosystems (Maua et al., 2020; Ibrahim & Hassan, 2015; 

Musa et al., 2024; Abdullahi, 2021; Yahya et al., 2023; Hido et al., 2020; Ayele et al., 2024; 

Masresha et al., 2024). 
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The increase in the Shannon–Wiener diversity index, despite declining species richness, 

reflects reduced dominance of previously dominant species rather than true ecological recovery. 

This pattern is consistent with ecological theory and empirical evidence from disturbed forests 

(Gamito, 2010; Okpiliya, 2012; Yeom & Kim, 2011; Siddig, 2019; Serbouti et al., 2023; 

Gunawan et al., 2024; Wilfahrt et al., 2023; Stritih et al., 2024). The observed regeneration 

bottleneck, characterized by stable seedling numbers but declining saplings and adult trees, 

indicates impaired recruitment and long-term instability, as reported in degraded tropical and 

dry forests (Cueva-Ortiz et al., 2020; Petrie et al., 2023; Bentz et al., 2022; Lalor et al., 2023; 

Crockett & Hurteau, 2024). 

Overall, these findings demonstrate substantial restructuring of species composition and 

forest function in the ENFR, driven by selective loss of disturbance-sensitive species and 

increasing dominance of resilient taxa. This highlights the urgent need for conservation 

measures, including protection of declining species, regulation of resource extraction, assisted 

regeneration, and sustainable management strategies to restore forest complexity and long-term 

resilience (FAO, 2010; Vizzarri, 2024; Yasin et al., 2024; Hasoba et al., 2025; Osewe et al., 

2024; Rajasugunasekar et al., 2023; Chaturvedi et al., 2024; de Oliveira et al., 2024; Volis, 2024; 

Zhao et al., 2024). 

4.5. Mapping of Dominant Tree Species Using Multi-Source Remote Sensing Data and 

Machine Learning Approaches (Objective 4) 

This section presents the mapping and analysis of dominant tree species in the Elnour 

Natural Forest Reserve (ENFR) using multi-temporal and multi-source remote sensing data 

combined with machine learning techniques. The performance of different classification 

algorithms is evaluated, and their outputs are compared in terms of accuracy, spatial 

consistency, and temporal stability. The results provide a detailed assessment of species 

distribution patterns and their changes over time, contributing to a better understanding of forest 

composition dynamics and the applicability of machine learning approaches in dryland 

ecosystems. 

4.5.1. Machine Learning–Based Classification of Dominant Tree Species 

Machine learning classifiers successfully mapped dominant tree species in the dryland 

forest ecosystem across four time periods (2008, 2013, 2018, and 2021) using multi-temporal 

and multi-source satellite data within Google Earth Engine. Random Forest (RF), Support 

Vector Machine (SVM), Classification and Regression Trees (CART), and an ensemble 

approach all produced reliable classification outputs. RF and SVM consistently demonstrate 
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strong performance across all years, while CART provides stable and interpretable results. The 

ensemble approach improves overall classification accuracy but introduces higher uncertainty 

for less-represented species. 

Across all years, Acacia seyal is consistently identified as the dominant canopy species. 

Secondary species, including Sterculia setigera and Combretum hartmannianum, are also 

detected, although their spatial distribution varies over time. 

Overall, the results indicate that machine learning approaches are effective for mapping 

dominant tree species in dryland ecosystems, with higher classification accuracy for dominant 

species and lower reliability for minor or less-represented classes. 

These results are consistent with previous studies demonstrating the effectiveness of 

Google Earth Engine for large-scale vegetation monitoring (Gorelick et al., 2017; Wang et al., 

2020). The strong performance of RF reflects its ability to handle high-dimensional and multi-

source data, while SVM performs well under limited sample conditions (Pal, 2005; Belgiu & 

Drăguţ, 2016; Cortes & Vapnik, 1995; Halldorsson et al., 2003). The effectiveness of CART 

further supports its applicability in ecological classification tasks (De’ath & Fabricius, 2000; 

Sesnie et al., 2008). 

The improved performance of the ensemble approach is consistent with studies showing 

that combining classifiers can enhance overall accuracy; however, the increased uncertainty for 

minor species highlights the influence of class imbalance and spectral overlap (Breiman et al., 

1984; Ramezan et al., 2020). The consistent dominance of Acacia seyal aligns with ecological 

studies in Sudan’s dryland forests, where this species plays a central structural role (Harrison & 

Jackson, 1958; Fahmi, 2017; Mohammed et al., 2021a). 

The variability observed in mapping secondary species reflects known challenges in 

species-level classification, particularly in dryland environments where spectral similarity and 

phenological variation reduce class separability (Fassnacht et al., 2016; Persson et al., 2018; 

Liu et al., 2021). 

Overall, these findings demonstrate that machine learning–based classification provides 

a robust and scalable approach for mapping dominant tree species in dryland forests, while also 

highlighting the need for improved methods to better capture minor and spectrally similar 

species. 

4.5.2. Comparison of Algorithm Performance for Dominant Tree Species Mapping 

Across all years (2008, 2013, 2028, and 2021), Support Vector Machine (SVM) and 

Random Forest (RF) show the most stable and reliable performance for mapping dominant tree 
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species, with overall accuracies ranging from 89% to 96% and Kappa coefficients between 0.84 

and 0.93 (Fig. 4.12). In contrast, Classification and Regression Trees (CART) exhibit more 

variable performance, particularly for less distinct species such as Dichrostachys cinerea, 

Balanites aegyptiaca, and Combretum molle. The ensemble classifier shows lower overall 

accuracy (69–89%) and reduced Kappa values (0.55–0.80), with inconsistent detection of minor 

species and a tendency to overestimate dominant classes. Overall, the results indicate that RF 

and SVM outperform CART and the ensemble approach, providing more consistent and reliable 

classification results across all time periods. 

These results are consistent with previous studies demonstrating the robustness of RF 

and SVM in forest classification tasks (Belgiu & Drăguţ, 2016; Raczko & Zagajewski, 2017; 

Sabins & Ellis, 2020). The strong performance of RF reflects its ability to handle high-

dimensional spectral data and reduce overfitting, as widely reported in remote sensing 

applications (Pal, 2005; Immitzer et al., 2012; Du et al., 2015). Similarly, the stability of SVM 

confirms its effectiveness in separating spectrally overlapping classes through margin 

optimization (Cortes & Vapnik, 1995; Halldorsson et al., 2003; Axelsson et al., 2021). 

  

Fig. 4.12. Comparative performance of machine learning classifiers (RF, SVM, CART, and 

ensemble) for dominant tree species mapping in the ENFR during 2008–2021, based on overall 

accuracy and Kappa statistics. 

The moderate performance of CART reflects its sensitivity to class imbalance and 

spectral overlap, which limits its effectiveness in complex vegetation environments (De’ath & 

Fabricius, 2000; Breiman et al., 1984; Ließ et al., 2012). Similar limitations of single decision-

tree models have been reported in heterogeneous forest systems (Lu & Weng, 2007; Fassnacht 

et al., 2016). 
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The lower performance of the ensemble classifier is likely due to majority-voting bias 

and correlated errors among base classifiers, which can reduce classification accuracy and 

spatial detail, particularly for rare species (Hu et al., 2021; Ramezan et al., 2019; Chung et al., 

2021). This finding is consistent with studies showing that ensemble approaches may lead to 

overgeneralization and reduced spatial realism when class imbalance is present (Sabat-Tomala 

et al., 2020; Strömann et al., 2019; Persson et al., 2018). 

Overall, these findings demonstrate that individual classifiers, particularly RF and SVM, 

provide more accurate and reliable outputs than the ensemble approach for mapping dominant 

tree species. This supports their suitability for long-term monitoring of savanna woodland 

composition, consistent with findings in remote sensing and machine learning studies 

(Fassnacht et al., 2016; Wang et al., 2020; Zhong et al., 2024). 

4.5.3. Spatial Distribution and Area Estimates of Dominant Tree Species 

Spatial distribution maps reveal clear and consistent ecological patterns across all study 

years (Figures 4.13–4.16; Tables 4.13–4.17). Acacia seyal dominates the central and lowland 

areas of the Elnour Natural Forest Reserve (ENFR), forming the most continuous and extensive 

canopy cover. In contrast, Sterculia setigera and Combretum hartmannianum occur in more 

fragmented patches, typically associated with transitional or disturbed zones. Minor species are 

confined to localized and discontinuous patches, indicating limited spatial extent and lower 

ecological dominance. 

Random Forest (RF) and Support Vector Machine (SVM) produce more spatially 

coherent, continuous, and ecologically consistent distribution patterns across all years. In 

contrast, Classification and Regression Trees (CART) and the ensemble approach exhibit 

greater spatial fragmentation and less consistent class distribution, particularly for minor 

species. Overall, the results indicate that dominant species exhibit stable and spatially structured 

distribution patterns, whereas secondary and minor species show fragmented and variable 

spatial dynamics. 

4.5.3.1. Distribution of Dominant Tree Species in 2008 

The spatial distribution and proportional coverage of dominant tree species in 2008 vary 

among the classification algorithms, reflecting differences in model sensitivity and class 

assignment behavior (Fig. 4.13; Table 4.13).  
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Fig. 4.13. Spatial distribution of dominant tree species in the Elnour Natural Forest Reserve 

(ENFR) using RF, SVM, CART, and ensemble models in 2008. 

Table 4.13. Estimated area (ha) and relative proportion (%) of dominant tree species in the study 

area derived from RF, SVM, CART, and ensemble classifications in 2008. 

Species  RF SVM CART Ensemble 

Area(ha) % Area(ha) % Area(ha) % Area(ha) % 

Acacia seyal 3372.81 71.29 3313.92 70.05 3313.92 70.05 3482.36 73.61 

Combretum hartmannianum 250.24 5.29 193.35 4.09 193.35 4.09 222.92 4.71 

Sterculia setigera 979.79 20.71 1144.10 24.18 1144.10 24.18 887.99 18.77 

Dichrostachys cinerea 9.86 0.21 0.68 0.01 0.68 0.01 17.77 0.38 

Acacia Senegal 77.64 1.64 64.57 1.36 64.57 1.36 69.87 1.48 

Terminalia laxiflora 3.09 0.07 0.98 0.02 0.98 0.02 3.41 0.07 

Balanities aegyptiaca 13.71 0.29 4.14 0.09 4.14 0.09 18.56 0.39 

Terminalia brownii 13.55 0.29 6.93 0.15 6.93 0.15 13.31 0.28 

Lonchocarpus laxiflorus 4.44 0.09 0.30 0.01 0.30 0.01 7.00 0.15 

Combretum molle 5.95 0.13 2.11 0.04 2.11 0.04 7.88 0.17 

 

Across all classifiers, Acacia seyal is consistently identified as the dominant species, 

covering the largest proportion of the study area. Estimated coverage ranges from 70.05% under 

SVM and CART to 73.61% under the ensemble classifier, while RF provides an intermediate 

estimate of 71.29%. These results indicate stable and consistent detection of this structurally 

dominant species across algorithms. 

Sterculia setigera is the second most extensive species, although its estimated area 

varies among classifiers. SVM and CART produce higher estimates (24.18%) than RF (20.71%) 

and the ensemble classifier (18.77%). Combretum hartmannianum occupies a moderate 

proportion of the landscape, with RF estimating the largest area (5.29%), SVM and CART 
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producing lower estimates (4.09%), and the ensemble approach yielding an intermediate value 

(4.71%). 

Minor and sparsely distributed species, including Dichrostachys cinerea, Terminalia 

laxiflora, Lonchocarpus laxiflorus, and Combretum molle, consistently occupy less than 1% of 

the total area across all classifiers. However, the ensemble classifier generally produces slightly 

higher estimates for these rare species than SVM and CART. Overall, SVM and CART generate 

highly similar estimates for most species, RF shows slightly greater variability among minor 

classes, and the ensemble classifier consistently reports higher area estimates for both dominant 

and rare species. Overall, the results confirm the strong spatial dominance of Acacia seyal and 

demonstrate consistent classification performance for dominant species across algorithms, 

while highlighting greater variability in the estimation of secondary and minor species. 

These results are consistent with the ecological and structural dominance of Acacia seyal 

in Sudanese dryland woodlands (Harrison & Jackson, 1958; Fahmi, 2017; Mohammed et al., 

2021a). The relatively stable estimates across classifiers indicate that dominant canopy species 

with distinct spectral and structural characteristics can be mapped reliably using machine 

learning approaches, particularly RF and SVM (Belgiu & Drăguţ, 2016; Cortes & Vapnik, 1995; 

Pal, 2005). 

The greater variability observed for Sterculia setigera and Combretum hartmannianum 

reflects the difficulty of separating secondary species with overlapping spectral responses and 

patchier distributions, which is a common challenge in tree-species classification using multi-

source imagery (Fassnacht et al., 2016; Persson et al., 2018; Liu et al., 2021; Wan et al., 2021). 

The slightly higher coverage assigned by the ensemble classifier to both dominant and rare 

species suggests aggregation bias associated with majority voting, particularly under conditions 

of class imbalance (Hu et al., 2021; Ramezan et al., 2019; Chung et al., 2021).  

4.5.3.2. Distribution of Dominant Tree Species in 2013 

The spatial distribution and proportional coverage of dominant tree species in 2013 

show clear variation among classification algorithms, reflecting differences in model sensitivity 

and class assignment behavior (Fig. 4.14; Table 4.14). Acacia seyal remains the dominant 

species across all classifiers, occupying the largest proportion of the study area. Estimated 

coverage ranges from (60.37%) under RF and (67.37%) under both SVM and CART, while the 

ensemble classifier provides an intermediate estimate of (63.86%). 
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Fig. 4.14. Spatial distribution of dominant tree species in the Elnour Natural Forest Reserve 

(ENFR) using RF, SVM, CART, and ensemble models in 2013. 

Table 4.14. Estimated area (ha) and relative proportion (%) of dominant tree species in the study 

area derived from RF, SVM, CART, and ensemble classifications in 2013. 

Species name RF SVM CART Ensemble 

Area(ha) % Area(ha) % Area(ha) % Area(ha) % 

Acacia seyal 2856.01 60.37 3187.33 67.37 3187.33 67.37 3021.29 63.86 

Combretum hartmannianum 616.59 13.03 409.01 8.65 409.01 8.65 605.10 12.79 

Sterculia setigera 841.63 17.79 976.23 20.63 976.23 20.63 709.99 15.01 

Dichrostachys cinerea 161.00 3.40 77.75 1.64 77.75 1.64 134.40 2.84 

Acacia Senegal 89.96 1.90 31.11 0.66 31.11 0.66 83.62 1.77 

Balanities aegyptiaca 32.47 0.69 3.69 0.08 3.69 0.08 39.84 0.84 

Acacia polycantha 29.53 0.62 11.90 0.25 11.90 0.25 27.84 0.59 

Lannea fruticosa 55.68 1.18 6.93 0.15 6.93 0.15 47.81 1.01 

Combretum molle 8.51 0.18 4.07 0.09 3.77 0.08 11.03 0.23 

Ziziphus spina-christi 14.77 0.31 20.19 0.43 20.19 0.43 23.20 0.49 

Bareland 24.94 0.53 2.86 0.06 3.16 0.07 26.97 0.57 

 

Sterculia setigera remains the second most extensive species; however, its estimated 

area varies substantially among classifiers. SVM and CART produce higher estimates (20.63%) 

than RF (17.79%) and the ensemble approach (15.01%). Combretum hartmannianum occupies 

a moderate proportion of the forest landscape, with RF (13.03%) and the ensemble classifier 

(12.79%) generating higher estimates than SVM and CART (8.65%). 

Minor and sparsely distributed species, including Dichrostachys cinerea, Acacia 

senegal, Balanites aegyptiaca, Acacia polyacantha, Lannea fruticosa, Combretum molle, and 

Ziziphus spina-christi, consistently occupy less than 4% of the total area across all models. 

Bareland occupies a negligible proportion in all classifications, ranging from 0.06% under SVM 
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to 0.57% under the ensemble classifier. Overall, SVM and CART produce highly comparable 

area estimates, RF yields more conservative predictions for several secondary and minor 

species, and the ensemble approach tends to assign slightly higher areas to multiple classes. 

Overall, the results confirm the continued dominance of Acacia seyal, while indicating 

increased variability in the spatial distribution of secondary and minor species across 

classification algorithms. 

These results indicate that Acacia seyal maintains structural dominance in 2013 despite 

a reduction in its spatial extent relative to 2008. This decline likely reflects increasing ecological 

pressure, localized disturbance, or temporal variation in canopy condition affecting spectral 

separability. Similar trends have been reported in Sudanese dryland forests under continued 

anthropogenic and climatic stress (Abuelbashar et al., 2022; Gurashi et al., 2024a; Yasin et al., 

2024). 

The increased representation of Combretum hartmannianum, particularly under RF and 

ensemble classification, suggests expansion into mixed or transitional canopy conditions. In 

contrast, the variability observed in Sterculia setigera estimates highlights the difficulty of 

mapping species with partially overlapping spectral and structural characteristics (Fassnacht et 

al., 2016; Ferreira et al., 2019; Axelsson et al., 2021). The more conservative estimates produced 

by RF for several secondary species are consistent with its ability to reduce overfitting and 

maintain robust classification performance in complex datasets (Belgiu & Drăguţ, 2016; Du et 

al., 2015; Soleimannejad et al., 2019). 

The negligible extent of bareland indicates that changes in 2013 are primarily driven by 

transitions among vegetation classes rather than large-scale conversion to non-vegetated land. 

The slightly higher estimates produced by the ensemble classifier again suggest majority-voting 

effects, particularly for less represented classes (Hu et al., 2021; Ramezan et al., 2019).  

4.5.3.3. Distribution of Dominant Tree Species in 2018 

The spatial distribution and proportional coverage of dominant tree species in 2018 

show pronounced variation among classification algorithms, reflecting differences in model 

sensitivity and class assignment behavior (Fig. 4.15; Table 4.15). Acacia seyal remains the 

dominant species across all classifiers, although its estimated area varies substantially. CART 

produces the lowest estimate (47.26%), while the ensemble classifier reports the highest 

coverage (73.99%). RF and SVM yield identical intermediate estimates of (68.29%), indicating 

strong agreement between these two algorithms. 
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Fig. 4.15. Spatial distribution of dominant tree species in the Elnour Natural Forest Reserve 

(ENFR) using RF, SVM, CART, and ensemble models in 2018. 

Table 4.15. Estimated area (ha) and relative proportion (%) of dominant tree species in the study 

area derived from RF, SVM, CART, and ensemble classifications in 2018. 

Species  RF SVM CART Ensemble 

Area(ha) % Area(ha) % Area(ha) % Area(ha) % 

Acacia seyal 3230.70 68.29 3230.70 68.29 2235.87 47.26 3500.48 73.99 

Combretum hartmannianum 1029.13 21.75 1029.13 21.75 928.53 19.63 750.44 15.86 

Sterculia setigera 219.01 4.63 219.01 4.63 402.56 8.51 157.51 3.33 

Dichrostachys cinerea 103.14 2.18 103.14 2.18 275.83 5.83 105.94 2.24 

Acacia Senegal 75.41 1.59 75.41 1.59 237.41 5.02 68.56 1.45 

Terminalia brownii 5.35 0.11 5.35 0.11 66.45 1.40 19.70 0.42 

Acacia polycantha 8.81 0.19 8.81 0.19 107.97 2.28 28.37 0.60 

Balanities aegyptiaca 14.69 0.31 14.69 0.31 141.42 2.99 22.94 0.48 

Lannea fruticosa 28.10 0.59 28.10 0.59 109.55 2.32 31.61 0.67 

Ziziphus spina-christi 8.66 0.18 8.66 0.18 127.63 2.70 28.19 0.60 

Bareland 8.06 0.17 8.06 0.17 97.87 2.07 17.34 0.37 

 

Combretum hartmannianum occupies a substantial proportion of the forest landscape, 

with RF and SVM both estimating (21.75%), CART producing slightly lower coverage 

(19.63%), and the ensemble classifier assigning a smaller area (15.86%). Sterculia setigera also 

shows considerable inter-algorithm variability, with CART reporting the highest estimate 

(8.51%), RF and SVM producing identical values (4.63%), and the ensemble classifier 

assigning the lowest coverage (3.33%). 

Minor and sparsely distributed species generally occupy less than 6% of the total forest 

area. CART tends to assign higher coverage to several rare classes, such as Dichrostachys 

cinerea (5.83%). Bareland remains minimal across all models (≤2.07%). Overall, RF and SVM 
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produce closely aligned estimates, CART underestimates the dominant species and 

overestimates several minor species, and the ensemble classifier inflates the coverage of 

dominant species. 

Overall, the results confirm the continued dominance of Acacia seyal, while 

highlighting increased variability among algorithms in estimating secondary and minor species. 

These results indicate that the strong agreement between RF and SVM in 2018 is likely 

associated with improved species discrimination enabled by Sentinel-2 imagery, whose higher 

spatial and spectral resolution enhances the separation of spectrally similar vegetation classes 

(Drusch et al., 2012; Persson et al., 2018; Liu et al., 2021). This supports previous studies 

demonstrating that multi-temporal Sentinel-2 data improve tree-species mapping performance 

in heterogeneous forest environments (Axelsson et al., 2021; Praticò et al., 2021; Zhong et al., 

2024). 

The lower estimate of Acacia seyal under CART, combined with higher estimates for 

rare species, reflects the sensitivity of single-tree methods to class imbalance and spectral 

overlap in ecologically complex landscapes (De’ath & Fabricius, 2000; Breiman et al., 2017; 

Ließ et al., 2012). In contrast, RF and SVM are better able to handle multidimensional feature 

space and complex class boundaries, which explains their closer agreement and greater stability 

(Belgiu & Drăguţ, 2016; Cortes & Vapnik, 1995; Raczko & Zagajewski, 2017). 

The high estimate of Acacia seyal under the ensemble classifier indicates that majority 

voting can amplify dominant classes when component classifiers share similar tendencies. This 

confirms that ensemble outputs should be interpreted cautiously in imbalanced species datasets 

(Hu et al., 2021; Ramezan et al., 2019; Sabat-Tomala et al., 2020).  

4.5.3.4. Distribution of Dominant Tree Species in 2021 

The spatial distribution and proportional coverage of dominant tree species in 2021 

show pronounced variation among classification algorithms, reflecting differences in model 

sensitivity and class assignment behavior (Fig. 4.16; Table 4.16). Acacia seyal remains a 

dominant species; however, its estimated coverage declines markedly compared to earlier years. 

Area estimates range from (33.79%) under SVM and CART to (37.73%) under the ensemble 

classifier, while RF provides an intermediate estimate of (34.23%). 
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Fig. 4.16. Spatial distribution of dominant tree species in the Elnour Natural Forest Reserve 

(ENFR) using RF, SVM, CART, and ensemble models in 2021. 

Table 4.16. Estimated area (ha) and relative proportion (%) of dominant tree species in the study 

area derived from RF, SVM, CART, and ensemble classifications in 2021. 

Species  RF SVM CART Ensemble 

Area(ha) % Area(ha) % Area(ha) % Area(ha) % 

Acacia seyal 1619.61 34.23 1598.85 33.79 1598.85 33.79 1784.91 37.73 

Combretum hartmannianum 104.63 2.21 390.07 8.24 390.07 8.24 324.83 6.87 

Sterculia setigera 1821.20 38.49 1315.93 27.81 1315.93 27.81 1731.68 36.60 

Acacia Senegal 62.52 1.32 186.93 3.95 186.93 3.95 74.25 1.57 

Balanities aegyptiaca 336.73 7.12 328.89 6.95 328.89 6.95 292.09 6.17 

Terminalia brownii 24.11 0.51 153.48 3.24 153.48 3.24 42.20 0.89 

Lannea fruticosa 190.51 4.03 164.26 3.47 164.26 3.47 132.03 2.79 

Acacia nubica 274.66 5.81 212.93 4.50 212.93 4.50 163.73 3.46 

Acacia mellifera 31.64 0.67 125.00 2.64 125.00 2.64 24.17 0.51 

Terminalia laxiflora 47.01 0.99 107.37 2.27 107.37 2.27 31.17 0.66 

Bareland 218.46 4.62 147.38 3.12 147.38 3.12 130.02 2.75 

 

In contrast, Sterculia setigera emerges as a co-dominant species in 2021. RF estimates 

the largest coverage (38.49%), followed by the ensemble classifier (36.60%), while SVM and 

CART generate lower but identical estimates (27.81%). Combretum hartmannianum shows a 

clear decline compared with 2018, with estimates ranging from (2.21%) under RF to (8.24%) 

under SVM and CART. 

Other minor and sparsely distributed species, including Acacia senegal, Balanites 

aegyptiaca, Terminalia brownii, Lannea fruticosa, Acacia nubica, Acacia mellifera, and 

Terminalia laxiflora, consistently occupy less than 7% of the total area across all algorithms. 

CART tends to assign relatively higher coverage to several rare classes, such as Terminalia 
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brownii (3.24%). Bareland remains low across all models (≤4.62%). Overall, SVM and CART 

produce closely aligned estimates, RF yields more conservative predictions for secondary and 

minor species, and the ensemble classifier produces slightly higher estimates for both dominant 

and rare classes. 

Overall, the results indicate a clear shift in species dominance, with a decline in Acacia 

seyal and the emergence of Sterculia setigera as a co-dominant species, accompanied by 

increased variability in the distribution of secondary and minor species. 

These results indicate substantial ecological restructuring by 2021. The decline of 

Acacia seyal and the rise of Sterculia setigera likely reflect changes in competitive dynamics 

under increasing disturbance pressure, selective resource extraction, and altered site conditions. 

Similar compositional shifts toward disturbance-tolerant and opportunistic species have been 

reported in Sudanese forest reserves under sustained ecological stress (Abuelbashar et al., 2022; 

Gurashi et al., 2024b; Musa et al., 2024). 

The decline of Combretum hartmannianum relative to 2018 suggests sensitivity to 

disturbance intensity or reduced competitiveness under changing canopy structure. The 

moderate increase of other secondary species further indicates a transition toward a more 

heterogeneous and structurally simplified vegetation state, characteristic of dryland forests 

undergoing ecological reorganization (Smith et al., 2019; Yasin et al., 2024; Yasin et al., 2025). 

As observed in previous years, RF produces more conservative and spatially coherent 

estimates, whereas CART shows a tendency to overestimate minor classes. The ensemble 

classifier again smooths class distributions and slightly inflates selected areas, confirming that 

majority voting can bias final area estimates under conditions of class imbalance (Hu et al., 

2021; Chung et al., 2021; Ramezan et al., 2019).  

4.5.4. Temporal Dynamics of Dominant Tree Species Composition (2008–2021) 

The analysis of dominant tree species from 2008 to 2021 reveals pronounced temporal 

changes in forest structure and spatial composition, together with clear algorithm-dependent 

variability across all study years (Table 4.17).  

Acacia seyal remains the dominant species throughout the study period; however, its 

spatial extent fluctuates substantially over time. In 2008, its estimated area ranges from 

(70.05%) under SVM and CART to (73.61%) under the ensemble classifier. By 2013, coverage 

declines to (60.37–67.37%). In 2018, estimates range from (47.26%) under CART to (73.99%) 

under the ensemble classifier. In 2021, RF, SVM, and CART converge at approximately (33.79–

34.23%), while the ensemble classifier again reports slightly higher coverage (37.73%). 
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Table 4.17. Percentage area of the top three species across 2008, 2013, 2018, and 2021 for all 

four classifiers (RF, SVM, CART, and ensemble).  

Year Species RF (%) SVM (%) CART (%) Ensemble 

(%) 

2008 Acacia seyal 71.29 70.05 70.05 73.61 

Sterculia setigera 20.71 24.18 24.18 18.77 

Combretum hartmannianum 5.29 4.09 4.09 4.71 

2013 Acacia seyal 60.37 67.37 67.37 63.86 

Sterculia setigera 17.79 20.63 20.63 15.01 

Combretum hartmannianum 13.03 8.65 8.65 12.79 

2018 Acacia seyal 68.29 68.29 47.26 73.99 

Sterculia setigera 4.63 4.63 8.51 3.33 

Combretum hartmannianum 21.75 21.75 19.63 15.86 

2021 Acacia seyal 34.23 33.79 33.79 37.73 

Sterculia setigera 38.49 27.81 27.81 36.6 

Combretum hartmannianum 2.21 8.24 8.24 6.87 

 

Sterculia setigera shows marked temporal variability. In 2008, its estimated area ranges 

from (18.77–24.18%). It remains moderate in 2013 (15.01–20.63%), declines sharply in 2018 

(3.33–8.51%), and then increases substantially in 2021 to (27.81–38.49%). 

Combretum hartmannianum follows a different trajectory. It occupies (4.09–5.29%) in 

2008, increases in 2013 to (8.65–13.03%), peaks in 2018 at (15.86–21.75%), and then declines 

sharply in 2021 to (2.21–8.24%). Minor and sparsely distributed species consistently occupy 

small proportions of the forest, generally below 6%, while bareland remains below 5% 

throughout the study period. 

Overall, the results indicate substantial temporal shifts in species dominance and 

composition, characterized by a long-term decline in Acacia seyal, strong fluctuations in S. 

setigera and Combretum hartmannianum, and low but persistent representation of minor 

species. 

These results indicate that the long-term decline in Acacia seyal, particularly by 2021, 

reflects a weakening of its previously dominant position in the ENFR. Although it remains one 

of the leading species overall, the reduction in area indicates substantial structural change in the 

forest. This likely reflects continued disturbance, shifts in competitive balance, and changing 

environmental conditions affecting canopy dominance. Similar structural changes have been 

reported in dryland forest systems under increasing ecological stress (Abuelbashar et al., 2022; 

Musa et al., 2024; Yasin et al., 2024). 

The strong increase in Sterculia setigera in 2021 suggests possible competitive release 

or a successional response following the decline of Acacia seyal. In contrast, the rise and 
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subsequent decline of Combretum hartmannianum indicate that its distribution is sensitive to 

disturbance intensity, canopy structure, and habitat variability over time. Such temporal 

dynamics are consistent with the behavior of secondary species in heterogeneous dryland 

ecosystems (Smith et al., 2019; Mohammed et al., 2021a). 

The consistently low proportion of bareland indicates that forest change is primarily 

driven by internal reorganization of species composition rather than large-scale conversion to 

non-vegetated land. At the same time, the recurrent overestimation of both dominant and rare 

species under ensemble classification confirms that algorithm choice strongly influences 

temporal interpretation. This supports broader remote-sensing evidence that classifier selection 

is a critical component of long-term ecological monitoring (Congalton & Green, 2019; Gorelick 

et al., 2017; Zhong et al., 2024). 

Overall, these findings demonstrate that the ENFR has undergone substantial 

compositional restructuring between 2008 and 2021. They further show that multi-temporal 

species mapping in dryland forests requires careful algorithm selection to minimize bias and 

improve ecological interpretation. 

4.6. Modeling and Prediction of the Current and Future Potential Distribution of Acacia seyal 

(Delile) under Climate Change Scenarios (Objective 5) 

To understand the current and future spatial distribution of Acacia seyal under changing 

climatic conditions, a species distribution modeling approach was applied using the MaxEnt 

algorithm. This section presents the evaluation of model performance, the identification of key 

environmental drivers, and the spatial patterns of habitat suitability under both current and 

projected climate scenarios. 

The analysis is structured to first assess model reliability, followed by the contribution 

of environmental variables, and then to examine the current distribution of suitable habitats. 

Subsequently, future projections under different emission scenarios (SSP2–4.5 and SSP5–8.5) 

are analyzed to identify potential shifts in species distribution. Finally, state-level assessments 

are provided to highlight regional differences in suitability and to support spatially explicit 

conservation and management strategies. 

4.6.1. Model accuracy and prediction performance 

The MaxEnt simulations demonstrate strong discriminatory performance, with mean 

AUC values of 0.950 for the training dataset and 0.944 for the evaluation dataset across ten 

replicated runs (Fig. 4.17). The model also achieves a mean True Skill Statistic (TSS) of 0.838 

± 0.02, indicating a high level of agreement between predicted suitability patterns and observed 
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occurrence records. These results confirm that the model reliably distinguishes suitable from 

unsuitable habitats, with performance well above the commonly accepted threshold of 0.7 for 

ecological niche models. 

Model calibration is further supported by the close agreement between observed 

omission rates and those expected under cumulative threshold criteria, indicating that the model 

predictions are neither overfitted nor overly generalized. In addition, the low standard deviation 

across replicate runs demonstrates strong model stability and consistency, suggesting that the 

predictions are robust despite variability in training data partitioning. 

Overall, the results indicate that MaxEnt effectively captures the ecological niche of 

Acacia seyal under both historical climatic conditions (1970–2000) and future climate scenarios 

(2021–2040 and 2081–2100) under SSP2–4.5 and SSP5–8.5. 

  

Fig. 4. 17. The AUC results from the MaxEnt model for Acacia seyal SDM in Sudan. (A) The 

red line represents model performance on training data, indicating how well the model fits the 

data it was trained on. The blue line represents performance on testing data, serving as the real 

test of the model’s predictive power. (B) The average AUC per formance across multiple 

replicate runs, with the red line showing the mean AUC and the blue shaded area representing 

the standard deviation, reflecting model stability and reliability. The diagonal black line in both 

panels represents random prediction (AUC = 0.5). 

These results are consistent with previous studies demonstrating the effectiveness of 

MaxEnt for presence-only species distribution modeling (Jiménez-Valverde, 2014; Elith et al., 

2011; Merow et al., 2013; Phillips et al., 2017). Similar high AUC values have been reported 

for tree species in dryland and tropical environments, including Acacia species and other 

savanna trees, confirming the suitability of this approach for climate-driven habitat modeling 

(Tesfamariam et al., 2022; Hosseini et al., 2024; Montoya-Jimenez et al., 2022). Comparable 
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results have also been reported for species such as Acacia Senegal (Alhassan et al., 2024), 

Tamarindus indica (Gufi et al., 2023), and Adansonia digitata (Gadallah et al., 2025), further 

supporting the robustness and transferability of MaxEnt in predicting species distributions 

under changing climatic conditions. 

The high predictive performance reflects the model’s ability to represent complex, 

nonlinear relationships between species occurrence and environmental gradients, which is 

particularly important in heterogeneous dryland ecosystems (Elith et al., 2011; Merow et al., 

2013). Although MaxEnt may yield slightly lower AUC values compared to presence–absence 

models for ecologically tolerant species, the performance observed in this study remains high 

and reliable (Phillips et al., 2006; Elith et al., 2006). 

Overall, these findings confirm that the MaxEnt model provides a robust and 

scientifically sound basis for assessing the current and future potential distribution of Acacia 

seyal in the Blue Nile savanna under climate change scenarios. 

4.6.2. Key Environmental Variables Shaping Acacia seyal (Delile) Habitat Distribution  

A total of nine environmental predictors were retained after applying the Variance 

Inflation Factor (VIF) screening procedure, ensuring minimal multicollinearity among 

variables. These include bio2, bio3, bio10, bio14, bio15, bio18, bio19, altitude, and soil 

characteristics. Their relative contributions and permutation importance values are presented in 

Table 4.18. 

Table 4.18. Relative percent contribution and permutation importance of all environmental 

variables retained in the MaxEnt analysis, presented in order of decreasing contribution to 

model performance. 

Variable Bioclimatic Description Percent Contribution 

(%) 

Permutation Importance 

(%) 

bio3 Isothermality (BIO2/BIO7 × 100) 37.6 4.9 

bio18 Precipitation of warmest quarter 24.7 37.8 

bio15 Precipitation seasonality 14.2 24.2 

bio2 Mean diurnal range 11.1 0.8 

bio10 Mean temperature of warmest quarter 8.8 10.2 

Altitude Elevation 1.9 18.6 

Soil Physical and chemical characteristics 1.0 0.5 

bio19 Precipitation of coldest quarter 0.8 3.0 

bio14 Precipitation of driest month 0 0 

 

Among all predictors, isothermality (bio3) emerges as the most influential variable, 

accounting for 37.6% of the total model contribution. This is followed by precipitation of the 

warmest quarter (bio18) and precipitation seasonality (bio15), contributing 24.7% and 14.2%, 
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respectively. Notably, bio18 also shows the highest permutation importance (37.8%), indicating 

a strong independent influence on model predictions. Although altitude contributes only 1.9% 

during model training, its relatively high permutation importance (18.6%) highlights its distinct 

role in shaping habitat suitability. The Jackknife test further confirms the importance of bio3, 

bio18, and bio15, as these variables produce the highest model gain when used independently 

(Fig. 4.18). 

Overall, the results indicate that the distribution of Acacia seyal is primarily controlled 

by climatic variability, particularly temperature stability and water availability during the 

warmest period of the year. 

  
Fig. 4.18. The jackknife test for evaluating the relative importance of environmental variables 

for Acacia seyal distribution. The green bar represents the decrease in total gain when excluding 

that particular variable from the model. The blue bar illustrates the gain achieved by using only 

the variable in question, with all other variables excluded, and the red bar indicates the gain 

realized through the inclusion of all variables in the model. 

These results indicate that the dominant role of isothermality (bio3) reflects strong 

sensitivity of the species to the balance between diurnal and annual temperature fluctuations, 

which directly influence physiological processes such as growth, transpiration, and survival. 

The strong influence of precipitation during the warmest quarter (bio18) highlights the 

importance of moisture availability during critical growth periods, particularly for seedling 

establishment and early development in dryland environments. 
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These findings are consistent with ecological studies indicating that Acacia seyal is well 

adapted to semi-arid and savanna ecosystems, where seasonal rainfall patterns and temperature 

variability strongly regulate species distribution (Ahanger et al., 2021; Acharya et al., 2025). 

Similar results have been reported in Ethiopia and other parts of East Africa, where precipitation 

availability plays a key role in regeneration and spatial distribution of Acacia species (Semu et 

al., 2021). Temperature-related variables also contribute significantly, as extreme variability can 

limit physiological performance and reproductive success (Elhassan et al., 2024). 

Although altitude shows a relatively low contribution during model fitting, its high 

permutation importance suggests that it exerts an indirect but critical influence by modifying 

local climatic and edaphic conditions. Elevation affects temperature gradients, moisture 

availability, and soil properties, all of which are essential for species establishment and 

persistence (Acharya et al., 2025; Martínez‐Villa et al., 2023). The strong performance of key 

variables in the Jackknife test further confirms their central role in determining habitat 

suitability, as model performance declines substantially when these variables are excluded. 

Overall, these findings indicate that Acacia seyal distribution is governed by the 

interaction between temperature stability, seasonal precipitation, and topographic controls. This 

climatic sensitivity suggests that future changes in rainfall patterns and temperature regimes 

may significantly alter the spatial distribution of the species. Similar climate-driven distribution 

shifts have been reported for other African woody species, indicating potential range contraction 

or redistribution under future climate scenarios (Mtsetfwa et al., 2023; Moradi et al., 2025).  

4.6.3. Current potential habitat distribution of Acacia seyal in Sudan 

The model predicts that approximately 20.22% of Sudan’s total land area offers suitable 

habitat for Acacia seyal under current conditions. This area includes different suitability levels 

(unsuitable, low, medium, and high), with approximately 0.48% classified as high, 2.03% as 

medium, and 17.71% as low habitat suitability. The remaining 79.78% is currently considered 

unsuitable for Acacia seyal presence. 

Further, the current distribution of baobab in Sudan varies significantly across the 

regions, with distinct patterns of habitat suitability. Northern and western, parts of Sudan show 

the largest areas classified as unsuit able, while the south and eastern regions show suitability 

with different degrees (Fig. 4.19). 

Overall, the results indicate that suitable habitats for Acacia seyal are concentrated in 

the southern and eastern parts of Sudan, while large areas in the north and west remain 

environmentally unsuitable. 
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These results indicate that the distribution of Acacia seyal is strongly controlled by 

climatic gradients, particularly precipitation availability and temperature regimes. The 

concentration of suitable habitats in southern and eastern Sudan is consistent with the ecological 

requirements of the species, which prefers semi-arid to sub-humid environments with moderate 

rainfall and suitable soil conditions (Wickens, 1995; Siddig, 2014; Sankaran et al., 2005). 

Similar spatial patterns have been reported in dryland ecosystems, where vegetation distribution 

closely follows moisture availability and soil characteristics (D’Odorico & Bhattachan, 2012; 

Smith et al., 2019). 

 

Fig. 4.19. Map showing the spatial distribution of potential current habitat suitability for Acacia 

seyal across Sudan, categorized by suitability degrees ranging from unsuitable to high. 

The identification of southern and eastern regions as high- and medium-suitability zones 

suggests that these areas function as ecological strongholds for Acacia seyal. These zones likely 

support more stable populations and may serve as important reservoirs of genetic diversity and 

adaptive capacity under future climate change. Comparable patterns have been reported in other 

studies, where climatically favorable regions act as refugia for species persistence and 

adaptation (Aguirre-Liguori et al., 2021; Lawlor et al., 2024; Lyam et al., 2021). 

From a management perspective, these high-suitability areas represent priority zones for 

conservation, restoration, and sustainable forest management. They offer strong potential for 

assisted natural regeneration, enrichment planting, and long-term ecosystem resilience. In 
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contrast, northern and western regions are largely unsuitable due to extreme aridity, high 

temperatures, and limited soil moisture, which constrain both natural regeneration and 

plantation success (Gamreldin & Hamadalnel, 2024). 

Given these constraints, management strategies in marginal areas should focus on 

alternative approaches, including ex situ conservation, drought-resilient land-use systems, and 

diversified livelihood strategies. Such approaches are increasingly recommended under climate 

change scenarios, where species distributions are expected to shift and unsuitable areas may 

expand (IPCC, 2022; Sanchez et al., 2023; Mtsetfwa et al., 2023; Ahanger et al., 2021; Umuhoza 

et al., 2025). 

Overall, these findings demonstrate that the current distribution of Acacia seyal is 

strongly climate-driven, with clear regional differentiation in habitat suitability. This provides 

a robust baseline for assessing future distribution changes and for guiding spatially targeted 

conservation and management interventions under changing environmental conditions. 

4.6.4. Predicted future habitat distribution 

Future projections (Table 4.19; Fig. 4.20) reveal clear and consistent shifts in the 

potential distribution of Acacia seyal across Sudan under different climate change scenarios. 

Suitable habitat does not remain stable but fluctuates over time, reflecting both contraction and 

expansion driven by changing climatic conditions and species-specific ecological tolerance. 

Table 4.19. Distribution of Acacia seyal habitat in Sudan under current and future projections 

with rates of change  

Time slice 

Total suitable 

area (ha) 

Total suitable 

area (%) 

Unsuitable area 

(%) Gain (%) Loss (%) Stable (%) 

Current 38,089063 20.22 79.78 0 0 20.22 

SSP245_2021–2040 17,724019 9.41 78.33 1.45 12.26 7.96 

Change Rate -20,365044 -10.81 -1.45 1.45 12.26 -12.26 

SSP245_2081–2100 25,548220 13.56 83.50 7.10 2.94 6.47 

Change Rate 7,824201 4.15 5.17 5.64 -9.32 -1.49 

SSP585_2021–2040 35,077569 18.62 77.21 2.57 4.17 16.05 

Change Rate -3,011494 -1.6 -2.57 2.57 4.17 -4.17 

SSP585_2081–2100 30,692326 16.29 76.25 5.13 7.46 11.16 

Change Rate -4,385243 -2.33 -0.96 2.56 3.29 -4.89 

Gain (areas newly becoming suitable in future scenarios); Loss (areas currently suitable that become unsuitable); 

Stable (areas remaining suitable across different time periods); Unsuitable (areas remaining unsuitable across 

current and future periods) Change rates are shown in italics, and their corresponding values are presented in bold. 

Under the SSP2–4.5 scenario, suitable habitat declines markedly from 20.22% under 

current conditions to 9.41% during 2021–2040, representing a reduction of 10.81%. By the late 

century (2081–2100), suitable habitat partially recovers to 13.56%, indicating a gain of 4.15% 
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relative to mid-century conditions. Although some currently suitable areas become unsuitable 

(2.94%), gains (7.10%) suggest spatial redistribution rather than complete habitat loss. 

Under the SSP5–8.5 scenario, a different trajectory is observed. During 2021–2040, 

suitable habitat decreases slightly to 18.62%, representing a modest decline of 1.6%, with gains 

(2.57%) partially offsetting losses (4.17%). However, by 2081–2100, suitable habitat declines 

further to 16.29%, with losses (7.46%) exceeding gains (5.13%), indicating increasing 

instability under prolonged warming. 

 

Fig. 4.20. Spatial patterns illustrating the directional trends of spatial distribution of habitat 

suitability for Acacia seyal under current and future climate scenarios in Sudan. The current 

map shows the present distribution of suitable vs. unsuitable habitats, while the future maps 

depict habitat change under different scenarios. Future suitability is categorized as: (i) stable 

(areas remaining suitable), (ii) lost (currently suitable areas projected to become unsuitable), 

(iii) gained (newly suitable areas not currently occupied), and (iv) unsuitable (persistently 

unsuitable areas). 

Overall, the results demonstrate that suitable habitat for Acacia seyal is projected to 

decline in the near future, with partial recovery under moderate emission scenarios but 

continued reduction under high-emission pathways. The high turnover between habitat gains 

and losses highlights a shift toward spatial redistribution rather than uniform decline. 
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These results indicate that the projected changes are primarily driven by increasing 

climatic stress, particularly rising temperatures, drought intensity, and irregular rainfall patterns. 

Although Acacia seyal is adapted to semi-arid environments, its regeneration and survival 

depend strongly on moisture availability during critical growth periods (Ahanger et al., 2021; 

Elzaki et al., 2023). Increased temperature and evaporative demand can intensify water stress 

even when total precipitation remains relatively stable, thereby reducing recruitment and 

increasing mortality risk (Wan et al., 2021; D’Odorico & Bhattachan, 2012). 

The contrasting responses between SSP2–4.5 and SSP5–8.5 highlight the role of climate 

extremes in shaping species distributions. Moderate warming may allow partial adaptation and 

expansion into newly suitable areas, whereas severe warming leads to habitat contraction and 

the exceeding of ecological tolerance thresholds (Mtsetfwa et al., 2023; Acharya et al., 2025). 

Similar redistribution patterns have been reported across African savanna systems, where 

climate-driven shifts alter species ranges and ecosystem structure (Semu et al., 2021; Patrut et 

al., 2018). 

The observed balance between habitat gain and loss, particularly under SSP5–8.5, 

indicates high spatial turnover and instability. Such dynamics are commonly associated with 

increased mortality, reduced regeneration, and fragmentation of suitable habitats under extreme 

climatic stress (Sanchez et al., 2023; Zerbo et al., 2023; Atakpama et al., 2023). In addition, 

reduced landscape connectivity and genetic diversity may further increase vulnerability to 

climatic shocks (Sanchez et al., 2023). 

Overall, these findings demonstrate that Acacia seyal may persist under moderate 

climate change scenarios but is likely to experience increasing vulnerability under high-

emission pathways. These results highlight the importance of climate-informed management 

strategies, including conservation of suitable habitats, assisted regeneration, maintenance of 

genetic diversity, and preservation of landscape connectivity to support long-term ecosystem 

resilience (Semu et al., 2021; Sanchez et al., 2023; IPCC, 2022). 

4.6.5. State-Level Habitat Suitability of Acacia seyal under Current and Future Climates  

Future projections (Figs. 4.21 and 4.22) reveal pronounced spatial variability and 

consistent redistribution patterns in the potential distribution of Acacia seyal across Sudan 

under current and future climatic conditions. Suitable habitats are not uniformly distributed but 

vary substantially across regions, reflecting both contraction and expansion driven by changing 

climatic conditions and species-specific ecological tolerance. 
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Under current climatic conditions, northern and hyper-arid regions are overwhelmingly 

dominated by unsuitable habitats. Northern State (36.8 Mha), North Darfur (31.5 Mha), and 

Red Sea State (20.2 Mha) remain largely inhospitable. In contrast, central and southeastern 

regions exhibit comparatively higher suitability. Blue Nile contains 1.2 Mha of low suitability, 

588.7 Kha of medium suitability, and 392.6 Kha of high suitability. Similarly, Al Gedaref 

includes 4.7 Mha (low), 643.9 Kha (medium), and 86.4 Kha (high), while South Kordofan 

supports 3.4 Mha (low), 138.3 Kha (medium), and 795 ha (high). Sennar also shows notable 

suitability, with 2.1 Mha of low, 1.9 Mha of medium, and 536.8 Kha of high suitability. These 

patterns demonstrate a clear concentration of suitable habitats in southern and eastern Sudan. 

Projected near-future conditions (2021–2040) indicate continued spatial redistribution 

while maintaining the north–south gradient. Under SSP2–4.5, unsuitable areas remain 

dominant. West Kordofan comprises 7.8 Mha of unsuitable land, 3.5 Mha of low suitability, and 

73.8 Kha of medium suitability. Blue Nile maintains strong suitability (1.0 Mha low, 550.8 Kha 

medium, and 371.2 Kha high), while Al Gedaref shows moderate increases in medium 

suitability (245.6 Kha), and Sennar retains substantial medium (653.9 Kha) and high suitability 

(359.2 Kha). In contrast, North Kordofan, Kassala, and parts of Darfur exhibit reductions in 

medium and high suitability. 

Under SSP5–8.5 for the same period, redistribution becomes more pronounced. Blue 

Nile remains relatively stable (420.1 Kha medium and 327.9 Kha high), while South Kordofan 

shows increases in medium (1.1 Mha) and high suitability (86.6 Kha). Kassala exhibits 

substantial gains (1.4 Mha medium and 440.6 Kha high), and River Nile shows emerging areas 

of suitability (365.5 Kha medium and 27.0 Kha high). Conversely, western regions, including 

Central Darfur and West Darfur, remain largely unsuitable, while Red Sea State is 

predominantly characterized by low suitability. 

By the late century (2081–2100), these trends persist and intensify. Under SSP2–4.5, 

southeastern regions show further expansion, with Al Gedaref increasing to 582.1 Kha of 

medium and 121.2 Kha of high suitability, and Sennar reaching 1.5 Mha of medium and 979.9 

Kha of high suitability. Blue Nile maintains consistent suitability (407.9 Kha medium and 328.3 

Kha high). Under SSP5–8.5, Sennar contains 1.7 Mha of medium and 826.7 Kha of high 

suitability, while Blue Nile, Kassala, and South Kordofan maintain moderate suitability. 

Northern and western regions remain predominantly unsuitable across all scenarios. 

Overall, the results indicate that the future distribution of Acacia seyal will be 

characterized by spatial redistribution toward southeastern and eastern Sudan rather than a 
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uniform decline. This pattern is supported by the high predictive performance of the MaxEnt 

model (mean AUC ≈ 0.94 ± 0.02), indicating strong model reliability. 

 
Fig. 4.21. Current and projected habitat suitability of Acacia seyal across Sudanese states under 

current climate and future scenarios SSP2-4.5 and SSP5-8.5. The figure categorizes areas into 

Unsuitable, Low, Medium, and High suitability classes based on area (ha). Colored gradients 

represent the magnitude of area in each category.  
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Fig. 4.22. Spatial distribution of Acacia seyal habitat suitability across Sudan states under 

current and future climate projections. State boundaries are over laid for regional reference, and 

suitability categories range from “unsuitable” to “high.” 

These patterns are primarily driven by climatic gradients, particularly temperature 

regimes and moisture availability (Sankaran et al., 2005; Ahanger et al., 2021; Mtsetfwa et al., 

2023). The dominant influence of isothermality (bio3) and precipitation of the warmest quarter 

(bio18) highlights the sensitivity of Acacia seyal to seasonal moisture balance and thermal 

stability. These variables regulate key physiological processes, including water-use efficiency, 

seedling establishment, and drought tolerance. Increasing aridity and thermal stress are 

therefore likely to constrain regeneration and survival, particularly in marginal environments 

(Atakpama et al., 2023). 

The persistence of the north–south gradient reflects a broader ecohydrological transition 

across Sudan, where increasing temperature and evaporative demand intensify moisture deficits 

in northern and western regions, while southern and eastern areas retain relatively favorable 

conditions. Similar patterns have been reported across savanna ecosystems, where climate-
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driven gradients strongly control species distribution and ecosystem structure (Semu et al., 

2021; Patrut et al., 2018). 

In addition to climatic drivers, land-use dynamics further influence these patterns. 

Regions such as Kassala and Central Darfur are affected by agricultural expansion, overgrazing, 

and deforestation, which amplify climate-induced stress and accelerate habitat degradation 

(Foden et al., 2007; Siddig, 2014; Yasin et al., 2025). 

Despite the strong model performance, uncertainties remain, including limitations 

related to spatial resolution, the assumption of species–climate equilibrium in MaxEnt, and the 

exclusion of biotic interactions and future land-use changes. These factors may influence the 

accuracy of projected distributions. 

Overall, these findings demonstrate that Acacia seyal is likely to persist in climatically 

favorable regions of southeastern and eastern Sudan but may experience increasing 

vulnerability in marginal environments under future climate change. This highlights the 

importance of climate-informed management strategies, including conservation of suitable 

habitats, restoration of degraded areas, and the maintenance of ecosystem resilience. 
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5. CONCLUSION AND RECOMMENDATIONS 

This study demonstrates that the Elnour Natural Forest Reserve (ENFR) is undergoing 

significant long-term ecological degradation, primarily driven by anthropogenic activities, 

including illegal tree cutting, charcoal production, and overgrazing. Despite ongoing 

recruitment, the ecosystem has experienced substantial declines in species richness, structural 

complexity, and regeneration capacity, accompanied by a marked reduction in dense forest and 

the expansion of semi-bareland as the dominant land-cover class. 

Machine learning analysis confirmed that Random Forest (RF) and Support Vector 

Machine (SVM) provide the most reliable approaches for mapping dominant tree species in 

heterogeneous savanna environments. In addition, species distribution modeling of Acacia 

seyal indicates future contraction and spatial redistribution of suitable habitats under changing 

climatic conditions. 

Overall, these findings highlight the urgent need for integrated, climate-informed 

conservation and restoration strategies that combine improved governance, sustainable resource 

use, and adaptive ecosystem management. The results provide a robust scientific basis to 

support policymakers, conservation agencies, and local stakeholders in prioritizing targeted 

interventions to enhance forest resilience and biodiversity conservation in Sudan’s dryland 

ecosystems. 

5.1. Conclusion 

This study provides a comprehensive and integrated assessment of climate variability, 

land-use/land-cover (LULC) dynamics, forest structure, biodiversity change, and species 

distribution in the Elnour Natural Forest Reserve (ENFR). By combining remote sensing, field 

inventory data, socio-economic analysis, machine learning, and species distribution modeling, 

the research establishes a robust, multi-dimensional framework for understanding the processes 

driving forest degradation and climate vulnerability in Sudan’s dryland savanna ecosystems. 

The climate analysis reveals a clear warming trend, primarily driven by increasing 

minimum temperatures, accompanied by rising rainfall variability, prolonged dry spells, and 

more frequent hot–humid extremes. Although total precipitation shows a modest recovery in 

recent decades, moisture stress has intensified due to uneven rainfall distribution and increased 

evaporative demand. These findings demonstrate that drought dynamics in the Blue Nile 

savanna are increasingly governed by rainfall variability and temperature-driven processes 

rather than total precipitation alone. 
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LULC analysis indicates substantial and persistent landscape transformation between 

1995 and 2021. Dense and light forest classes declined markedly, while semi-bareland expanded 

to become the dominant land-cover class. Transition analysis confirms that semi-bareland 

represents a major degradation pathway and a relatively stable endpoint, reflecting progressive 

fragmentation and structural simplification of the ecosystem. Although localized recovery in 

light forest is observed, it remains unstable and insufficient to compensate for the continuous 

loss of dense forest. 

The results clearly identify anthropogenic activities as the primary drivers of 

degradation. Illegal tree cutting and charcoal production account for approximately 35% of total 

pressure, followed by overgrazing (25%), governance limitations (15%), and socio-economic 

factors (18%). Environmental stressors, including prolonged dry seasons and climate 

variability, act primarily as amplifying factors rather than initiating drivers. 

Field-based vegetation analysis demonstrates substantial ecological decline. Species 

richness decreased from 35 to 18 species, accompanied by significant reductions in abundance, 

basal area, and regeneration capacity. Many species exhibit poor or absent regeneration, 

indicating a high risk of local extinction under continued disturbance. The observed shift toward 

disturbance-tolerant species reflects declining ecosystem resilience and functional integrity. 

Structural analysis further reveals persistent simplification of forest architecture. 

Diameter and height distributions are increasingly dominated by smaller size classes, while 

large trees have declined significantly. Although recruitment persists, selective removal of 

mature trees prevents canopy recovery, limits biomass accumulation, and reduces ecosystem 

stability, resulting in long-term structural degradation. 

Machine learning analysis demonstrates that Random Forest (RF) and Support Vector 

Machine (SVM) provide the most accurate and stable approaches for mapping dominant tree 

species in heterogeneous dryland environments. Multi-temporal analysis reveals a shift in 

species dominance, with Acacia seyal declining and secondary species such as Sterculia 

setigera increasing in relative importance, indicating ecological restructuring driven by 

disturbance and environmental change. 

Species distribution modeling further highlights the strong climatic sensitivity of Acacia 

seyal, particularly to isothermality and precipitation of the warmest quarter. Future projections 

indicate contraction and spatial redistribution of suitable habitats under climate change 

scenarios. Southern and eastern regions, including Blue Nile, Gedaref, Sennar, and West 

Kordofan, are identified as potential climate refugia, while northern and western regions remain 

largely unsuitable due to extreme aridity. 
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Overall, the ENFR is undergoing a transition toward a degraded, structurally simplified, 

and less resilient ecosystem. This transformation is primarily driven by anthropogenic 

pressures, reinforced by climate variability and warming-induced moisture stress. The 

combined effects of forest loss, biodiversity decline, structural simplification, and climate-

driven habitat shifts underscore the urgency of implementing integrated, climate-adaptive 

management strategies. 

This study advances the understanding of dryland forest dynamics by demonstrating that 

ecosystem degradation in Sudanese savannas is primarily driven by anthropogenic pressures, 

with climate variability acting as a secondary but amplifying factor. It further provides a novel, 

integrated methodological framework that combines remote sensing, field data, machine 

learning, and species distribution modeling to assess ecosystem change in data-scarce dryland 

environments. In addition, the study offers new insights into the climate sensitivity and future 

redistribution of Acacia seyal, identifying potential refugia and areas of vulnerability under 

different climate scenarios. 

These contributions provide both a scientific and practical foundation for improving the 

monitoring, management, and conservation of dryland forest ecosystems under ongoing and 

future climate change. 

5.2. Recommendations 

Based on the findings of this study, the following recommendations are proposed: 

1. Enhance climate and drought monitoring: Improve projections using high-resolution 

regional climate models (RCMs) and incorporate indicators such as soil moisture, 

evapotranspiration, and heatwave frequency.  

2. Establish long-term ecological monitoring systems: Develop permanent sample plots to 

monitor vegetation structure, species composition, regeneration, and mortality.  

3. Integrate socio-economic drivers into management frameworks: Incorporate livelihood 

analysis and resource-use assessments to design context-specific interventions.  

4. Improve species mapping and monitoring accuracy: Integrate multi-sensor remote 

sensing data (LiDAR, SAR, hyperspectral, UAV) with advanced machine learning and 

deep learning approaches.  

5. Support eco-physiological and genetic research: Investigate drought tolerance and 

adaptive capacity of key species, particularly Acacia seyal.  

6. Incorporate disturbance dynamics into modeling frameworks: Include grazing, fire 

regimes, land-use change, and fragmentation in predictive models.  
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7. Implement targeted restoration and conservation strategies: Prioritize climatically 

suitable regions such as Blue Nile, Gedaref, Sennar, and West Kordofan using assisted 

natural regeneration and climate-adaptive approaches.  

8. Develop integrated monitoring and decision-support systems: Establish platforms 

combining remote sensing, field data, and socio-economic information for real-time 

monitoring and policy support.  

Priority should be given to strengthening climate monitoring, improving governance and socio-

economic integration, and establishing long-term ecological monitoring systems, as these form 

the foundation for effective restoration and sustainable management of dryland forest 

ecosystems. 

6. SUMMARY 

Savanna ecosystems in Sudan are undergoing rapid transformation under the combined 

influence of climate variability and intensified anthropogenic pressures, resulting in land 

degradation, biodiversity loss, and declining ecosystem resilience. This thesis provides a 

comprehensive and integrated assessment of these interacting drivers by explicitly linking 

climatic trends, land-use dynamics, vegetation structure, and species-level responses, with a 

particular focus on the Elnour Natural Forest Reserve (ENFR) and the ecological dynamics of 

Acacia seyal as a representative keystone species. 

The primary aim of this research was to understand and predict the impacts of climate 

change and human disturbance on savanna ecosystems using an integrated geospatial and 

ecological modeling framework. Specifically, the study (i) quantified long-term climatic 

variability and drought dynamics; (ii) analyzed spatio-temporal land use/land cover (LULC) 

changes and their interaction with climate; (iii) assessed changes in woody species composition, 

diversity, and regeneration; (iv) mapped dominant tree species using multi-source remote 

sensing and machine learning approaches; and (v) modeled current and future habitat suitability 

of Acacia seyal under different climate change scenarios. 

To achieve these objectives, a multidisciplinary framework was developed, integrating 

long-term climate datasets, multi-temporal satellite imagery, field-based ecological surveys, 

machine learning classification, and species distribution modeling. This integrated approach 

represents a key contribution of the thesis, enabling a consistent and spatially explicit evaluation 

of climate, land-use, and ecological processes in a data-scarce dryland environment. 

The results reveal a clear and statistically significant warming trend, primarily driven 

by increasing minimum temperatures, alongside rising rainfall variability and more frequent 



117 

 

and persistent droughts. Despite a modest increase in total precipitation, moisture stress has 

intensified due to increased evaporative demand and irregular rainfall distribution, indicating a 

shift toward temperature-driven drought dynamics. 

LULC analysis demonstrates substantial landscape transformation between 1995 and 

2021, characterized by continuous forest decline and expansion of semi-bareland as the 

dominant land-cover class. Transition analysis identifies semi-bareland as a persistent 

degradation pathway and ecological endpoint, reflecting progressive fragmentation and 

structural simplification. Anthropogenic activities, particularly illegal logging and charcoal 

production (~35%) and overgrazing (~25%), were identified as the primary drivers, while 

climatic variability acts as a secondary amplifier of degradation. 

Field-based ecological analysis reveals severe ecosystem deterioration, with species 

richness declining from 35 to 18 species, accompanied by sharp reductions in density, basal 

area, and regeneration capacity. Many species exhibit poor or absent regeneration, indicating a 

high risk of local extinction. Structural analysis further shows dominance of smaller diameter 

classes and a significant decline in mature trees, confirming persistent structural simplification 

and reduced ecosystem stability. 

Machine learning analysis demonstrates that Random Forest (RF) and Support Vector 

Machine (SVM) provide the most accurate and stable approaches for mapping dominant tree 

species in heterogeneous dryland environments. Multi-temporal mapping reveals a clear 

ecological shift, with declining dominance of Acacia seyal and increasing importance of 

disturbance-tolerant species such as Sterculia setigera, indicating ongoing ecosystem 

restructuring under combined anthropogenic and climatic pressures. 

Species distribution modeling using MaxEnt shows high predictive performance (AUC 

≈ 0.94) and identifies isothermality and precipitation of the warmest quarter as key 

environmental drivers. Future projections indicate contraction and spatial redistribution of 

suitable habitats under climate change, particularly under SSP5–8.5. Southern and eastern 

regions, including Blue Nile, Gedaref, Sennar, and West Kordofan, are identified as potential 

climate refugia, while northern and western regions remain largely unsuitable. 

Overall, this thesis demonstrates that Sudanese savanna ecosystems are transitioning 

toward a degraded, structurally simplified, and less resilient state, driven primarily by 

anthropogenic pressures and reinforced by climate variability and warming-induced moisture 

stress. The study makes a significant contribution by developing an integrated, multi-scale 

framework that links climate dynamics, land-use change, ecological degradation, and species 
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distribution, providing robust, spatially explicit evidence to support climate-informed 

management, conservation planning, and adaptation strategies in dryland ecosystems. 

7. NEW SCIENTIFIC RESULTS 

This dissertation presents original scientific contributions to understanding land 

degradation processes, biodiversity dynamics, forest structural change, and climate-driven 

species distribution in Sudanese savanna ecosystems. These findings are derived from an 

integrated multi-scale framework combining climate analysis, remote sensing, field 

observations, and modeling approaches, and are summarized as follows: 

7.1. Climate–Drought Mechanism 

I demonstrate that drought dynamics in Sudanese savannas are primarily driven by 

increasing temperature and rainfall variability rather than by total precipitation alone. I quantify 

how rising temperatures enhance evaporative demand, intensifying moisture stress even under 

stable or slightly increasing rainfall. This provides region-specific empirical evidence that 

drought processes are increasingly temperature-driven and establishes the climatic mechanism 

underlying the observed patterns of vegetation degradation and ecosystem change. 

7.2. Semi-Bareland as a Degradation Pathway 

I demonstrate that semi-bareland has become the dominant and persistent land-use/land-

cover class in Elnour Natural Forest Reserve (ENFR) between 1995 and 2021. I establish that 

it is not a transitional stage but a stable and self-reinforcing degradation endpoint, representing 

a terminal pathway of forest degradation in dryland ecosystems. 

7.3. Drivers of Forest Degradation 

I establish that anthropogenic activities are the primary drivers of forest degradation in 

ENFR. Illegal logging and charcoal production account for approximately 35% of degradation, 

followed by overgrazing (25%) and other socio-economic drivers, while climatic factors act 

primarily as secondary amplifiers. 

7.4. Biodiversity Loss and Regeneration Failure 

I demonstrate a substantial decline in woody species richness from 35 to 18 species 

between 2008 and 2021, accompanied by widespread regeneration failure and the absence of 

successful recruitment in several species. This establishes regeneration collapse as a key 

mechanism driving biodiversity loss and reduced ecosystem resilience. 
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7.5. Structural Simplification of Forests 

I demonstrate that forest structure is increasingly dominated by small diameter classes 

(exceeding 43%), while large trees (below 12%) have declined significantly. I show that 

selective removal of mature trees disrupts cohort development and prevents canopy recovery 

despite ongoing recruitment, revealing a decoupling between regeneration and structural 

recovery as a key driver of persistent forest degradation. 

7.6. Machine Learning Robustness in Species Mapping 

I demonstrate that, under heterogeneous dryland conditions characterized by class 

imbalance and multi-temporal multi-sensor data, Random Forest (RF) and Support Vector 

Machine (SVM) provide more robust and consistent species-level classification performance 

(85–96%) than CART and unweighted ensemble approaches. This establishes that reliable 

species mapping in Sudanese savanna ecosystems depends critically on algorithm robustness to 

minority classes and landscape heterogeneity, rather than on overall accuracy alone. 

7.7. Climate-Driven Redistribution of Acacia seyal 

I demonstrate that the distribution of Acacia seyal is primarily controlled by 

isothermality and precipitation during the warmest quarter. I further show that climate change 

will drive habitat contraction in northern regions and expansion in southern and eastern regions, 

identifying these areas as climate refugia that are critical for conservation and climate 

adaptation planning. 
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APPENDICES 

Appendix A. Sudan Ecological Zones 

Zone Description 

Desert Hyper-arid landscapes found in northern Sudan, characterized by extremely low annual 

rainfall (<75 mm), very high evapotranspiration, and sparse vegetation cover. Plant life 

is largely restricted to wadi systems, rocky outcrops, and isolated microhabitats capable 

of retaining minimal moisture. Vegetation consists mainly of highly stress-tolerant 

shrubs, ephemeral herbs, and scattered xerophytes adapted to extreme water deficit. 

Soil surfaces are dominated by desert pavements, sand sheets, and dune systems, with 

biological activity concentrated along temporary watercourses. 

Semi-

desert 

A broad transition belt between hyper-arid desert and savanna regions, characterized 

by high rainfall variability (100–300 mm/year) and shallow, often degraded soils. 

Vegetation forms shrub–grass mosaics dominated by drought-tolerant species such as 

Acacia tortilis, Acacia seyal (Delile), and Commiphora africana. Productivity is 

strongly linked to short, irregular rainy seasons, and the zone is highly sensitive to 

overgrazing, wind erosion, and climate fluctuations. This zone supports pastoralism 

and limited rain-fed agriculture. 

Poor 

Savanna 

woodland 

Semi-arid savanna characterized by nutrient-poor soils, seasonal water deficits, and 

strong ecological drivers such as drought, fire, and grazing pressure. Vegetation 

consists of open woodlands, scattered deciduous trees, and mixed perennial grasses. 

Trees such as Acacia seyal (Delile), Balanites aegyptiaca, and Combretum spp. are 

common. The zone marks a shift from predominantly pastoral to agro-pastoral land use 

and experiences significant land degradation along grazing routes. 

Rich 

Savanna 

woodlan 

A mesic savanna system with higher rainfall (600–1000 mm/year), deeper and more 

fertile soils, and greater biomass production than the poor savanna. Vegetation forms 

woodland–grassland mosaics, often dominated by broad-leaved species such as 

Terminalia brownii, Anogeissus leiocarpa, and tall grasses including Hyparrhenia spp. 

This zone supports intensive agriculture, wildlife habitats, and relatively stable 

hydrological processes. Its higher productivity makes it a key area for both biodiversity 

and rural livelihoods. 

Source: Adopted from (Berry, 2015; Misachi, 2017; Siddig et al., 2018; Gunn, 2021; Alriah et al., 

2022) 
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Appendix B. Initial bioclimatic variables selected for modelling the habitat suitability 

distribution of Acacia seyal (Delile), and eventually only ones shown in bold font, were chosen 

for the MaxEnt modeling 

Code Bioclimatic Variable Unit 

Bio01 Annual Mean Temperature °C 

Bio02 Mean Diurnal Range °C 

Bio03 Isothermality (BIO2/BIO7) (* 100) % 

Bio04 Temperature Seasonality °C 

Bio05 Max Temperature of Warmest Month °C 

Bio06 Min Temperature of Coldest Month °C 

Bio07 Temperature Annual Range °C 

Bio08 Mean Temperature of Wettest Quarter °C 

Bio09 Mean Temperature of Driest Quarter °C 

Bio10 Mean Temperature of Warmest Quarter °C 

Bio11 Mean Temperature of Coldest Quarter °C 

Bio12 Annual Precipitation mm 

Bio13 Precipitation of Wettest Month mm 

Bio14 Precipitation of Driest Month mm 

Bio15 Precipitation Seasonality mm 

Bio16 Precipitation of Wettest Quarter mm 

Bio17 Precipitation of Driest Quarter mm 

Bio18 Precipitation of Warmest Quarter mm 

Bio19 Precipitation of Coldest Quarter mm 

Altitude Elevation m 

Soil Physical and chemical characteristics   - 
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Appendix C. Accuracy assessment of classified maps of 1995, 2008, and 2021. 

Year Class name Bareland Semi-bareland Light Forest Dense Forest Total UA % PA % OA % Kappa % 

1995 Bareland  12.00 1.00 1.00 0.00 14.00 75.00 85.71 89.00 83.81 
 

Semi-bareland  1.00 58.00 3.00 2.00 64.00 90.63 90.63 
  

 
Light Forest  2.00 4.00 110.00 8.00 124.00 91.67 88.71 

  

 
Dense Forest 1.00 1.00 6.00 65.00 73.00 86.67 89.04 

  

 
Total 16.00 64.00 120.00 75.00 275.00 

    

2008 Bareland  52.00 3.00 2.00 1.00 58.00 90.63 89.66 91.60 88.00 
 

Semi-bareland  77.00 3.00 2.00 1.00 83.00 93.90 92.77 
  

 
Light Forest  1.00 2.00 62.00 2.00 67.00 92.54 92.54 

  

 
Dense Forest 1.00 1.00 4.00 61.00 67.00 94.53 91.04 

  

 
Total 82.00 58.00 70.00 65.00 275.00 

    

2021 Bareland  11.00 1.00 0.00 0.00 12.00 91.67 91.67 93.02 93.60 
 

Semi-bareland  1.00 105.00 3.00 1.00 110.00 96.32 95.45 
  

 
Light Forest  0.00 2.00 106.00 2.00 110.00 95.45 96.36 

  

 
Dense Forest 0.00 1.00 2.00 40.00 43.00 93.02 93.02 

  

 
Total 12.00 109.00 111.00 43.00 275.00 

    

 

Appendix D. Relative abundance, dominance, and frequency of the tree species identified and assessed in ENFR in 2008 and 2021. 

  

Species 

2008 2021 

No. of 

samples 

No. of 

individual 

tree 

Relative 

Abundance 

Relative 

Dominance 

Relative 

Frequency 

No. of 

samples 

No. of 

individual 

tree 

Relative 

Abundance 

Relative 

Dominance 

Relative 

Frequency 

Acacia seyal 173 10745 63.28 47.91 14.58 66 525 35.05 22.46 14.48 

Acacia seyal var. fistulal 162 635 3.74 2.72 13.66 0 0 0.00 0.00 0.00 

Acacia polycantha 49 304 1.79 4.39 4.13 0 0 0.00 0.00 0.00 

Acacia Senegal 92 971 5.72 6.32 7.76 22 58 3.87 6.42 4.83 

Dichrostachys cinerea 40 1013 5.97 5.31 3.37 0 0 0.00 0.00 0.00 

Balanities aegyptiaca 89 406 2.39 0.13 7.50 49 160 10.68 31.72 10.75 



148 

 

Acacia mellifera 8 17 0.10 0.16 0.67 11 38 2.54 2.14 2.41 

Acacia nubica 2 3 0.02 0.01 0.17 46 201 13.42 1.81 10.09 

Sterculia setigera 156 1117 6.58 23.45 13.15 73 188 12.55 16.31 16.02 

Anogeissus leiocarpus 41 120 0.71 1.44 3.46 22 38 2.54 2.03 4.83 

Terminalia laxiflora 35 102 0.60 1.51 2.95 16 25 1.67 0.11 3.51 

Terminalia brownii 27 69 0.41 1.70 2.28 13 21 1.40 1.46 2.85 

Combretum hartmannianum 91 648 3.82 1.07 7.67 34 48 3.20 0.11 7.46 

Combretum aculeatum 15 87 0.51 0.04 1.26 0 0 0.00 0.00 0.00 

Combretum molle 26 93 0.55 0.02 2.19 0 0 0.00 0.00 0.00 

Combretum glutinosum 17 63 0.37 0.08 1.43 9 16 1.07 2.31 1.97 

Lannea fruticosa 41 105 0.62 0.42 3.46 30 42 2.80 0.90 6.58 

Sclerocarya birrea 11 26 0.15 0.45 0.93 9 21 1.40 3.42 1.97 

Ziziphus spina-christi 20 242 1.43 0.21 1.69 20 57 3.81 3.09 4.39 

Ziziphus abyssinica 18 63 0.37 0.14 1.52 16 24 1.60 0.51 3.51 

Stereospermum kunthianum 14 55 0.32 1.08 1.18 10 16 1.07 2.31 2.19 

Lonchocarpus laxiflorus 9 14 0.08 0.02 0.76 4 4 0.27 0.11 0.88 

Dalbergia melanoxylon 12 25 0.15 0.33 1.01 5 6 0.40 1.81 1.10 

Grewia tenax 5 8 0.05 0.01 0.42 1 10 0.67 0.96 0.66 

Grewia flavescens 6 10 0.06 0.01 0.51 0 0 0.00 0.00 0.00 

Xeromphis nilotica 2 2 0.01 0.04 0.17 0 0 0.00 0.00 0.00 

Ochna afzelii 3 6 0.04 0.14 0.25 0 0 0.00 0.00 0.00 

Maerua angolensis 3 3 0.02 0.10 0.25 0 0 0.00 0.00 0.00 

Cassia arereh 1 1 0.01 0.02 0.08 0 0 0.00 0.00 0.00 

Strychons innocua 4 5 0.03 0.06 0.34 0 0 0.00 0.00 0.00 

Tamarindus indica 1 1 0.01 0.05 0.08 0 0 0.00 0.00 0.00 

Piliostigma reticulatum 1 1 0.01 0.02 0.08 0 0 0.00 0.00 0.00 

Capparis decidua 7 13 0.08 0.21 0.59 0 0 0.00 0.00 0.00 

Adansonia digitata 3 3 0.02 0.39 0.25 0 0 0.00 0.00 0.00 

Boswellia papyrifera 3 3 0.02 0.05 0.25 0 0 0.00 0.00 0.00 

 


