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Annotation 

Terrestrial biodiversity has been declining due to the increasing human population, which 

converts biodiversity areas to agricultural land and settlements, and overexploits plants to 

obtain medicine, wood for fuel, and building materials. Climate change and the introduction of 

invasive alien species (IAS) are other factors that threaten biodiversity. Hence, finding effective 

ways to monitor changes in biodiversity is essential from a forest management perspective. 

The Essential Biodiversity Variable (EBV) approach facilitates the easier, more consistent, and 

efficient detection of ecological change compared to ad hoc indicators. This thesis 

operationalizes the EBV framework for monitoring forest biodiversity change in Ghana by 

integrating multi-sensor remote sensing (RS) datasets (Sentinel-2, Sentinel-1, Landsat, and 

PlanetScope) with field data, and existing vegetation datasets from databases such as the Global 

Biodiversity Information Facility (GBIF). It links spectral signals from satellite datasets to tree 

species diversity, assesses the adoption of standardized land-cover datasets for national 

reporting, quantifies ecosystem extent and fragmentation, and models species distribution, 

population abundance, and species richness to reveal conservation gaps. The results are a tested 

approach for detecting and mapping biodiversity change across Ghanaôs high-forest zones, 

providing earlier warnings and evidence to prioritize protection, restoration, and sustainable 

forest management practices. 

 

The organization of this thesis is based on four scientific articles, the first of which assesses 

forest species diversity in Ghanaôs tropical forests using PlanetScope data (Njomaba et al., 

2024). The second article (Njomaba et al., 2025) focuses on adopting land cover standards for 

sustainable development in Ghana, considering challenges and opportunities. The third article 

of the thesis (Njomaba et al., 2025) focuses on mapping the distribution and estimating the 

population abundance of dominant forest tree species in Ghana, with implications for 

conservation prioritization. The fourth article, submitted and yet to be published, examines the 

impact of climate change on aboveground biomass, as modulated by forest fragmentation and 

biodiversity, in Ghana. 

Therefore, the thesis explores the application of an integrative framework that combines RS, 

field-based observations, and different ecological modeling and geospatial approaches to 

operationalize EBVs for forest biodiversity monitoring in Ghana. The research advances the 

approach to tracking biodiversity change in tropical forests. It introduces innovative methods 

for assessing species diversity, mapping land cover, and analyzing relationships between 

ecosystem variables. 
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Foreword 

Forests are among the most important terrestrial ecosystems, as they provide habitats for a wide 

range of species, regulate the climate, store carbon, and support human livelihoods. Ghana, one 

of the countries with rich natural ecosystems and a great wealth of biodiversity, is facing 

challenges to its habitat quality, species quantity, and diversity. Although steps have been taken 

to address the challenges related to the loss of essential biodiversity, the country still faces 

numerous challenges, including anthropogenic activities that threaten biodiversity, such as land 

use conversion, wildfires, and mining, among others. With a land area of approximately 

238,533 kmĮ, Ghana hosts a vast and diverse forest ecosystem, ranging from wet evergreen to 

dry savannah woodlands. Monitoring forest biodiversity change across such an extensive and 

heterogeneous landscape poses severe challenges. Over the years, field-based approaches have 

been employed to monitor changes in biodiversity. While the approach has been invaluable, 

they are labor-intensive, costly, and spatially limited, making it challenging to capture large-

scale biodiversity dynamics. 

RS has emerged as a powerful complement to field surveys, offering repeatable and cost-

effective methods to monitor forest ecosystems at national and regional scales. Despite the 

advantages presented by RS, limitations still exist, especially in tropical areas, where persistent 

cloud coverage hinders the acquisition of optical images. In such contexts, combining optical 

with Synthetic Aperture Radar (SAR) provides structural information that complements 

spectral data. Additionally, high-resolution optical sources, such as PlanetScope, further enable 

detailed biodiversity mapping. These constraints raise an essential question: How can 

biodiversity monitoring be comprehensive and practical for large-scale (country-level) forest 

ecosystems, such as Ghana? 

The concept of EBVs provides a framework that enables a hybrid approach to integrating multi-

source remote sensing datasets with field-based observations. By focusing on a core set of 

EBVs such as species population, community composition, ecosystem structure, and function, 

biodiversity can be streamlined to capture the most relevant dimensions of change.  
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1.0 Introduction  

1.1 State of the art and motivation 

 

Biodiversity is the foundation of ecosystem functioning and services. It encompasses the 

variability among living organisms at genetic, species, and ecosystem levels, and supports 

essential ecological processes such as nutrient cycling, pollination, soil formation, water 

regulation, and climate stabilization (Reid et al., 2005; D²az et al., 2019). Biodiversity provides 

direct and indirect benefits for humans (such as providing food, medicine, and cultural values) 

while ensuring ecosystem resilience and the continued delivery of ecosystem services (Hooper 

et al., 2012; Cardinale et al., 2012). Despite its critical role, global assessments have consistently 

shown that biodiversity is declining at an unprecedented rate. The Intergovernmental Science-

Policy Platform on Biodiversity and Ecosystem Services (IPBES, 2019) estimated that over one 

million species face extinction due to anthropogenic activities. Land use change, forest habitat 

degradation, overexploitation, pollution, invasive species, and climate disruptions are among 

the drivers of species loss across many biomes (Jaureguiberry et al., 2022). 

Terrestrial biodiversity is of particular importance and concern among the broad biodiversity 

domains (IPBES, 2019). According to Gaston. (2010) and Newbold et al. (2015), terrestrial 

ecosystems support approximately 80% of the known species on Earth and account for most of 

the global primary productivity. Forests, in particular, represent the most species-rich terrestrial 

ecosystems, providing habitat for more than 80% of the worldôs terrestrial biodiversity (FAO, 

2020). They are essential in regulating the carbon and water cycles, providing habitat and 

ecological connectivity, and supporting livelihoods through forest products and ecosystem 

services (Pan et al., 2011). Despite these advantages, forest ecosystems are among the most 

threatened (FAO, 2020). According to a global forest assessment report by FAO, 2020, an 

estimated 420 million hectares of forest were lost globally as a result of their conversion to other 

land uses, agricultural expansion, logging, infrastructure development, and fires (Hansen et al., 

2013; Haddad et al., 2015)  Between 1990 and 2020, the net decrease in forest area was 

approximately 178 million hectares. 

In West Africa, forests are part of the Guineo-Congolian biodiversity hotspots (Malhi et al., 

2013), noted globally for their species richness and endemism levels. These forests extend 

across countries such as C¹te dôIvoire, Liberia, Sierra Leone, and Ghana, providing vital 

ecosystem services including water regulation, soil protection, and carbon storage (Myers et al., 

2000). Tropical forests are under severe pressure despite their ecological and economic 

significance. Between 1990 and 2015, the region lost most of its forest cover, mainly due to 

agricultural expansion (notably cocoa and oil palm cultivation), timber extraction, fuelwood 



2 
 

harvesting, and mining (Makinde, 2016). The fragmentation of remaining forests has further 

reduced biodiversity and ecosystem integrity (Laurance et al., 2012). 

Within this regional context, Ghanaôs forests, in the high forest and transitional zones, form part 

of the upper Guinean forest ecosystem, one of the world's most threatened tropical forest 

ecosystems. The countryôs forests are home to an estimated 3,725 species, including trees, 

mammals, birds, amphibians, and reptiles. (Ministry of Environment, 2016; CBD, 2016). 

However, Ghanaôs tropical rainforests are rapidly disappearing. According to Global Forest 

Watch, Ghana recorded a 60% increase in primary rainforest loss in 2016 compared to 2017 

(Figure 1), the highest rate globally (Pandit et al., 2018). This trend underscores the urgent need 

for effective monitoring and conservation mechanisms.  

 

 

Ghana has signed several international environmental conventions, including the Convention 

on Biological Diversity (CBD), ratified in 1996. In alignment with this commitment, Ghana 

developed its National Biodiversity Strategy and Action Plan (NBSAP) as a framework for 

implementing the Aichi Biodiversity Targets under the Global Strategic Plan for Biodiversity 

(2011ï2020). The NBSAP enhances ecosystem resilience and restoration, promotes sustainable 

agricultural, aquacultural, and forestry management systems, and maintains ecosystem services 

and carbon stocks (Ministry of Environment, 2016). Additionally, Ghana participates in other 

global initiatives, such as the Reducing Emissions from Deforestation and Forest Degradation 

(REDD+), aimed at reducing deforestation and forest degradation emissions while promoting 

conservation and sustainable forest management (Gibbs et al., 2007). 

Despite these policy-driven efforts, the country still faces substantial challenges, including 

habitat degradation, unsustainable land use, illegal mining, wildfires, poaching, and the 
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Figure 1: Top 10 countries losing the most tropical primary rainforest in 2018 by percent 

increase from 2017. Source: (Weisse & Goldman, 2020) 



3 
 

introduction of invasive species (Ofori et al., 2024). A significant limitation to addressing these 

issues effectively lies in the lack of consistent and standardized biodiversity monitoring 

frameworks (Joppa et al., 2016). Current national biodiversity monitoring frameworks and 

programs are fragmented and rely heavily on field-based observations and datasets, which are 

time-consuming, spatially limited, and often inconsistent across institutions (Pettorelli, 2016).  

To address the global and national challenges, the Group on Earth Observations Biodiversity 

Observation Network (GEO BON) developed the concept of EBVs, a standardized framework 

designed to harmonize biodiversity monitoring across scales in 2013. EBVs are a minimum set 

of complementary measurements that capture key dimensions of biodiversity change, and link 

primary data collection (RS and in situ) to indicators and policy reporting (Pereira et al., 2013; 

Haase et al., 2018). The EBV framework organizes variables into six broad classes (Table 1) 

 

Table 1: Essential Biodiversity Variables. Source: Haase et al., 2018 

EBV EBV classes 

Co-ancestry 

Genetic  

composition 

Allelic diversity 

Population genetic differentiation 

Breed and variety diversity 

Species distribution 
Species  

populations 
Population abundance 

Population structure by age/size class 

Phenology 

Species 

 traits  

Body mass 

Natal dispersal distance 

Migratory behavior 

Demographic traits 

Psychological traits 

Taxonomic diversity Community  

composition Species interactions 

Net primary productivity 

Ecosystem  

function 

Secondary productivity 

Nutrient retention 

Disturbance regime 

Habitat structure 
Ecosystem  

structure 
Ecosystem extent and fragmentation/land cover 

Ecosystem composition by functional type 
 
 

Although the EBV framework has been applied mainly at global or regional scales, its 

operationalization at the national level remains limited, especially in African countries (Proen­a 

et al., 2017). For Ghana, implementing EBVs through integrating RS and field-based 

observations presents an opportunity to overcome data limitations in biodiversity monitoring 

and improve and support biodiversity policy and reporting frameworks. In this regard, this study 

operationalizes a standard set of biodiversity variables under the EBV framework for Ghana, 

focusing on three key EBV classes: Ecosystem structure, community composition (land cover, 
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forest fragmentation, and above-ground biomass), and species populations (species diversity, 

distribution, and abundance). 

 

The study uses multi-source satellite data (PlanetScope, Sentinel-1, Sentinel-2, ESA Biomass, 

and Copernicus Global Land Cover data) and ancillary environmental datasets, including Digital 

Elevation Model (DEM) derived slope and aspect, global aridity index, bioclimatic variables, 

and soil datasets, combined with field-inventory data and vegetation data derived from the 

Global Biodiversity Information Facility (GBIF). By integrating these data within a modeling 

and monitoring framework, the study produced scalable, reproducible, and policy-relevant 

indicators that reflect biodiversity patterns and change in Ghanaôs forests. The rationale for 

selecting these EBVs stems from the fact that they are directly aligned with the goals of Ghanaôs 

NBSAP and provide cost-effective, spatially explicit alternatives to traditional field-based 

monitoring methods. The study also addresses key information gaps in species-level monitoring, 

land cover standardization, and ecosystem change assessment, supporting Ghanaôs commitment 

under the CBD, REDD+, and Sustainable Development Goals (SDGs 13 and 15). Ultimately, 

this research provides a framework that enhances monitoring, reporting, and verification (MRV) 

of biodiversity and ecosystem changes, guiding conservation planning and ultimately 

contributing to global efforts to reduce biodiversity loss. A systematic literature review used the 

Web of Science Core Collection to situate this research within the broader scientific context. 

The review focused on publications that address the effects of EBVs on ecosystem structure and 

species populations. Table 2 summarizes the search queries and number of publications 

identified, while Figures 2 and 3 illustrate the temporal trends of global, Ghanaian, and Tropical 

Africa-specific publications. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



5 
 

Table 2: Search queries and the number of publications related to EBV classes used to search in Web 

of Science 

 

EBV Class Search Code Focused Area No. of 

publicat

ions 

Ecosystem 

Structure 

(Global) 

"remote sensing" OR satellite OR "Earth 

observation" OR lidar OR "synthetic aperture radar" 

OR SAR And  "land cover" OR "forest 

fragmentation" OR fragmentation OR "aboveground 

biomass" OR biomass OR AGB And biodivers* OR 

"ecosystem structure" OR "essential biodiversity 

variable*" OR EBV*  

Land cover, 

fragmentation, 

biomass 

3391 

Ecosystem 

Structure 

(Regional, 

Ghana) 

"remote sensing" OR satellite OR "Earth 

observation" OR lidar OR "synthetic aperture radar" 

OR SAR And  "land cover" OR "forest 

fragmentation" OR fragmentation OR "aboveground 

biomass" OR biomass OR AGB And biodivers* OR 

"ecosystem structure" OR "essential biodiversity 

variable*" OR EBV* And Ghana OR "West Africa" 

OR "tropical Africa" 

Land cover, 

fragmentation, 

biomass 

66 

Species 

populations 

(Global) 

"remote sensing" OR satellite OR "Earth 

observation" OR lidar OR "synthetic aperture radar" 

OR SAR And "species distribution" OR "species 

richness" OR "species diversity" OR "species 

abundance" OR occupancy And biodivers* OR 

"species population*" OR "essential biodiversity 

variable*" OR EBV* 

Species 

diversity, 

species 

distribution, 

species 

abundance 

1527 

Species 

populations 

(Regional, 

Ghana) 

"remote sensing" OR satellite OR "Earth 

observation" OR lidar OR "synthetic aperture radar" 

OR SAR And "species distribution" OR "species 

richness" OR "species diversity" OR "species 

abundance" OR occupancy And biodivers* OR 

"species population*" OR "essential biodiversity 

variable*" OR EBV* And Ghana OR "West Africa" 

OR "tropical Africa" 

Species 

diversity, 

species 

distribution, 

species 

abundance 

18 
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Figure 2: Number of publications in the preceding years, between January 2004 and December 2024, 

focusing on global EBVs related to ecosystem structure and species populations. 

 

 

 
Figure 3: Number of publications in the preceding years, between January 2004 and December 2024, 

focusing on EBVs related to ecosystem structure and species populations in Africa and Ghana. 
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The publication trends (Figures 2 and 3) indicate that EBV-related research is comparatively 

higher globally, especially since 2010. Studies on ecosystem structure EBVs dominate, while 

studies on species population EBVs have received less attention, although they are steadily 

increasing in number. For Africa, and, by extension, Ghana, the number of studies on EBVs is 

significantly lower, particularly in the species population domain, underscoring the limited 

national-level implementation of the EBVs framework despite its relevance for biodiversity 

monitoring and policy reporting. These findings highlight the research gap that this study seeks 

to address. 

1.2 Objectives 

In line with the aim of operationalizing EBVs for biodiversity monitoring in Ghana, the 

study pursues the following specific objectives: 

i) Estimate forest species diversity in tropical forests using PlaneScope satellite data and 

field-based diversity indices in Ghana.  

 

ii)  Assess the challenges and opportunities for adopting the International Standards 

Organization (ISO) 1944-2 land cover standards in Ghana for harmonized land cover 

mapping. 

 

iii)  Map the distribution and population abundance of dominant forest tree species in Ghana 

and evaluate their implications for conservation prioritization. 

 

iv) Assess the effects of climate change (aridification) and forest fragmentation on above-

ground biomass (AGB). 

1.3 Hypothesis 

The following hypothesis guides this thesis: 

i) There is a significant relationship between spectral variability derived from PlanetScope 

imagery and field-measured tree species diversity indices, allowing robust prediction of 

forest diversity. 

ii)  An ISO 19144-2-based land cover legend and dataset provides clearly defined land cover 

classes, enhancing the accuracy, interoperability, and usability of land cover information 

for forest monitoring. 

iii)  iv) Species distribution models combined with abundance estimates can identify priority 

areas for conservation. 

iv)       a.  H1a: Decreasing AI (aridification) reduces AGB directly, with humid zones 

(higher AI) maintaining higher mean AGB than semi-arid zones. 

b. H1b: Decreasing AI (aridification) has an indirect effect on AGB, mediated 

by forest fragmentation and biodiversity. 

c. H2: AGB exhibits a non-linear response to structural attributes of 

fragmentation (Fragmentation metrics), with varying contributions across 

different dimensions of fragmentation. 
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1.4 Thesis Structure 

The thesis is organized into chapters addressing key EBVs and biodiversity monitoring 

components, using RS and field-based approaches. The first chapter presents a comprehensive 

literature review that provides an overview of the EBV framework and highlights relevant 

literature on RS applications for biodiversity assessment. This chapter also covers land cover 

mapping standards and interoperability, forest fragmentation metrics, and approaches for 

mapping tree species distribution, abundance, and diversity. The second chapter describes the 

methodology, including information on the study area and the conceptual framework used in 

the research. It also outlines the methodological approaches for land cover mapping, 

fragmentation analysis, species diversity modeling, and the statistical and geospatial analysis 

techniques used for model development, evaluation, and validation.  

The third chapter presents the results of this thesis, which are three published and one submitted 

articles. There is another chapter on the discussion, which includes an overall review of the 

articles' outcomes, focusing on key findings, knowledge gaps, and methodological limitations. 

Furthermore, the thesis also comprises sub-chapters on international collaborations and 

additional achievements during the study. Lastly, the Conclusion and recommendations are 

included to summarize the overall concept of the thesis, findings, and future scope. 
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2.0 Literature Review 

This chapter is organized as follows. Section 2.1 introduces the Essential Biodiversity Variable 

(EBV) framework, its six classes, and the policy context that motivates standardized 

biodiversity indicators. Section 2.2 reviews how RS supports the operationalization of  EBVs, 

outlining optical, Synthetic Aperture Radar (SAR), Light Detection and Ranging (LiDAR), 

hyperspectral sensors, and multi-source data integration. Section 2.3 focuses on land cover as a 

core EBV variable under the ecosystem structure EBV: Section 2.3.2 presents international 

standards and interoperability; Section 2.3.2 summarizes RS advances for land cover mapping 

and machine-learning methods; and Section 2.3.3 reviews Ghanaôs land-cover efforts, 

highlighting the need for the adoption of an ISO-aligned national land cover legend and dataset. 

Section 2.4 examines forest fragmentation and structural indicators, covering theoretical 

concepts of fragmentation, widely used landscape metrics, scale effects, and implications for 

biodiversity and policy. Section 2.5 addresses species populations, tree species distribution, 

abundance, and diversity, with Section 2.5.1 summarizing optical/SAR/LiDAR contributions, 

and Section 2.5.2 comparing key modeling approaches. Section 2.5.3 details diversity 

estimation from RS.  

2.1 The Essential Biodiversity Variable (EBV) Framework 

The lack of standardized, consistent, scalable indicators across countries and regions has long 

hindered biodiversity monitoring. Following the establishment of the CBD in 1994, parties were 

encouraged to strengthen biodiversity protection efforts and to develop NBSAPs. Adopting the 

Strategic Plan for Biodiversity (2011 ï 2020) and its 20 Aichi Biodiversity targets further 

emphasized the importance of developing robust indicators to assess progress (GOFC-GOLD, 

2017). However, national biodiversity monitoring systems often differ widely in their design, 

suffer from inconsistent data collection, and lack openly shared datasets, creating significant 

challenges for tracking progress toward the Aichi biodiversity targets (Schmeller et al., 2015). 

The GEO BON was established to harmonize global, regional, and national biodiversity 

observation systems to address these challenges. GEO BON proposed the concept of EBVs as 

a framework to guide biodiversity monitoring efforts. EBVs are the minimum measurements 

required to detect and document biodiversity change across spatial and temporal scales (Pereira, 

Bruford, et al., 2013a). This framework also aims at integrating data from multiple sources, 

including in situ observations, citizen science, and RS, into indicators that inform science and 

policy (Haase et al., 2018).  

Initially conceptualized in 2013, EBVs are organized into six classes: (i) genetic composition, 

(ii) species populations, (iii) species traits, (iv) community composition, (v) ecosystem function, 

and (vi) ecosystem structure. These variables are designed to capture different dimensions of 

biodiversity, ranging from genes and species to ecosystems (Haase et al., 2018). Like other 



10 
 

Essential variables (EVs), such as the Essential Climate Variables (ECVs) by the climate science 

community, EBVs are required to meet the criteria of scientific robustness, feasibility, 

scalability, and policy relevance (Kissling et al., 2018). 

RS has been highlighted as a critical enabler of the  EBV framework. Pettorelli (2016) argued 

that satellite EO provides a unique capacity to deliver consistent and repeatable biodiversity 

metrics at a larger scale, helping to overcome the limitations of field-based approaches. 

Advances in EO platforms, including the Landsat and Sentinel series, LiDAR missions such as 

Global Ecosystem Dynamics  Investigation (GEDI), and upcoming spaceborne initiatives like 

ESAôs Biomass mission, have expanded the potential for monitoring ecosystem structure (e.g., 

land cover, fragmentation, and above-ground biomass) and species populations (Cavender-

Bares et al., 2020).  

Despite these advances, challenges exist in defining and operationalizing a universally accepted 

set of EBVs. There are disagreements regarding which biodiversity variables can feasibly be 

monitored remotely, how to integrate them with in situ observations, and how to ensure 

continuity of observations across time and space (Cavender-Bares et al., 2020). Furthermore, 

while some countries and institutions have adopted EBV-related indicators, such as South 

Africaôs National Biodiversity Institute, many tropical countries, including Ghana, continue to 

lack standardized EBV-aligned monitoring frameworks. 

Overall, the EBV framework has emerged as a cornerstone for biodiversity monitoring and 

reporting, linking scientific advances in RS and ecological observations with international 

policy needs under the CBD and IPBES (Pereira, Bruford, et al., 2013). By emphasizing a 

limited yet essential set of variables, EBVs offer a practical pathway for harmonizing 

biodiversity data collection and ensuring that future monitoring efforts are scalable, cost-

effective, and policy-relevant.  

2.2 Remote sensing for biodiversity monitoring  

RS has become a significant source of technology in biodiversity monitoring because it enables 

repeated, spatially consistent, and large-scale measurements of ecosystems and species habitats 

(Wang & Gamon, 2019). Compared to field inventories, which are labor-intensive, time-

consuming, and spatially restricted, RS provides the opportunity for repeatable observations 

critical for long-term monitoring (Nagendra, 2001). These advantages make RS particularly 

relevant for operationalizing EBVs, which requires scalable datasets across spatial and temporal 

scales.  

RS technologies can broadly be categorized into passive, active, and laser 

scanning/hyperspectral systems. Optical sensors, such as Landsat and Sentinel-2, capture 

reflected solar radiation in the visible to short-wave infrared bands of the electromagnetic 

radiation spectrum, allowing vegetation indices and phenological metrics to be derived (Drusch 
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et al., 2012). However, their performance may be limited in heterogeneous forests due to mixed 

pixels, cloud coverage, and moderate spatial resolution (Griffiths et al., 2014). SAR sensors, 

such as Sentinel-1, overcome cloud limitations and provide information on forest structure, 

biomass, and moisture through their microwave backscatter (Lucas et al., 2010). LiDAR and 

hyperspectral systems, both airborne and spaceborne, provide fine-scale structural information 

but are often limited by the high acquisition cost and narrow coverage (Fassnacht et al., 2016). 

Numerous studies have demonstrated the application of RS in biodiversity monitoring. For 

instance, Landsat time series have been used to track forest disturbance and recovery across the 

Carpathians, providing insights into habitat dynamics over three decades  (Griffiths et al., 2014). 

At a global scale, the Moderate Resolution Imaging Spectroradiometer (MODIS) and Landsat 

data have supported the development of Essential Climate and Biodiversity Variables related to 

net primary productivity and land cover change (Pettorelli, 2016). More recently, Sentinel-2 

data have been applied for mapping tree species composition in European forests (Immitzer et 

al., 2016), while Sentinel-1 SAR backscatter has been linked to tropical forest diversity and 

structure (Hoffmann et al., 2022). In addition, airborne LiDAR campaigns have been used to 

model forest biomass and canopy complexity as proxies for habitat quality (Asner et al., 2017). 

In recent years, integrating multiple optical remote sensing data sources has become a key 

strategy (Pasetto et al., 2018). Combining optical, SAR, and digital elevation data enhances 

classification accuracies and allows for better modeling of biodiversity indicators, such as 

species distribution and biomass (Persson & Lindberg, 2018). The increasing availability of free 

satellite data through programs like Copernicus and Landsat, combined with advances in cloud 

computing platforms such as  Google Earth Engine (GEE), has also made it possible to process 

large data volumes for national and regional-scale biodiversity (Azzari & Lobell, 2017).  

Despite these advances, high spatial resolution data are still costly and limited in coverage, while 

differences in forest structure, climate, and availability of reference data present make the 

acquisition and usage of RS data challenging (Wulder et al., 2004). Nevertheless, integrating 

RS with in-situ and biodiversity repositories offers one of the most promising pathways to 

achieve harmonized, repeated, and scalable biodiversity assessments.  

2.3  Land Cover Mapping, Standards, and Remote Sensing 

Land cover is a fundamental EBV under the class ecosystem structure and is the basis for 

understanding forest fragmentation, biomass, and habitat distribution (Skidmore et al., 2021). It 

is also linked to two central Sustainable Development Goals (SDGs), SDG13 (Climate Action) 

and SDG15 (Life on Land), as well as frameworks such as REDD+ and Land Degradation 

Neutrality (LDN) (Njomaba, Mushtaq, et al., 2025). Accurate, standardized, and comparable 

land cover information is critical for monitoring biodiversity and ecosystem change. 
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2.3.1 Land Cover Standards and Interoperability  

The growing demand for a consistent land cover dataset across scales has spurred the 

development of international standards (F. Mensah et al., 2024). Technical communities such 

as the Open Geospatial Consortium (OGC) and the ISO provide frameworks to ensure data 

accuracy, interoperability, and policy relevance (ISO/TC 211, 2022). Specifically, ISO/TC 211 

on Geographic Information/Geomatics established the ISO 19144 series, which defines 

standardized approaches for land cover and land use classification  (ISO 19144-2, 2012). A key 

innovation within this framework is the Land Cover Meta Language (LCML), which provides 

a flexible, hierarchical system to describe land cover features based on structural and functional 

attributes (Mushtaq et al., 2024). LCML has been adopted by the Food and Agriculture 

Organizationôs (FAO) Land Cover Legend Registry (LCLR), which currently hosts more than 

30 sub-national and national legends developed according to ISO standards  (Mushtaq et al., 

2024). Despite this initiative, many countries still lack standardized national land cover legends, 

limiting global, regional, and national comparability of land cover datasets,  weakening the link 

between national monitoring and international reporting frameworks  (Potapov et al., 2022). 

Several classification systems have been developed globally, including the European CORINE 

Land Cover,  the United States Geological Survey (USGS) Anderson Classification, and the  

EAGLE framework (Njomaba, Mushtaq, et al., 2025). While these systems support regional 

needs, they are not interoperable with each other, further underscoring the importance of ISO-

based harmonization  (Seebach et al., 2011). 

2.3.2 Remote Sensing Advances in Land Cover Mapping 

Land observation missions have historically provided global time-series data since the 1970s, 

enabling long-term land cover change analysis (Wulder et al., 2022). The sentinel missions 

under the European Copernicus Program have significantly improved spatial and temporal 

resolutions, particularly with Sentinel-2ôs multispectral instrument (10 ï 20m) and Sentinel-1 

(Drusch et al., 2012). 

Machine learning approaches, such as Random Forest (RF), Support Vector Machines (SVM), 

and deep learning models like Convolutional Neural Networks (CNN), have achieved 

classification accuracies above 90% in heterogeneous landscapes (Maxwell et al., 2018). These 

methods and cloud computing platforms, such as Google Earth Engine, enable monitoring of 

national to regional-scale land cover (Azzari & Lobell, 2017). 

However, persistent challenges remain: spectrally similar classes, such as cropland and 

grassland, are difficult to distinguish, while high-resolution imagery is still costly for operational 

national monitoring   (Herold et al., 2008). In Sub-Saharan Africa, additional challenges include 

fragmented institutional responsibilities, limited adoption of international standards, and 

reliance on global datasets that may not reflect national realities (Tsendbazar et al., 2016) 
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2.3.3 Land Cover Monitoring in Ghana 

In Ghana, national land cover mapping efforts began in the early 2000s, with the Center for 

Remote Sensing and Geographic Information Services (CERSGIS) and the Forestry 

Commission producing sub-national datasets (e.g., 1990, 2000, 2010, 2012, 2015) under various 

initiatives, including the Forest Preservation Program (Ghana Forestry Commission, 2018). 

These maps were often produced at the subnational, municipal, and district levels and rely on 

existing global data, such as the ESA land cover data (Njomaba, Mushtaq, et al., 2025).  

Despite these efforts, Ghana still lacks a standardized national land cover reference system 

aligned with the  ISO 19144-2 land cover standards. Again, most maps use varying classification 

schemes, definitions of land cover classes, and objectives, limiting their comparability across 

time and with international datasets (F. Mensah et al., 2024). Consequently, global products 

such as ESAôs Climate Change Initiative Land Cover and Copernicus Global Land Cover maps 

are often used in national reporting, despite sometimes diverging from locally produced maps 

(Conchedda & Tubiello, 2021). 

Developing a standardized ISO-based national land cover legend and dataset for Ghana would 

bridge these gaps, improve data interoperability, and strengthen reporting to global conventions. 

Moreover, it would enhance the integration of land cover as an EBV for biodiversity monitoring, 

directly supporting Ghanaôs commitments under the CBD and its NBSAP. 

2.4 Forest fragmentation and Structural Indicators 

Forest fragmentation, defined as the process by which large, continuous forest areas are divided 

into smaller, more isolated patches, is critical under the Ecosystem Structure EBV subclass 

(Pereira, Bruford, et al., 2013b). Fragmentation alters ecosystem integrity, reduces habitat 

connectivity, and intensifies edge effects, impacting species populations, biodiversity resilience, 

and ecosystem functioning (GOFC-GOLD, 2017). Both anthropogenic activities (e.g., land 

conversion, logging, mining, agriculture) and natural processes (e.g., firestorms, climate 

change) contribute to fragmentation (Haddad et al., 2015).  

The IUCN Red List ecosystem criteria include habitat fragmentation and degradation as 

indicators of declining ecosystems. The framework recognizes that ecosystems with more 

isolated and fragmented patches are more vulnerable and at a high risk of collapse  (Keith et al., 

2013). Understanding where and how fragmentation occurs, whether in ecosystem interiors, 

edges, or peripheries, is crucial, as ecological processes such as productivity, nutrient cycling, 

and water regulation may not be uniformly distributed (Riitters et al., 2000). A global analysis 

by Ma et al.(2023) found that increased fragmentation contributed to forest loss between 2000 

and 2012, highlighting essential risks for biodiversity conservation and management. 

RS has been applied in fragmentation analysis, providing repeatable and synoptic coverage over 

long periods. Using Landsat and RS data, Toivonen et al. (2023) analyzed forest fragmentation 
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patterns, combining spectral information with NDVI-based change detection. Similarly, 

Carranza et al. (2014) analyzed three decades of fragmentation in the dry Chaco using Landsat 

imagery and applied the Fragmentation Statistics Software-derived (FRAGSTATS) metrics, 

including percent forest cover, edge density, mean patch size, and patch density. Their results 

revealed forest loss and structural reconfiguration over time, underscoring the importance of 

multi-temporal approaches for fragmentation analysis. 

Beyond temporal monitoring, methodological considerations also play a crucial role. Fynn & 

Campbell (2019) explored how the spatial resolution of satellite images (Landsat, Sentinel, 

NAIP, UAV) influences fragmentation indices. Their study demonstrated that metrics such as 

patch density, largest patch index, and edge density vary significantly with image resolution, 

highlighting the importance of image resolution in fragmentation studies. Commonly used 

metrics are presented in Table 3. 

Table 3. Forest fragmentation metrics, equations for computation, and their descriptions. Variables 

include N = total number of patches, A = total landscape area, eik = total edge length of patch i, aij = 

area of patch j, m = number of patches, LSI = landscape shape index. All metrics follow landscape 

ecological equations adopted from Enaruvbe & Atafo (2018) and McGargical et al. (2023).  

 

 

 

 

 

 

Fragmentation 

metrics 
Equation Description 

Number of patches 

(NP) 
ὔὖ ὔ 

Total number of discrete forest 

patches within the buffer. Higher NP 

indicates greater fragmentation. 

 

Landscape Shape 

Index (LSI) ὛὍ
πȢςυВ Åͼ

Ѝὃ
 

Quantifies shape complexity by 

standardizing total edge length to 

landscape area; 0.25 corrects for raster 

geometry. 

 

Mean Shape Index 

(MSI) 
ὓὛὍ 

ὒὛὍ

ὔ
 

 

Average shape irregularity of forest 

patches; higher values indicate more 

complex patch form. 

 

Edge density (ED) 
ὉὈ

В Åͼ

ὃ
 ὢ ρπππ 

 

Total length of forest edges (m) per 

hectare of landscape area (A). 

indicates the relative amount of edge 

habitat. 

 

Patch area mean 

(Area_MN) 

ὃὙὉὃ  
ρ

ὲ
ὃὙὉὃὴὥὸὧὬ  

 

Arithmetic means of forest patch 

areas. Reflects average patch size and 

connectivity. 
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While global fragmentation analysis are informative, national and regional studies are required 

to support policy. In Ghana, fragmentation is mainly driven by agricultural expansion, illegal 

mining, logging, and fire (Bonsu & Bonin, 2023). A few regional studies have been conducted, 

documenting the relationship between forest disturbance, biodiversity, and biomass. For 

example, Addo-Fordjour et al. (2009) reported declines in woody biomass and species richness 

with increasing forest disturbance, but without modeling fragmentation metrics. Similarly, 

Mensah et al. (2017) found from their studies that biodiversity positively influences forest 

productivity in Ghana; however, these relationships were explored independently of spatial 

configurations. With the role fragmentation plays in forest ecosystem integrity, assessing its 

impacts on biodiversity will support effective forest management practices.  

2.5 Species Populations: Mapping Tree Species Distribution, Abundance, and 

Diversity 

Tree species composition and distribution are critical biodiversity indicators influencing 

ecosystem functioning, productivity, and habitat provision (Arekhi et al., 2017). The loss of tree 

species due to land use change, mainly deforestation and fragmentation, poses serious threats to 

ecosystem services and biodiversity conservation (Oli & Subedi, 2015; Wang & Gamon, 2019). 

Monitoring tree species populations is therefore a key indicator for biodiversity assessments, as 

species population trends are central to EBVs and global monitoring frameworks (Pereira, 

Bruford, et al., 2013a); however, traditional approaches such as field inventories remain costly, 

labor-intensive, and spatially restricted. 

2.5.1 Remote sensing for Tree Species Distribution 

Early work with Landsat data provided insights into forest type classification, but often failed 

to capture details at the species-level due to mixed pixels and moderate spatial resolution 

(Griffiths et al., 2014). Medium-resolution sensors, such as Sentinel-2, have recently advanced 

tree species mapping due to their red-edge and Shortwave Infrared (SWIR) bands, which offer 

frequent revisit cycles. Immitzer et al. (2016) demonstrated the ability to separate seven 

deciduous and coniferous species in Bavaria at 10m resolution using supervised classification. 

Later, Hemmerling et al.(2021) showed that incorporating multitemporal Sentinel-2 data with 

Sentinel-1 further improved classification accuracy by exploiting phenological differences 

between species. Similarly, Persson & Lindberg (2018) confirmed the value of Sentinel-2 

satellite imagery for identifying species in boreal environments. 

Radar and LiDAR sensors complement optical imagery by capturing detailed information about 

forest structure. Fagua et al. (2021) revealed that Sentinel-1 radar backscatter correlates with 

species diversity in tropical forests, while  Bruggisser et al. (2021) found moderate correlations 

between radar-based forest structure, such as tree height, cover, and diversity in temperate 

forests. LiDAR has proven helpful for estimating vertical forest structure, height, crown size, 
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and stem density, and it is critical for biomass and carbon stock estimation (Bergen et al., 2009; 

Steinmann et al., 2013).  

2.5.2 Methodological Approaches: From MaxEnt to Ensemble Classifiers 

Different statistical and machine learning approaches have been applied in the modeling and 

predicting tree species distribution and diversity using RS and field-based data. 

i) Maximum Entropy (MaxEnt): MaxEnt is one of the most popular species distribution 

models and is primarily helpful for presence-only data. Chiang et al. (2016) applied the 

MaxEnt approach with Landsat-8 imagery and topographic variables in Mongolia to 

generate probability maps of tree species distribution. This approach successfully 

identified species-environment relationships but overestimated species distribution, 

highlighting the need for additional explanatory variables. 

ii)  Random Forests (RF): An ensemble machine learning approach that effectively handles 

high-dimensional spectral data. Liu et al. (2018) combined Landsat-8, Sentinel-2, and 

Digital Elevation Model (DEM) data in subtropical China to classify four tree species. 

This achieved an accuracy of 82.8%, with the inclusion of terrain data further improving 

the results. Alberto et al. (2018) compared RF, SVM, and K-nearest Neighbor (KNN) 

for Andes Mountain forests modeling and found that the RF approach performs well, 

particularly when integrating DEM variables with spectral data. 

iii)  Support Vector Machines (SVM): This approach is effective in high-dimensional 

spectral spaces, particularly for Sentinel-2 and hyperspectral data. Studies by  Immitzer 

et al. (2016) and Hemmerling et al. (2021) demonstrated that the SVM method captures 

more minor spectral and phenological differences between species, producing high 

classification accuracy in heterogeneous forest environments. 

iv) K-nearest Neighbor (KNN): This method is a simple classifier, used as a baseline in 

several studies (Alberto et al., 2018). While capable of classifying forest types, KNN is 

more sensitive to noisy data and less accurate in complex environments, 

 

2.5.3 Mapping Tree Species and Abundance 

Beyond species classification, RS has been applied to estimate tree diversity indices such as the 

Shannon-Wiener Index (H'), Simpsonôs Diversity Index (D2), Species richness (S), and Species 

evenness (J'). The spectral variation hypothesis, that higher spectral heterogeneity corresponds 

to higher biodiversity, has underpinned most research in this area (Rocchini et al., 2013). 

Rampheri et al. (2022) estimated tree diversity in South Africaôs Blouberg Nature Reserve using 

remotely sensed data and bioclimatic variables, linking results to community-based 

conservation efforts. Reyes-Palomeque et al. (2021) mapped forest age classes in Mexicoôs 

Yucatan Peninsula, relating age to structural and compositional attributes of forest species 
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diversity. Their study confirmed that RS-derived forest age maps can provide valuable insights 

into successional dynamics, which are critical for biodiversity conservation and effective forest 

management. 
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3.0 Materials and methods 
 

This chapter describes the study area, the Essential Biodiversity (EBV) framework employed, 

the remote sensing datasets used, and the methodological approaches applied to data collection, 

processing, and analysis. Given the novelty of applying the EBV framework to assess and 

monitor biodiversity in West Africa, this section emphasizes the procedures developed during 

the research phase. The methodology was primarily tested across Ghanaôs ecological zones, 

spanning from dry savannah to moist evergreen forest and a forest reserve area; however, the 

framework can be adapted to other tropical landscapes. Therefore, its application in different 

ecological or climatic regions would require recalibration and streamlining datasets to country-

based indicators that reflect local conditions and policy. Based on the outcomes of this study, it 

is already possible to anticipate which EBV indicators are most critical for explaining 

biodiversity change and carbon dynamics under varying environmental processes in Ghana. The 

EBV framework provided the foundation for organizing and harmonizing datasets for the 

country, focusing on three key EBV variables: Ecosystem structure, community composition 

(land cover, forest fragmentation, and above-ground biomass), and species populations (species 

diversity, distribution, and abundance). RS products, such as PlanetScope, Sentinel-1, Sentinel-

2, and ESA Biomass datasets, provided spatially explicit inputs that enabled scalable 

assessments of land cover, fragmentation, and biomass. These were complemented by field-

based data and online databases of species occurrence and diversity data to strengthen the 

robustness of the models and analysis.  

 

3.1 Study area 

In line with the thesis objectives, this study was conducted at two spatial scales: the entire 

country and the Bobiri Forest Reserve (BFR) in the Ashanti Region (Figure 4). Ghana is a 

country in West Africa bordered by Burkina Faso to the north, the Ivory Coast to the west, Togo 

to the east, and the Gulf of Guinea to the south (Figure 4). It covers an area of approximately 

238,533 square kilometers. The country is ecologically diverse, ranging from the guinea 

savannah in the north to the wet evergreen forests in the south (Figure 5), making it an ideal 

setting for monitoring biodiversity and forest dynamics. Ghana experiences a tropical climate 

with mean annual temperatures between 21  and 34.3 , and rainfall patterns ranging from 

900 mm in the north to over 2000 mm in the south  (Abbam et al., 2018). Despite having about 

15 % of its land under protection, widespread anthropogenic pressures such as agriculture, 

logging, and mining continue to fragment forest landscapes and threaten biodiversity (Lawer, 

2024). 
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For assessing forest tree species diversity (Objective I), which required field-based observations 

and remote sensing optical information, the BFR was the study area where a field data campaign 

was conducted. However, for all three other objectives: Assessment of land cover standards 

(objective II ), the mapping of dominant tree species distribution and their population abundance 

(objective III ), and the evaluation of the effects of climate change on AGB modulated by forest 

fragmentation and biodiversity (objective IV), the study covered the entire country. This broad 

coverage ensures consistency in evaluating ecological and conservation patterns across Ghanaôs 

heterogeneous landscapes. The BFR, which is located approximately 25 km northeast of 

Kumasi in the Ashanti Region of southern Ghana, lies between latitudes 6Á40' ╖ 6Á44' N and 

longitude 1Á15' ╖ 1Á22' W, covering approximately 30kmĮ (Njomaba et al., 2024). Situated in the 

semi-deciduous forest zone, the BFR represents the countryôs broader forest structure. Its 

canopy is multilayered, averaging 40m with trees up to 60m tall, including a mixture of 

evergreen and deciduous species such as Celtis zenkeri, Triplochiton scleroxylon, Sterculia 

rhinopetala, Negogordonia papaverifera, among others (Djagbletey, 2014). This reserve 

experiences a bimodal rainfall pattern, with the major season occurring from April to July and 

the minor season from September to November, yielding an annual total between 1,200 mm 

and 1,750 mm. Temperatures remain high year-round, with mean maximum yearly values 

around 31. Topographically, the reserve features a slightly undulating (6-7%) slope with 

elevations ranging from 180 m to 145m above sea level. The soils vary from sandy to clay and 

leached sandy-silt types, supporting a diverse range of vegetation. (Djagbletey, 2014; Addo-

Fordjour et al., 2009) 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Study area. National map of Ghana with administrative regions and 

the Ashanti Region highlighted; inset of the Ashanti Region showing districts 

and the location of BFR (top right); false-color composite of the BFR 

(bottom right) 
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3.2 Methods 

3.3.1 Application of the Essential Biodiversity Variable (EBV) Framework 

This study operationalized the EBV framework proposed by the Group on Earth Observation 

Network (Pereira et al., 2013; Pettorelli, 2016) as an organizing principle for biodiversity 

monitoring and assessment in Ghana. EBVs provide a globally recognized structure for 

harmonizing biodiversity measurements across scales, like field observations, RS products, and 

policy-relevant indicators (Pereira et al., 2013; Pettorelli, 2016). Given Ghana's vast size and 

ecological heterogeneity, ranging from savannas to semi-deciduous forests and moist evergreen 

forests, the EBV framework provided a practical means to focus on a limited yet representative 

and essential set of measurable variables. These variables were selected according to three main 

criteria: 

i. Ecological and conceptual relevance: candidate EBVs were chosen to capture the 

ecological processes that are most critical to Ghanaôs forest ecosystem, especially those 

related to land cover, biomass dynamics, and species diversity. According to Jetz et al. 

(2019), EBVs are designed to provide a standard set of essential measurements that 

bridge raw biodiversity observations and policy-relevant indicators. Their framework 

for species population EBVs, distinguishing between distribution and abundance within 

a space-time-species cube, re-echoes the importance of capturing both ecosystem 

structure and species populations as central dimensions of biodiversity monitoring. 

Applying this rationale, the selected EBVs in this study provide a robust foundation for 

Figure 5: Map of the main ecological zones of Ghana (left) and the countryôs location 

within Africa (right). 
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assessing forest biodiversity change in Ghana while ensuring alignment with globally 

recognized ecological priorities and frameworks.  

ii.  Feasibility of measurements: variables were included only where reliable data sources 

were available at an appropriate scale. For instance, PlanetScope imagery enables the 

estimation of species diversity at a high resolution of 3m, and the ESA Climate Change 

Initiative (CCI) Biomass data provide nationally consistent estimates of AGB at a 100m 

resolution. The Sentinel-1 and Sentinel-2 datasets provided high spatial resolution 

imagery for land cover classification. Similar approaches combining field-based 

inventories with RS products are feasible in the other EBV applications (Kissling et al., 

2018; Pettorelli, 2016) 

iii.  Policy and conservation utility: The selected EBVs were also evaluated in terms of their 

potential to inform national policy processes and conservation priorities in Ghana. 

Forests are central to Ghanaôs commitments under the National Biodiversity Strategy 

and Action Plan (NBSAP II, 2016-2020); (Ministry of Environment, 2016), the 

REDD+ Strategy (Forestry Commission, 2015), and reporting obligations under the 

CBD and the SDGs. EBVs focusing on land cover, ecosystem extent, and species 

distribution directly address these policy needs by providing standardized and 

repeatable indicators that can guide conservation prioritization as well as climate 

adaptation strategies (Geijzendorffer et al., 2016) 

Based on these criteria, a set of EBVs was selected to operationalize the four research objectives 

of this study. Figure 6 presents the conceptual framework for applying the EBV approach in 

Ghana, which links the study objectives to the selected EBV classes, their data sources, 

analytical processes, and outputs. 



22 
 

 

3.3.2 Data Collection and Sources 

This study integrated multiple datasets to operationalize the EBV framework, combining RS 

products, biodiversity vegetation databases, and field-based observations. Data was collected 

around the selected EBV classes: Ecosystem structure, community composition, and species 

populations. 

3.3.2.1 Field sampling protocol and tree species data collection (Objective 1, Paper I) 

Following established protocols for forest inventory, plot sizes ranging from 20 to 200 mĮ are 

commonly applied in tall shrub communities, while plot sizes of 200- 25000 mĮ are 

recommended for trees in forest ecosystems (Mapfumo et al., 2016; Mutowo & Murwira, 2012). 

Based on this guidance, a 20 m x 50 m plot size was established for tree species sampling in the 

BFR. A total of 35 plots was established using a simple random sampling approach with a 

minimum spacing of 200m between plots to reduce spatial autocorrelation (Oli & Subedi, 

2015). Plot locations were also influenced by accessibility, as some areas of the forest were 

inaccessible. Plot coordinates were recorded using a Global Position System (GPS)- enabled 

mobile device with a field mapping application. Within each plot, all trees with a diameter at 

breast height (DBH) Ó 5cm were measured using a diameter tape, while tree height was recorded 

using the TruePulse laser rangefinder. Species identification was conducted in the field with the 

Figure 6: Conceptual framework for applying the Essential Biodiversity Variables (EBVs) approach to 

biodiversity monitoring in Ghana. The framework links study objectives to EBV classes and outlines 

processes. 
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assistance of a field taxonomist, and their nomenclature was checked against the World Flora 

online database (WFO, 2021) to ensure taxonomic accuracy. In total, 311 individual trees of 

the most dominant species were sampled during the June 2023 campaign (Figure 7). The 

dominant species list was determined through preliminary consultations with forest reserve 

staff, local experts, and researchers at the Forestry Research Institute of Ghana (FORIG). These 

species were prioritized because of their ecological importance, prevalence in the reserve, and 

relevance to biodiversity assessment (Njomaba et al., 2024).  

 

Figure 7: Spatial distribution of sampled tree species within the BFR. The study boundary is in red, 

with points representing individual trees. 

 

3.3.2.2 Land cover legend and training data collection (Objective 2, Paper II) 

To collect training and validation data for preparing a land cover legend, a definition needs to 

be established from which the land cover classes can be selected and mapped (Njomaba, 

Mushtaq, et al., 2025). Defining the land cover legend is an essential step in the land cover 

mapping process, as it provides a method to express the contents of a map (Mushtaq et al., 

2022). The legend reflects how the semantic generalization of a specific geographic area has 

been conceived (De Simone et al., 2022). The categorization process minimizes real-world 

complexities, where different landscape area types are distributed vertically. Since the 

definition of classes is an arbitrary process by nature, not establishing a legend for land cover 

mapping may lead to uncertainties that will affect the accuracy of the final land cover map. It 

is therefore crucial that the definition of the land cover class meets two minimum requirements: 

(i) clear and unambiguous class definitions, and (ii) a class boundary that does not overlap with 

other legend classes (Haub et al., 2015). The West African Land Cover Reference System 
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(WALCRS) meets these requirements (Gregorio et al., 2022). The WALCRS meets these 

requirements. The WLCRS is based on three levels, with the schema divided into two broad 

categories: vegetated and non-vegetated lands. The vegetated category is divided into natural 

and cultivated, while the non-vegetated category is divided into terrestrial non-vegetated and 

water (Figure 8). With these broad categories, the various levels are further divided based on 

their physiognomic or structural characteristics and improved with additional qualitative criteria 

to classify land features (Mushtaq et al., 2024). In line with recommendations, the WALCRS, 

which is defined using ISO 19144 LCML (ISO 19144-2, 2012), was used to identify the land 

cover classes,  existing sub-national legends, and datasets for developing an established national 

legend. National land cover classes were finalized in consultation with national partners, mainly 

the CERSGIS, the Forestry Commission of Ghana, the Land Use and Spatial Planning 

Authority (LUSPA), and the Council for Scientific and Industrial Research (CSIR). Workshops 

were organized using online platforms to identify and agree on the land cover classes, followed 

by an in-person workshop to validate the land cover classes that had already been defined. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 8: West African Land Cover Reference System (Gregorio et al., 2022) 
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Training and validation data collection for land cover classification were done through photo-

interpretation techniques using Collect Earth Online (CEO) (CEO, 2018). This allows for 

integrating files that can be opened in Google Earth Pro with high-resolution imagery. Within 

the CEO, a project was created using a 10m x 10m plot design, each containing five sample 

points (Figure 9a). A total of 4,000 samples were randomly allocated across the country, with 

10% of these points intentionally repeated as a quality control mechanism. The CEO platform 

was particularly valuable because of its ability to integrate multi-source satellite data (Sentinel-

1 composites, Sentinel-2 composites, Norwayôs International Climate and Forest Initiative 

(NICFI) planet mosaics, Mapbox satellite, Google Earth, and OpenStreetMap) and to provide 

high-performance computing services for large-scale data interpretation. The Google Earth 

integration further enhanced the workflow by enabling users to export and visualize plots 

directly in the Google Earth Pro software (Figure 9b). Google Earth Pro also provides a time 

slider tool allowing users to navigate through imagery from different periods, facilitating 

temporal comparisons and seasonal assessments. Additionally, the Geo-dash widget within 

CEO was utilized to analyze NDVI time series, enabling seasonal dynamics to be factored into 

the interpretation (Figure 10). To address the underrepresentation of some classes and improve 

classification reliability, an additional 3,577 manually interpreted samples were incorporated, 

resulting in a total dataset of 7,677 training and validation points (Figure 11). For quality and 

consistency, the collected samples were reviewed several times and cross-checked with 

ancillary datasets and existing land cover products. Where differences arose, interpretations 

were refined. The final dataset was split into 70% training and 30% validation to support 

classification and accuracy assessment. 

 

                                                             

 

 

 

 

 

 

 

 

 

 

 

Figure 9: (a) Collect Earth online platform with training data distributed across Ghana, (b) Google 

Earth Pro visualization of plots with the time slider tool (CEO, 2018) 

(a) (b) 
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Figure 10: Normalized Difference Vegetation Index (NDVI) time series from the CEO Geo-Dash 

widget. Temporal profile used during training collection to validate land cover interpretations by 

capturing seasonal vegetation variability across 2022-2024. 

 

 

Figure 11: Spatial distribution of training and validation data. 

3.3.2.3 Survey data collection (Objective 2, Paper II) 

As part of the data collection for objective 1 of this thesis, a structured questionnaire survey 

was conducted in 2024 to evaluate the challenges and opportunities associated with adopting 

and implementing land cover standards. The rationale for this survey was to incorporate 

perspectives of stakeholders actively involved in land cover and land use activities across 

different geographic scales, thereby ensuring that Ghanaôs experience could be situated within 

broader international contexts. The study aimed to gain comparative insights into global 
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progress and barriers to adopting land cover standards by engaging experts beyond Ghana. The 

questionnaire was created using Google Forms to ease access and ensure global participation 

from a vast network of potential respondents, including representatives from government 

agencies, academia, private institutions, and international organizations. The survey was sent 

to 800 individuals across 400 organizations. The survey included questions on familiarity and 

use of LCML standards, adoption of alternative land cover standards, and experiences of non-

users of any standards, thereby allowing a comprehensive overview of user contexts and 

challenges.  

 

3.3.2.4 Vegetation data (GBIF)  (Objectives 3 and 4, papers III and IV)  

Vegetation data were obtained from the GBIF (https://www.gbif.org/) (Asare, 2021), a 

biodiversity data infrastructure that provides open access to species records contributed by 

herbaria, research institutions, and citizen science initiatives. GBIF is particularly valuable in 

West Africa, where a large amount of vegetation data exists but is often scattered across 

institutions and underutilized in ecological research. The platform harmonizes records using 

standardized metadata structures such as Darwin Core, ensuring interoperability and 

consistency across datasets.  

For this study, approximately 30,000 raw records of tree species were initially downloaded for 

Ghana (Figure 12). The datasets comprised information from multiple sources, including 

herbarium collections, field notes, and survey data. A  comprehensive data cleaning processing 

workflow was applied to ensure the reliability and consistency of the dataset.  Records with 

missing coordinates, uncertain taxonomy, or locations outside Ghanaôs national boundaries 

were excluded. A temporal filter restricted the dataset to records collected between 2000 and  

2013, resulting in  9,716 unique records.  

All occurrence record points were spatially intersected with the national land cover data 

prepared by (Njomaba, Mushtaq, et al., 2025) to retain only those within the forest land cover 

class. This masking step excluded records located in non-forest areas, thereby ensuring only 

forest-related records were used in subsequent analysis. To reduce spatial bias inherent in GBIF 

records, a spatial thinning procedure was applied to minimize clustering in heavily sampled 

regions. Records within certain buffer radii were applied. Records within the radii were merged, 

retaining a single representative occurrence per grid cell. This process was performed to 

evaluate the robustness of subsequent analysis and to address residual spatial autocorrelation. 

Moranôs I diagnostics confirmed that the spatial thinning effectively reduced autocorrelation to 

acceptable levels.   

The resulting thinned dataset provided broad coverage across Ghanaôs major ecological zones 

and formed the foundation for species richness, fragmentation, AGB, and species distribution 

analysis. Although GBIF data are inherently limited by sampling bias and inconsistent 

https://www.gbif.org/
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taxonomic resolution, the rigorous filtering, spatial standardization, and validation steps 

undertaken have ensured data quality suitable for robust ecological modeling.  GBIF provided 

a reliable and cost-effective source of vegetation data that complemented RS and field-based 

datasets used in this thesis. 

 

Figure 12: Vegetation occurrence records for Ghana obtained from the GBIF portal (Asare, 2021). 

3.4 Remote sensing and environmental datasets (Objectives 1, 2, 3, and 4, papers I, II,  III 

and IV) 

Various RS and environmental datasets were assembled to provide information on Ghana's 

vegetation, biomass, climate, and site conditions. Satellite products included multi-sensor 

imagery from PlanetScope, Sentinel-2, and Sentinel-1, which offered high and moderate-

resolution data for extracting vegetation indices, spectral bands, and textural variable analysis. 

These datasets were complemented by the ESA CCI Biomass products (Santoro & Cartus, 2024), 

AGB at 100 m resolution, enabling consistent assessment of forest carbon stocks nationally. 

Additionally, GEDI footprint data were used to validate AGB estimates, providing an 

independent benchmark for assessing the accuracy of the satellite-derived biomass layers. 

Climate information was obtained from the Global Aridity and Potential Evapotranspiration 

Database (Zomer et al., 2022), which provides long-term estimates of the aridity index derived 

from precipitation and evapotranspiration balances. This dataset was critical for quantifying the 

spatial variation in aridification that limits biomass accumulation and species distributions. 

Additional environmental predictors included the 19 BIOCLIM variables (BIO1-BIO19) from 

the Worldclim v2.1 database (Booth, 2025), which capture long-term (1970ï2000) averages of 

temperature and precipitation regimes, including seasonality and extremes, and are widely used 

in ecological and species distribution modeling.  
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Topographic variables (elevation, slope, and aspect) were derived from the Shuttle Radar 

Topographic Mission (STRM)  DEM at ~1 km resolution. Soil properties (soil pH, organic 

carbon density, and soil texture, including sand, silt, and clay) were obtained from the SoilGrids 

database at a 250 m resolution and resampled to 1 km to match the climate layers.  

 

3.4.1 Satellite Image Processing  

3.4.1.1 PlanetScope imagery (Objective 1, Paper I) 

The PlanetScope surface reflectance products incorporate geometric, radiometric, and 

atmospheric corrections. Images were selected from May 2023 to coincide with field data 

collection, ensuring standard quality, absence of cloud cover, and complete coverage of the 

study area. Four cloud-free image mosaicked scenes were downloaded, and a region of interest 

(ROI) subset was extracted. Spectral reflectance values of each band were extracted using a 3 x 

3 window pixel aggregation, with the mean value applied to approximate plot size conditions 

(Njomaba et al., 2024).  

 

3.4.1.2 Sentinel-2 and Sentinel-1 (Objective 2, Paper II )  
 

Sentinel-2 surface reflectance imagery covering October 2022 to October 2023 was processed 

in the GEE platform. Cloud and shadow masking were applied, and spectral indices, including 

NDVI, NDBI, NDWI, and SAVI, were derived to enhance discrimination between land cover 

classes, especially similar vegetation types. Median composites were generated, and Gray-level 

co-occurrence matrix (GLCM) texture features were calculated on NDVI images to capture 

spatial patterns. Sentinel-1 Ground Range Detected (GRD) data from ascending orbits (VV and 

VH polarizations) were obtained for the same period. Backscatter metrics, including mean, 

standard deviation, percentiles, and VV/VH ratios, were extracted. Texture measures were also 

derived to characterize spatial heterogeneity, which was particularly useful for distinguishing 

forests from agricultural mosaics. (Njomaba, Mushtaq, et al., 2025). 

 

3.4.1.3 Remote sensing derived information  (Objectives 3 and 4, papers III and IV) 

For objectives 3 and 4, RS and environmental products datasets were used to quantify AGB, AI 

conditions, and forest fragmentation conditions at the plot level. Circular buffers were 

established around each GBIF tree record to harmonize point-based biodiversity records with 

gridded RS layers. All raster values intersecting these buffers were extracted, and plot-level 

summaries were generated through aggregation. AGB was derived from the ESA CCI Global 

Biomass product (v5.0.1, 100m resolution, 2020), calibrated against GEDI footprint data to 

correct regional bias and improve accuracy. AGB values were aggregated to obtain the mean 

biomass (Mg ha -1), representing the oven-dry mass of trees.  
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Aridity was extracted from the Global AI dataset (1960 ï 2000), while forest fragmentation 

metrics ï number of patches (NP), edge density (ED), mean patch area (AREA_MN), landscape 

shape (LSI), and mean shape index (MSI) were computed from reclassified forest/non-forest 

masks of the national land cover dataset of Ghana. The fragmentation metrics were standardized 

using Principal Component Analysis (PCA) to produce a composite fragmentation index.  

For the species distribution and abundance analysis (Objective 3), RS-derived covariates, 

including the digital elevation model (DEM) - derived variables (elevation, slope, and aspect), 

climatic layers from WorldClim, forest land cover, vegetation indices, and soil datasets were 

used as explanatory variables to model the spatial patterns of dominant tree species. A summary 

of all RS and environmental datasets used in this study, including their spatial and temporal 

characteristics, variables, and applications, is presented in Table 4. 

Table 4: Remote sensing and environmental datasets used in this study 

Dataset/Source Year of 

acquisition 

Spatial 

resolution 

Variables/ Description Application in the study 

PlanetScope 

(Planet Labs 

Inc.) 
 

2023 3m B2, B3, B4, B5, B6, 

B7, B8, NDVI, EVI, 

SRI, SAVI, NDRE 

Assessing forest species 

diversity (Objective 1, Paper I) 

Sentinel-2 

(ESA) 

2023 10-20m (B2, B3, B4, B5, B6, 

B7, B8, B9, B11, B12, 

SWIR,  NDVI, SAVI, 

NDWI, NDBI; GLCM 

texture) 

Land cover classification in 

Ghana (Objective 2, Paper II) 

Sentinel-1 

(Copernicus) 

2023 10m (VV, VH, VV/VH, SD 

of VV, SD of VH, 25th 

percentile, 75th 

percentile, GLCM) 

 

Land cover classification in 

Ghana (Objective 2, Paper II) 

ESA CCI 

Biomass 

2020 100m Aboveground biomass 

estimates (Mg/ha) 

(Objective 4, Paper IV) 

Assessing AGB patterns, 

linking AGB to AI /diversity  

 

 

GEDI 

 

 

2019-2023  

 

25m 

 

Footprint level AGB  

(Objective 4, Paper IV) 

Independent validation of ESA 

CCI AGB estimates 

 

Global AI  

 

1970-2000 

baseline 

 

~1km (30 

arc-seconds) 

AI  derived from 

precipitation  and 

Evapotranspiration 

 

(Objective 4, Paper III ) 

Assessing AGB patterns, 

linking AGB to AI /diversity  

 

 

WorldClim 

Bioclimatic 

variables 

1970-2000 

baseline 

~1km (30 

are- seconds) 

19 bioclimatic variables 

(e.g., BIO1 ï BIO19) 

(Objective 3, Paper III ) 

Mapping distribution & 

Abundance   

 

 

SoilGrids 

(ISRIC) 

 

0-30 cm 

depth 

250m 

(resampled to 

1 km) 

Soil texture, carbon 

density, pH, and bulk 

density 

(Objective 4, Paper IV) 

Mapping distribution & 

Abundance 
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STRM   
(NASA) 

 

Static 

 

~1 km (30 

arc-seconds) 

 

 

Elevation, slope, aspect 

(Objective 4, Paper IV) 

Mapping distribution & 

Abundance 
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3.5 Analysis 

3.5.1 Estimating tree species diversity from PlanetScope data (Objective 1, Paper I) 

Diversity metrics were quantified using the inventory data described in Section 3.3.2.1 and 

Figure 7, on a per-plot basis, using four indices (S, H', D2, and J') (Table 5). These metrics were 

then related to PlanetScope spectral bands and vegetation indices through a stepwise linear 

regression approach. Model choice was guided by RĮ, Root Mean Squared Error (RMSE), and 

Akaike Information Criterion. Information Criterion (AIC); Pearson correlations provided 

bivariate checks (Njomaba et al., 2024). 

Table 5: Diversity indices used in this study and their equations 

 

3.5.2 Land cover classification and accuracy assessment  (Objective 2, Paper II) 

The RF classifier was chosen for land cover mapping due to its non-parametric robustness and 

strong performance with high-dimensional predictors. RF builds an ensemble of decision trees 

and products by majority vote. The grid search tuned hyperparameters; the final model used 500 

trees, mtry = 6, unlimited depth, and a 70/30 train/validation split (Figure 13). For the input 

features used in model prediction, the Sentinel-2 reflectance bands and indices, Sentinel-1 

backscatter and textures, and GLCM textures on NDVI were computed to enhance class 

separability. Using the 30% validation data, the overall accuracy, producersô and usersô 

accuracies, and Kappa were computed. Image processing, classification, and validation were 

done in GEE, and the script is published on the GitHub repository (Njomaba, 2025). 

Species diversity index Equation Reference 

 

Species richness (S) 

 

Simpson index (D2) 

Ὓ ὔ 
(Morris et al., 2014) 

 

(Morris et al., 2014)(Shannon, 1948) 

 

Shannon index (H') 

 

 

Species Evenness (J') 

Ὀ ρȾ ὴ 

 

Ὄ ὴ ÌÎὴ  

ὐᴂ ὴ ÌÎὖ

ȾὒὔὛ 

 

 

 

 

(Morris et al., 2014), (Rocchini et al., 2013) 

 

 

                (Carlo et al., 1998) 
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Figure 13: Distribution of training and validation data. 

 

3.5.3 Species distribution, abundance, richness, and conservation gaps. (Objective 2, 

Paper III)  

 

The Pearson correlation and Variance Inflation Factor VIF were used to perform a feature 

selection, removing variables with VIF > 10 and highly correlated, as shown in Table 6.  

 

Table 6: Environmental variables used as predictors, selected after conducting a multicollinearity 

analysis. 

Label Variable Unit  

BIO3 Isothermality (BIO2/BIO7) x 100 % 

BIO6 Minimum temperature of the coldest 

month 

OC 

BIO13 Precipitation of the wettest month mm 

BIO19 Precipitation of the coldest quarter mm 

Soil pH The (water) pH 

Ĭ 10 

Soil organic 

carbon density 

Organic carbon content in the soil T/ha 

Soil texture- sand Sand content in soil G/kg 

Soil-texture-silt Silt content in soil G/kg 

Forest Forest cover N/A 

Slope Slope m 

Aspect Aspect Deg 
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The species occurrence data obtained from the GBIF contained species names, geographic 

coordinates, and source metadata. To ensure quality, duplicates and records with uncertain 

geographic coordinates were removed. Given the known issues of spatial clustering in 

aggregated biodiversity databases, a spatial thinning algorithm was applied at 1 km resolution 

using the spThin package in R  (Aiello-Lammens et al., 2015). After cleaning and thinning, a 

total of 9,716 were retained. To align with forest monitoring standards in West Africa, the data 

were aggregated into circular plots (Chave et al., 2003). The plot occupancy approach was 

defined as the number and proportion of plots where a species occurs. This occupancy served 

as a proxy for relative dominance, providing a spatially interpretable measure of prevalence 

nationwide. Although presence-only records cannot capture absolute abundance, occupancy-

based dominance is widely applied in distributional studies   (Elith & Leathwick, 2009). Based 

on the plot occupancy assessment, the dominant species identified were: Napoleaoneae 

leonensis, Myrianthus serratus, and Penianthus patulinervis.  These species represent 

ecologically distinct groups and were selected as focal species for modeling habitat suitability 

and abundance. 

Habitat suitability for the three dominant species was modeled using MaxEnt, which estimates 

a maximum-entropy distribution constrained by environmental covariates as implemented by 

(Phillips et al., 2006) in the equation: 

ὴὼ  
ρ

ὤ
Ὡὼὴ ‗Ὢὼ  ȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢρ 

 

Where are environmental features,  are weights, and Z is a normalizing constant. 

Presence-only occurrence was partitioned into five spatial folds using blocking to minimize 

spatial autocorrelation bias. Background points were sampled within a 30 km buffer around 

occurrences to ensure ecologically relevant contrasts. Models were fitted with default 

regularization, and suitability predictions were generated across Ghana. Evaluation metrics of 

the model were performed, such as: 

¶ Area under the curve (AUC) with spatial cross-validation 

¶ True Skill Statistic (TSS) across thresholds (0.1 ï 0.9) 

¶ Omission and commission diagnostics 

¶ Response curves for predictor variables 

¶ Jackknife tests for variable contributions 
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Species abundance was estimated using the Zero-Inflated Poisson (ZIP) models applied to a 10 

x 10 km grid. The ZIP formulation accounts for excess zeros typical in patchy species 

distributions, with a model adopted from  (Lambert, 1992).  

ὖὣ ώ “ρ ρ “ ȦȢȢȢȢȢȢȢȢȢȢȢȢȢς 

 

Where  = probability of excess zeros, ‗ = Poisson mean, and is an indicator for zero counts. 

Environmental covariates were included in both the count and zero-inflation components. 

Models were compared using AIC and Pseudo-R2. Predictions were bootstrapped (n = 50) to 

generate uncertainty surfaces, summarized by mean, standard deviation, and coefficient of 

variation.  

Binary habitat suitability maps (applying thresholds per species based on evaluation metrics) 

were summed to derive species richness maps (Freeman & Moisen, 2008). To prioritize 

conservation, a composite conservation index was developed by integrating suitability and 

abundance, following the methods in Oliver et al. (2015): 

ὅέὲίὩὶὺὥὸὭέὲ ὍὲὨὩὼ  ὛόὭὸὥὦὭὰὭὸώ  ὃὦόὲὨὥὲὧὩȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢσ 

 

Cells in the top decile (Ó 90th percentile) of the composite conservation index distributions were 

designated priority areas. These were overlaid with Ghana's protected area (PA) data to quantify 

representation inside and outside PAs, highlighting conservation gaps (Joppa & Pfaff, 2009). 

(Njomaba, Aikins, et al., 2025) 

 

3.5.4 Assessing the effects of climate change on aboveground biomass mediated by 

fragmentation and biodiversity. 
 

The global AI (Zomer et al., 2022) was used as a proxy for long-term climate stress and water 

availability. AI values were subset to Ghana, extracted, and aggregated within a 500m buffer 

around each GBIF record. Following the UNEP classification scheme, AI values were 

categorized into four aridity classes (Table 7), serving as a space-for-time substitution (Blois et 

al., 2013).  

Table 7: Classification of Ghanaôs climate zones based on the Aridity Index (AI) and their land area 

coverage. The aridity (AI) thresholds follow the United Nations Environmental Program (UNEP) 

aridity classification scheme. Values indicate the total area (kmĮ) 

Aridity index (AI) values  Climate class (zones) 

0.2 ÒAI<0.5 Semi-arid 

 

0.5ÒAI<0.65 

 

Dry sub-humid 

 

0.65ÒAI<0.8 

 

Sub-humid 

 

0.8ÒAI<1.3 

 

Humid 
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These classes represented Ghanaôs ecological gradient as an analog for projected climate change 

impacts. A one-way analysis of variance (ANOVA) was conducted to test for differences in 

mean AGB across the four aridity zones. This assessed whether biomass declines systematically 

with increasing aridity. Scheff®ôs multiple comparison test was applied as a post-hoc procedure, 

given its robustness to unequal sample sizes and variances. Model formulation adopted from 

(Fisher, 1935) 

ὣ  ‘  ̓   ̤ ȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢȢτ 

           

 

Where Yij  is the aboveground biomass of plot j in aridity class i,  is the overall mean,  is the 

effect of the aridity class, and is the error term. 

 

Fragmentation metrics were derived from forest/non-forest rasters using the landscapemetrics 

package in R. Metrics derived are presented in Table 8  

 

Table 8: Forest fragmentation metrics, equations for computation, and their descriptions.  

Variables include N = total number of patches, A = total landscape area, eik = total edge length 

of patch i, aij = area of patch j, m = number of patches, LSI = landscape. All metrics follow 

landscape ecological equations adopted from Enaruvbe & Atafo, 2018, and McGargical et al., 

2023 

Fragmentation 

metrics 
Equation  Description  

Number of patches 

(NP) 
ὔὖ ὔ 

Total number of patches in the 

class/landscape. 

 

Landscape Shape 

Index (LSI) ὛὍ
πȢςυВ Åͼ

Ѝὃ
 

Overall shape complexity of 

forest patches  

 

Mean Shape Index 

(MSI) 
ὓὛὍ 

ὒὛὍ

ὔ
 

 

Average patch shape complexity 

 

Edge density (ED) 
ὉὈ

В Åͼ

ὃ
 ὢ ρπππ 

 

Amount of edge relative to the 

landscape area. 

 

Patch area mean 

(Area_MN) 

ὃὙὉὃ  
ρ

ὲ
ὃὙὉὃὴὥὸὧὬ  
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All predictors were standardized using z-scores before analysis. Multicollinearity among the 

five fragmentation metrics (NP, ED, AREA_MN, MSI, LSI) was evaluated using pairwise 

correlation and principal component analysis (PCA). Because these metrics were highly 

intercorrelated (|r| > 0.8 for EDïLSI and ED-AREA_MN), PCA was applied to reduce 

redundancy and derive an integrated fragmentation gradient. The first principal component 

(Frag_PC1) explained the majority of total variance and was used as a component fragmentation 

variable in subsequent models (Figure 14). After dimensionality reduction, Variance Inflation 

Factor (VIF) diagnostics were performed on the final set of model predictors to ensure that the 

combined predictors were not strongly collinear. All predictors exhibited VIF < 2 and tolerance 

> 0.8, confirming negligible multicollinearity and validating their inclusion in SEM and GAM 

analysis. 

 

Figure 14: Principal Component Analysis of Fragmentation Metrics. 

 

To assess the direct and indirect pathways through which AI influences AGB, we implemented 

both linear and nonlinear SEMs. SEMs were used to jointly estimate causal relationships among 

AI, fragmentation (Frag_PC1), biodiversity (S), and AGB, while accounting for spatial 

structures.  The linear SEM was implemented using the ñpiecewiseSEMò package in R Studio, 

with each sub-model fitted as a generalized least squares (GLS) model that included an 

exponential spatial correlation structure based on plot centroids (x, y). This approach accounts 

for residual spatial autocorrelation while preserving parameter estimates. All variables were 
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standardized (z-scores) before modeling to allow comparison of path coefficients (ɓ). The model 

structure was defined as: 

ὊὶὥὫ  ͯὃὍ
ὙὭὧὬὲὩίί ͯ ὃὍ

ὃὋὄ  ͯὃὍὊὶὥὫ ὙὭὧὬὲὩίί
                          υ  

This structure reflects hypothesized causal pathways where aridity influences forest structure 

and biodiversity, which in turn affect biomass accumulation. Model fit was evaluated using 

Fisherôs C statistic, Akaike Information Criterion (AIC), and R2 values for each endogenous 

variable. Standardized path coefficients (ɓ), standard errors, and significance levels were 

extracted. 

To capture potential nonlinear relationships that the linear model could not represent, a 

complementary nonlinear SEM was developed using the GAM framework. Each sub-model was 

fitted using thin-plate regression splines with restricted maximum likelihood (REML) 

optimization in the ñmgcvò package. The structure mirrored the linear SEM but specified 

smooth functions  for key predictors: 

ὊὶὥὫ  ͯ ίὃὍ
ὙὭὧὬὲὩίί ͯ ίὃὍ

ὃὋὄ  ͯίὃὍ ίὊὶὥὫ ίὙὭὧὬὲὩίίίὼȟώ
                          φ  

Where s (.) denotes smooth terms and s(x,y) is a bivariate spatial smoother capturing broad-

scale spatial autocorrelation. Smoothing bases (k) were selected to balance flexibility and model 

parsimony, with overfitting constrained by penalization (y = 1.4). Model performance was 

assessed using AIC, Fisherôs C, and variance explained (R2) for each endogenous variable. 
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Generalized additive models (GAMs): 

To explore non-linear relationships between AGB and predictor variables, we used spatial 

GAMs implemented in the ñmgcvò package. The main model took the form. 

ὃὋὄίὃὍȟὯ ω ίὊὶὥᾫὖὅρȟὯ ω  ίὙὭὧὬὲὩίίȟὯ ω ίὼȟώȟὯ ψπ     χ 

Where s (.) denotes thin-plate regression splines, k specifies the basis dimension controlling 

smoothness, and s(x, y) represents a two-dimensional spatial smoother applied to buffer 

centroids to account for broad-scale autocorrelation. Models were fitted by REML with mild 

penalization (ɔ = 1.4) and automatic smooth selection to prevent overfitting. To evaluate the 

relative influence of individual metrics (NP, AREA_MN, ED, MSI, LSI), we fitted separate 

spatial GAMs of the form: 

ὃὋὄίάὩὸὶὭὧίὃὍ ίὼȟώ,                  (8) 

with predictors standardized. For each model, we extracted smooth-term statistics (edf, F, p-

value) and compared æAIC and æDev against a baseline model (AGB ~ s(AI) + s(s, y)) to 

quantify the added explanatory contribution of each metric. Model diagnostics included residual 

QQ-plots, k-index adequacy tests, and concurvity checks. 
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4.0 Results 

The detailed research results are presented in four scientific articles. In this section, the most 

significant findings are synthesized, and the research questions posed in the thesis are 

addressed. The main goal of the thesis was to operationalize EBVs to monitor forest biodiversity 

change in Ghana by integrating RS and field-based approaches. To achieve this, the study 

adopted an exploratory framework that combined international land cover standards, optical RS 

datasets, a data assembly approach using the West African Vegetation Database, structural and 

climatic variables, and ecological modeling. These components provided an innovative 

framework for national-level biodiversity monitoring. The methods and framework applied in 

this research proved very promising for effectively monitoring and assessing changes in forest 

biodiversity. The framework enabled the focusing of key biodiversity indicators, considering 

factors such as feasibility, data availability, relevance to Ghanaôs biodiversity priorities, policy, 

and applicability to management.  

The first objective of this thesis, which assesses forest species diversity in Ghanaôs tropical 

forests using PlanetScope data, was addressed in the first published article (Njomaba et al., 

2024). The objective, addressed in the second article (Njomaba et al., 2025), focused on the 

adoption of land cover standards for sustainable development in Ghana, considering both 

challenges and opportunities. The third article, addressing objective three of the thesis 

(Njomaba et al., 2025), focuses on mapping the distribution and estimating the population 

abundance of dominant forest tree species in Ghana, with implications for conservation 

prioritization. The fourth article, submitted and yet to be published, addresses the fourth 

objective, which investigates the effects of climate change on aboveground biomass, modulated 

by forest fragmentation and biodiversity, in Ghana. All these objectives are linked to the three 

main EBV variables: class of community composition, ecosystem structure, and species 

population. 
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4.1 Assessing Forest Species Diversity in Ghanaôs Tropical  Forest Using 

PlanetScope Data. 
 

Elisha Njomaba1, James Nana Ofori2, Reginald Tang Guuroh3, Ben Emunah Aikins4, 

Raymond Kwame Nagbija5, Peter SurovĨ1. 

 
1Faculty of Forestry and Wood Science, Czech University of Life Sciences (CZU Prague), KamĨck§ 129,165 21 

Prague, Czech Republic. 

2Biodiversity Research/Systematic Botany, University of Potsdam, Maulbeerallee 1, 14469 Potsdam, Germany. 

3CSIR-Forestry Research Institute of Ghana, Kumasi P.O. Box UP 63, Ghana. 

4School of Public Health, College of Health Sciences, University of Ghana, Accra, P.O. Box LG 13, Ghana. 

5Faculty of Geoinformation Science & Earth Observation, Department of Natural Resource Management, 

University of Twente, Drienerlolaan 5, 7522 NB Enschede, The Netherlands 

 

Remote Sens. 2024, 16(3), 463; https://doi.org/10.3390/rs16030463 
 

AuthorËs contribution: 70 % 
 
 

Summary of the article 

In addition to spectral changes in tropical forests, biodiversity can be assessed through satellite-

delivered indicators. This article investigated the potential of PlanetScope multispectral data 

(3m resolution) to predict forest tree diversity in Ghanaôs BFR. Tree inventory data collected 

from 35 plots, where taxonomic identification, DBH, and height measurements were used to 

compute four diversity indices: H', D2, S, and J'. Corresponding spectral reflectance and 

vegetation indices (VIs), Normalized difference vegetation index (NDVI) , Enhanced vegetation 

index (EVI), simple ratio index (SRI), Soil adjusted vegetation index (SAVI), and Normalized 

difference red edge index (NDRE), were extracted from PlanetScope imagery and statistically 

analyzed against the field-based diversity measures. The results revealed significant 

correlations between S and H' with spectral bands, particularly the red (Band 6) and blue (Band 

2), while D2 and J' showed weaker relationships. Stepwise regression models confirmed the 

predictive capacity of these bands, explaining 47% of the variance in S and 42% in the H'. 

Predictive diversity maps were generated using these models, showing clear spatial gradients 

of species richness and Shannon diversity across the reserve. The study demonstrates that 

PlanetScope data can provide an efficient, scalable approach to mapping forest species diversity 

in the tropics, complementing traditional field-based surveys.  
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Full article   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



43 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



44 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



45 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



46 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



47 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



48 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



49 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



50 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



51 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



52 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



53 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



54 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  



55 
 

 

 

  



56 
 

 
  




































































































































































































