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Thesis title: Essential Biodiversity Variables (EBVs) for Monitoring Forest

Biodiversity Change in Ghana: A Remote Sensing and Field-
Based Approach

Objectives of thesis: The overall objectives of this study are Essential Biodiversity Variables that are key to
forest biodiversity changes and their implications for forest management. The specific
objectives, however, are;

1. To assess the potential for the adoption of land cover standards by preparing

a national legend for Ghana as a pilot study following the standards ISO 19144-2,
preparing a land cover dataset of Ghana, and engaging experts in Ghana to document
the challenges and the opportunities of the adoption of standards for sustainable
resource management,

2. To assess the relationship between spectral variability from PlanetScope imagery
and field-measured species diversity indices, with the aim of evaluating spectral
variability as a proxy for biodiversity menitoring.

3. To investigate the direct effect of climate change (aridity) on aboveground biomass
(AGB), mediated through forest fragmentation.

4. To map the spatial distribution and estimate the population abundance of dominant
forest tree species in Ghana.

Methodology: 1. For assessing the potential for the adoption of land cover standards, a combination
of stakeholder engagement with national agencies, survey designs to engage experts,
and the use of the FAO-developed IS0 19144-2 Land Cover Meta Language (LCML) is
adopted. Training and validation data are collected via high-resolution satellite
imagery interpretation, supported by local knowledge. A multi-sensor dataset
combining Sentinel-2 optical imagery, Sentinel-1 SAR data, and ancillary variables is
prepared. Key spectral and texture predictors are derived over a one-year period to
capture seasonal variability.

Land cover classification is performed using a Random Forest algorithm with optimized
parameters. Model accuracy was assessed using standard metrics on independent test
samples. Additionally, a stakeholder survey is used to evaluate the awareness and
adoption of land cover standards.

2. For analyzing the relationship between species diversity and spectral variability in
Bobiri Forest Reserve, field data were collected from 35 systematically placed plots
(20 m x 50 m}, spaced at least 200 m apart to avoid overlap. Within each plot, adult
trees (DBH = 5 cm) were identified, measured for diameter and height, and
geolocated using GPS devices. Species identification was verified with taxonomists
and cross-checked using the World Flora Online database. Four diversity indices—
Species Richness (S), Shannon-Wiener (H'), Simpson (D2), and Evenness (1")—were
calculated per plot.

High-resolution PlanetScope imagery (3 m) covering May 2023 was accessed under
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a research license. Four mosaicked scenes were preprocessed (geometric,
radiometric, and atmospheric corrections) and aligned with field sampling. Spectral
data were extracted using a 3 X 3-pixel mean window for each plot.

Stepwise linear regression was used to analyze the relationship between spectral data
and diversity indices. Predictor variables included PlanetScope bands and vegetation
indices (MDVI, EVI, SAVI, SRI, NDRE). Model performance was assessed using AIC,
RMSE, and R2, while Pearson correlation coefficients identified key spectral predictors.
Bands 2 (blue) and 6 (red} emerged as the most significant predictors for species
richness and the Shannon-Wiener index.

3. To investigate the effects of climate change (aridity) on aboveground biomass
(AGB), mediated by forest fragmentation, a multi-source dataset is compiled and
analyzed across Ghana. Vegetation occurrence data representing tree species are
obtained from the Global Biediversity Information Facility (GEIF), while plot-level
biomass data were derived from ESA's global AGE dataset. The AGE raster was subset
using Ghana's national boundary and matched to tree species plots by creating 20 m
radius circular buffers around each occurrence point. This buffer-based extraction
approach enabled plot-level assessment of AGE values.

Aridity data is acquired from the Global Aridity Index (Global-AI), which provides

a ratio of annual precipitation to potential evapotranspiration. Plot-level aridity values
are extracted corresponding to each vegetation cccurrence location. To quantify forest
fragmentation, six landscape metrics—MNumber of Patches (MNP}, Largest Patch Index
(LSI), Mean Shape Index (MSI), Edge Density (ED), and Mean Patch Area (Area_MN)
are computed using the landscapemetrics package in R. These metrics are also
extracted at the plot level for each vegetation point. The direct effects of aridity on
AGE are assessed using Analysis of Variance (ANOVA), with statistical significance
evaluated using p-values and standard performance metrics. To evaluate the indirect
effects of aridity on AGBE mediated by fragmentation, a Partial Least Squares
Structural Equation Modeling (PLS-SEM) approach is employed. Finally, to assess the
relative contributions of individual fragmentation metrics to AGB variation,

a Generalized Additive Model {GAM) is used, capturing nonlinear relationships and
quantifying the influence of each fragmentation factor.

4. To map the spatial distribution and estimate the population abundance of dominant
forest tree species in Ghana, species distribution modelling (SDM) techniques are
implemented in R using Sentinel-2 derived vegetation indices and environmental
variables. Tree occurrence data (species name and GPS coordinates) are combined
with environmental predictors, including Sentinel-2 indices (NDWVI, NDRE, EVI}),
climate data (temperature and precipitation from WorldClim}, the Global Aridity Index,
topographic variables (elevation and slope from SRTM), and land cover data.

All raster layers are reprojected to a common coordinate system, resampled to

a common resolution, and cropped to the Ghana boundary. Environmental values are
extracted at each tree occurrence point and combined with species presence or
abundance to create a modelling dataset.

Modelling is conducted using presence-only and abundance-based methods. Presence-
only data are modelled using MaxEnt, while abundance models use Random Forest,
Poisson GLM, Megative Binomial, and Boosted Regression Tree algorithms. Model
performance is evaluated using AUC, Kappa, and TS5 for classification models, and
RMSE, MAE, and R2 for regression models. Spatial predictions are generated across
the stacked raster layers to produce maps of species distribution and abundance. Final
outputs are visualized.
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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 (1AS) 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 Ghana’s 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 Ghana’s 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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Keywords: Remote sensing, Ghana, Biodiversity, Essential Biodiversity Variables, Land
cover, Species distribution, Tropical forests, Fragmentation.
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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 km?, 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.

X1



Contribution of the thesis

The thesis contributed to original publications and can be summarized as follows:

1.

Paper 1: Assessing Forest Species Diversity in Ghana’s Tropical Forest Using
PlanetScope Data. https://doi.org/10.3390/rs16030463 (Remote Sensing)

Paper Il: Adopting Land Cover Standards for Sustainable Development in Ghana:
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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; Diaz 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
etal., 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 world’s 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 Coéte d’Ivoire, 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



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, Ghana’s 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 country’s forests are home to an estimated 3,725 species, including trees,
mammals, birds, amphibians, and reptiles. (Ministry of Environment, 2016; CBD, 2016).
However, Ghana’s 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.
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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)

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
(2011-2020). 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
2



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
Allelic diversity Genetic
Population genetic differentiation composition

Breed and variety diversity
Species distribution

Population abundance Sp?C'?S
Population structure by age/size class populations
Phenology
Body mass
Natal dispersal distance Species
Migratory behavior traits
Demographic traits
Psychological traits
Taxonomic diversity Community
Species interactions composition
Net primary productivity
Secondary productivity Ecosystem
Nutrient retention function
Disturbance regime
Habitat structure Ecosvstem
Ecosystem extent and fragmentation/land cover y
structure

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 (Proenca
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,



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 Ghana’s forests. The rationale for
selecting these EBVs stems from the fact that they are directly aligned with the goals of Ghana’s
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 Ghana’s 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.



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 "remote sensing” OR satellite OR "Earth Land cover, 3391
Structure observation" OR lidar OR "synthetic aperture radar" fragmentation,
(Global) OR SAR And "land cover" OR "forest biomass
fragmentation” OR fragmentation OR "aboveground
biomass" OR biomass OR AGB And biodivers* OR
"ecosystem structure” OR "essential biodiversity
variable*" OR EBV*
Ecosystem "remote sensing” OR satellite OR "Earth Land cover, 66
Structure observation™ OR lidar OR "synthetic aperture radar" fragmentation,
(Regional, OR SAR And "land cover" OR "forest biomass
Ghana) 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"
Species "remote  sensing” OR satellite OR "Earth Species 1527
populations  observation” OR lidar OR "synthetic aperture radar" diversity,
(Global) OR SAR And "species distribution" OR "species species
richness" OR "species diversity" OR "species distribution,
abundance” OR occupancy And biodivers* OR species
"species population*" OR "essential biodiversity abundance
variable*" OR EBV*
Species "remote  sensing” OR satellite OR "Earth Species 18
populations  observation” OR lidar OR "synthetic aperture radar" diversity,
(Regional, OR SAR And "species distribution” OR "species species
Ghana) richness" OR "species diversity" OR "species distribution,
abundance” OR occupancy And biodivers* OR species
"species population*" OR "essential biodiversity abundance

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

i) Assess the challenges and opportunities for adopting the International Standards
Organization (ISO) 1944-2 land cover standards in Ghana for harmonized land cover

mapping.

1ii) 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:

1) 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.

i) 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) 1v) Species distribution models combined with abundance estimates can identify priority
areas for conservation.

Iv) a. Hla: Decreasing Al (aridification) reduces AGB directly, with humid zones
(higher Al) maintaining higher mean AGB than semi-arid zones.

b. H1b: Decreasing Al (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.



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.



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 EBVSs,
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 Ghana’s 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 — 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,
(i1) 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
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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
ESA’s 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 EBVSs. 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
Africa’s 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, Mushtag, 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
Organization’s (FAO) Land Cover Legend Registry (LCLR), which currently hosts more than
30 sub-national and national legends developed according to 1SO 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 1SO-

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-2’s multispectral instrument (10 — 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 1SO 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 ESA’s 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 1SO-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 Ghana’s 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

Total number of discrete forest

Number of patches patches within the buffer. Higher NP

(NP) NP =N indicates greater fragmentation.
Landscape Shape 0255 ey Quantifies shape complexity by
Index (LSI) SI= VA standardizing total edge length to
landscape area; 0.25 corrects for raster
geometry.
Mean Shape Index MSI = LSI Average shape irregularity of forest
(MSI) - N patches; higher values indicate more
complex patch form.
Edge density (ED heq €k Total length of forest edges (m) per
g y (ED) ED = ZR=18K 1000 g ges (M) p

hectare of landscape area (A).
indicates the relative amount of edge
habitat.

n
1
Patch area mean AREAyy = ;Z AREA(patch;) Arithmetic means of forest patch
(Area_MN) =1 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.

i) 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'), Simpson’s 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 Africa’s 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 Mexico’s

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 Ghana’s 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 °C and 34.3 °C, 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 Il), the mapping of dominant tree species distribution and their population abundance
(objective 111), and the evaluation of the effects of climate change on AGB modulated by forest
fragmentation and biodiversity (objective 1V), the study covered the entire country. This broad
coverage ensures consistency in evaluating ecological and conservation patterns across Ghana’s
heterogeneous landscapes. The BFR, which is located approximately 25 km northeast of
Kumasi in the Ashanti Region of southern Ghana, lies between latitudes 6°40'-6°44" N and
longitude 1°15'-1°22' W, covering approximately 30km? (Njomaba et al., 2024). Situated in the
semi-deciduous forest zone, the BFR represents the country’s 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°C. 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)

3E 8°E 13°E 2E 5E 8E 11E
GHANA MAP ASHANTI REGION

18°N

Upper West

Northern
-
Céite d'Tvoire &
Ahafo

Ashanti

13°N

Togo

2 SE 8E 11
8N BOBIRI FOREST RESERVE

89N

Western North

3°N

0 100 200 km
CRS: WGS 1984 Zone 30N | )| CRS: WGS 1584 Zone 30N | |

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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Figure 5: Map of the main ecological zones of Ghana (left) and the country’s location
within Africa (right).

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 Ghana’s 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
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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 Ghana’s 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.
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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.

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 m? are
commonly applied in tall shrub communities, while plot sizes of 200- 25000 m? 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) > 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

22



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).
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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 11)

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,
Mushtaqg, 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 (I1SO 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.
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Figure 8: West African Land Cover Reference System (Gregorio et al., 2022)

24




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, Norway’s 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.

19 March 2001

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)
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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.
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Figure 11: Spatial distribution of training and validation data.
3.3.2.3 Survey data collection (Objective 2, Paper I1)
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 Ghana’s 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 I11 and 1V)
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 Ghana’s 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.
Moran’s | diagnostics confirmed that the spatial thinning effectively reduced autocorrelation to
acceptable levels.

The resulting thinned dataset provided broad coverage across Ghana’s 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
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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.

Ghana i
A GBIF Observer Country from Africa

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, 11, 111
and 1V)
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 (1970-2000) 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, Mushtag, et al., 2025).

3.4.1.3 Remote sensing derived information (Objectives 3 and 4, papers 111 and 1V)

For objectives 3 and 4, RS and environmental products datasets were used to quantify AGB, Al
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 Al dataset (1960 — 2000), while forest fragmentation
metrics — 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 Spatial Variables/ Description Application in the study
acquisition  resolution
PlanetScope 2023 3m B2, B3, B4, B5, B6, Assessing forest species
(Planet Labs B7, B8, NDVI, EVI,  diversity (Objective 1, Paper I)
Inc.) SRI, SAVI, NDRE
Sentinel-2 2023 10-20m (B2, B3, B4, B5, B6, Land cover classification in
(ESA) B7, B8, B9, B11,B12, Ghana (Objective 2, Paper II)
SWIR, NDVI, SAVI,
NDWI, NDBI; GLCM
texture)
Sentinel-1 2023 10m (VV, VH, VVI/VH, SD Land cover classification in
(Copernicus) of VV, SD of VH, 25th  Ghana (Objective 2, Paper II)
percentile, 75th
percentile, GLCM)
ESA CCI 2020 100m Aboveground biomass (Objective 4, Paper V)
Biomass estimates (Mg/ha) Assessing AGB patterns,
linking AGB to Al/diversity
(Objective 4, Paper 1V)
GEDI 2019-2023 25m Footprint level AGB  Independent validation of ESA
CCI AGB estimates
Al derived from
Global Al 1970-2000 ~1km (30 precipitation and (Objective 4, Paper I11)
baseline arc-seconds) Evapotranspiration Assessing AGB patterns,
linking AGB to Al/diversity
WorldClim 1970-2000 ~1km (30 19 bioclimatic variables (Objective 3, Paper I11)
Bioclimatic baseline are- seconds)  (e.g., BIO1 - BIO19) Mapping distribution &
variables Abundance
250m Soil texture, carbon (Objective 4, Paper 1V)
SoilGrids 0-30cm  (resampledto  density, pH, and bulk Mapping distribution &
(ISRIC) depth 1 km) density Abundance
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(NASA)

Static

~1 km (30
arc-seconds)

Elevation, slope, aspect

(Objective 4, Paper V)
Mapping distribution &
Abundance

31



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 R2, 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

Species diversity index Equation Reference
(Morris et al., 2014)

Species richness (S) S=N

N
D,=1/) P}
i=1

N
H' = _Zi=1pi In(p; ) (Morris et al., 2014), (Rocchini et al., 2013)

Simpson index (Ds) (Morris et al., 2014)(Shannon, 1948)

Shannon index (H")

S
Species Evenness (J') /' = —Z_ Pi In(P;)
1=
/LN(S)

(Carlo et al., 1998)

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, producers’ and users’
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).
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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 I11)

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 °C

month

BI1O13 Precipitation of the wettest month  mm
BI10O19 Precipitation of the coldest quarter ~ mm
Soil pH The (water) pH

x 10
Soil organic Organic carbon content in the soil ~ T/ha
carbon density

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:

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:

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

e True Skill Statistic (TSS) across thresholds (0.1 — 0.9)

e Omission and commission diagnostics

e Response curves for predictor variables

e 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).

e~y

PY=y)=nlyo+(1—m) ¥ ............ (2)

Where = probability of excess zeros, 1 = 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-R?. 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):

Conservation Index = Suitability X Abundance................. 3)

Cells in the top decile (> 90" 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 Al (Zomer et al., 2022) was used as a proxy for long-term climate stress and water
availability. Al values were subset to Ghana, extracted, and aggregated within a 500m buffer
around each GBIF record. Following the UNEP classification scheme, Al values were
categorized into four aridity classes (Table 7), serving as a space-for-time substitution (Blois et
al., 2013).

Table 7: Classification of Ghana’s climate zones based on the Aridity Index (AI) and their land area
coverage. The aridity (Al) thresholds follow the United Nations Environmental Program (UNEP)
aridity classification scheme. Values indicate the total area (km?)

Aridity index (Al) values Climate class (zones)

0.2 <AI<0.5 Semi-arid
0.5<AI<0.65 Dry sub-humid
0.65<AI<0.8 Sub-humid
0.8<AI<1.3 Humid
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These classes represented Ghana’s 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. Scheffé’s 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)

Where Yijjis 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

] Equation Description
metrics 9 P

Number of patches Total number of patches in the

(NP) NP =N class/landscape.
Landscape Shape _ 025 Yheq €k Overall shape complexity of
Index (LSI) SI= VA forest patches
Mean Shape Index MST = LSI Average patch shape complexity
(MSI) - N
Edge density (ED e €k Amount of edge relative to the
g y (ED) Ep = Zk=18K" 000 g

landscape area.

n
1
Patch areamean AREAyy = ;Z AREA(patch;) Typical patch area, reflecting
(Area_MN) =1 habitat size
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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 (Jr] > 0.8 for ED-LSI 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.
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Figure 14: Principal Component Analysis of Fragmentation Metrics.

To assess the direct and indirect pathways through which Al influences AGB, we implemented
both linear and nonlinear SEMs. SEMs were used to jointly estimate causal relationships among
Al, fragmentation (Frag _PC1), biodiversity (S), and AGB, while accounting for spatial
structures. The linear SEM was implemented using the “piecewiseSEM” 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 (). The model

structure was defined as:

Frangl ~AI
Richness ~ Al (5)
AGB.q~ Al + Fragpc, + Richness
This structure reflects hypothesized causal pathways where aridity influences forest structure
and biodiversity, which in turn affect biomass accumulation. Model fit was evaluated using
Fisher’s C statistic, Akaike Information Criterion (AIC), and R2 values for each endogenous

variable. Standardized path coefficients (), 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 “mgcv” package. The structure mirrored the linear SEM but specified
smooth functions for key predictors:

Fragpc, ~ s(AI)

Richness ~ s(Al) (6)

AGB,q~ s(Al) + s(Fragpc1) + s(Richness) + s(x,y)

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, Fisher’s 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 “mgcv” package. The main model took the form.

AGB = s(AlLLk =9) + s(Frag_PC1,k = 9) + s(Richness,k =9) +s(x,y,k =80) (7)

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 (y = 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:

AGB = s(metric) + s(Al) + s(x,y), (8)

with predictors standardized. For each model, we extracted smooth-term statistics (edf, F, p-
value) and compared AAIC and ADev against a baseline model (AGB ~ s(Al) + 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 Ghana’s biodiversity priorities, policy,
and applicability to management.

The first objective of this thesis, which assesses forest species diversity in Ghana’s 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 Ghana’s Tropical Forest Using
PlanetScope Data.
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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 Ghana’s BFR. Tree inventory data collected
from 35 plots, where taxonomic identification, DBH, and height measurements were used to
compute four diversity indices: H', D, 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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e

Abstract: This study utilized a remotely sensed dataset with a high spatial resolution of 3 m to
predict species diversity in the Bobiri Forest Reserve (BFR), a moist semi-deciduous tropical forest
in Ghana. We conducted a field campaign of tree species measurements to achieve this objective
for species diversity estimation. Thirty-five field plots of 50 m x 20 m were established, and the
most dominant tree species within the forest were identified. Other measurements, such as diameter
at breast height (DBH 2 5 cm), tree height, and each plot’s GI'S coordinates, were recorded. The
following species diversity indices were estimated from the field measurements: Shannon-Wiener
(H"), Simpson diversity index (D), species richness (5), and species evenness (['). The PlanetScope
surface reflectance data at 3 m spatial resolution was acquired and preprocessed for species diversity
prediction. The spectral/pixel information of all bands, except the coastal band, was extracted
for further processing. Vegetation indices (V1s) (NDVI—normalized difference vegetation index,
EVI—enhanced vegetation index, SRI—simple ratio index, SAVI—soil adjusted vegetation index,
and NDRE—normalized difference red edge index) were also calculated from the spectral bands
and their pixel value extracted. A correlation analysis was then performed between the spectral
bands and Vs with the species diversity index. The results showed that spectral bands 6 (red) and
2 (blue) significantly correlated with the two main species diversity indices (S and H') due to their
influence on vegetation properties, such as canopy biomass and leaf chlorophyll content. Furthermore,
we conducted a stepwise regression analysis to investigate the most important spectral bands to
consider when estimating species diversity from the PlanetScope satellite data. Like the correlation
results, bands 6 (red) and 2 (blue) were the most important bands to be considered for predicting
species diversity. The model equations from the stepwise regression were used to predict tree species
diversity. Overall, the study’s findings emphasize the relevance of remotely sensed data in assessing
the ecological condition of protected areas, a tool for decision-making in biodiversity conservation.

Keywords: PlanetScope data; Shannon diversity; species richness; tropical forest; species diversity
indices; spectral bands; vegetation indices; ecosystem services; biodiversity conservation; spatial
resolution

1. Introduction

Forest biodiversity is essential to terrestrial ecosystems and provides humanity with
many crucial ecosystem goods and services [1]. Some vital ecosystem services include the
forest nutrient cycle, headwater conservation, and carbon storage [2]. Factors including

Remote Sens. 2024, 16, 463, https:/ /doi.org / 10,3390/ rs 16030463
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climate change, soil erosion, species introduction, and invasion cause changes in forest
diversity [3]. Therefore, properly managing forest resources can help conserve biodiversity,
water, and soil within forest ecosystems [4].

Tropical forests have a unique reputation for their global role in biodiversity conser-
vation, climate stability, and human well-being [5]. Tropical forests also host the largest
biodiversity in terrestrial ecosystems and play a fundamental role in the carbon cycle.
Therefore, improvements in forest monitoring, such as understanding species richness
and ecological and structural traits [6], are relevant for implementing climate change-
related agreements for biodiversity conservation [7]. Long-term biodiversity conserva-
tion depends on knowledge of the vegetation structure, species richness, diversity, and
ecological characteristics.

Measuring species diversity includes two components: richness and evenness. Rich-
ness refers to the total number of species within a given area, while evenness measures how
similar species are in abundance [5]. Species richness and evenness are two independent
diversity measure criteria that may differ in their response to local habitat factors [8]. Recent
studies have shown that the relationship between richness and evenness appears weaker
than expected [9]. These two diversity components may vary and could be influenced by
different ecological factors. For instance, extreme weather in a highly diversified forest may
cause species extinction, reducing species richness but increasing the distribution’s even-
ness. Other studies have also demonstrated that species evenness could impact ecosystem
productivity and other functions, as species richness does [10]. It is, therefore, logical that
species evenness and richness are both considered to gain a deeper understanding of the
effects of different species diversity patterns [11].

Various indices have been proposed to capture information about the species diversity
of a plant community [12]. The main objective of a diversity index is to obtain a quantitative
estimate of biological variability that can be used to compare biological entities in space
or time. Species diversity indices can, therefore, be divided into simple and composite
indices [13]. The most common simple index is species richness. However, this index
usually under-emphasizes species abundance information [14]. Composite indices combine
species richness and evenness into a single value and are widely used in ecology. These
indices have the benefits of being simple to calculate and having a long application his-
tory. However, most of them prefer to express the information of only one component
between richness and evenness and sacrifice the information of another component, such
as the Shannon-Wiener (H') and Simpson index (D), which are the most used indices for
describing species diversity in forest ecosystems [15]. A major additional drawback of a
compuosite index is the ambiguity in its definition [15]. For example, the Shannon-Wermner
index can be interpreted as a measure of the uncertainty in the identity of an individual
randomly selected from a community, where a higher degree of uncertainty implies greater
diversity. The Simpson index is a probability that does not have a straightforward, eco-
logically meaningful interpretation [16]. From this perspective, it is necessary to consider
all four diversity indicators: species richness, species evenness, Shannon-Wiener index,
and Simpson diversity index to compensate for the weaknesses in each diversity index.
This will give a much more detailed understanding of the forest diversity, considering the
richness, evenness, abundance, and relative abundance among the other indicators.

Species diversity can be defined as the variability of living organisms in an ecosystem [4]. It
may also be considered the diversity between and within species in a particular ecosystem [17].
Species diversity is a significant ecosystem component due to its role in the hydrological
cycle and climate regulation [18]. Species diversity has declined globally despite the enact-
ment of global conservation agreements, such as the Convention on Biological Diversity
(CBD), in which most biodiversity hotspots are found in the tropics [19]. For instance,
after decades of forest destruction, the tropical forests in Ghana have experienced exten-
sive species extinction and diversity loss. Of the more than 2100 plant species found in
forest zones of Ghana, 23 are endemic. Seven hundred and thirty economic tree species
in the forest zones, most of which have a dimension of 5 cm or more at breast height, are
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threatened or extinct [20]. Hence, the effective conservation of tree diversity in the tropical
forests of Ghana is a critical priority, requiring the establishment of an effective approach
capable of identifying early warning signs of diversity change at multiple scales [21]. This
information is crucial for designing and introducing policies and management actions to
halt the decline in tree diversity and create more resilient forest areas [22].

Remote sensing technology plays a crucial role in supporting biodiversity monitoring.
Remote sensing data can provide information on an area to various extents, with shorter
revisit times and lower costs than classical field surveys. Huesca et al. [23] argued that
traditional field surveys are mostly costly and involve a lot of time and financial resources
with lower spatial extents. The Landsat satellite series has provided valuable data for
monitoring and mapping the Earth’s surface for over 40 years [2]. The Landsat-8 satellite,
launched in 2013, enhanced the imaging capacity of this series, introducing new spectral
bands in the blue and short-wave infrared (SWIR) ranges and improving the sensor sig-
nal/noise ratio and the image radiometric resolution [3]. The Operational Land Imager
(OLI) sensor supplies optical images with 30 m spatial resolution, eight spectral bands, and
16 days of temporal resolution [4]. Sentinel-2, a multispectral sensor of medium spatial
resolution produced by the European Space Agency (ESA), was conceived to ensure the
continuity of global data on the Earth’s surface. This mission was launched in 2015 and
presented a wide swath (290 km), a revisit time (five days, with two satellites), a medium
spatial resolution (10, 20, and 60 m), and a relatively good number of spectral bands (13).

Landsat and Sentinel data have been used to assess tropical forest diversity. Madonsela
et al. [2] identified the best vegetation index (NDVI, EVI, SAV], and SRI) in estimating
species diversity by comparing vegetation indices in Landsat 8 multispectral data with
alpha-diversity index (Shannon index, species richness index, and Simpson index), using
principal component analysis (PCA). Kumar et al. [4] calculated forest species diversity
with information-theory-based indices using Sentinel-2 sensors. While medium-resolution
data provide some spatial detail compatible with the size of vegetation units and biomass
field observations, obtaining cloud-free, high spatial, temporal, and spectral resolution
imagery is usually problematic. Hence, properly assessing tropical forest species diversity
might not be feasible. Although there are usually trade-offs in the properties of satellite
sensors, such as spatial resolutions and temporal revisit time, studies have shown that
obtaining optimal spatial, spectral, and temporal information is vital for better forest
structure estimation [21,24,25].

The recent advancement in CubeSat, a small satellite composed of a 1U unit (10 = 10 =
10 cm®) with a mass of 1.33 kg [26], provides unique spatial and temporal observations due
to large constellations of small satellites. PlanetScope, provided by Planet, comprises one of
the largest CubeSat constellations. With more than 130 satellites, the PlanetScope satellites
enable daily observations with approximately 3.7 m spatial resolution. Although spectral
resolution and radiometric consistency should be considered, the frequent observation
and high spatial resolution of the PlaneScope data offer new opportunities for land cover
monitoring. Several studies have used PlaneScope data for forest cover and structural
mapping [27-30].

The retrieval of biophysical variables based on remote sensing data is derived from a
preferred individual spectral wavelength range, such as the red-edge band, which high-
lights vegetation vigor. Alternatively, a spectral index is employed as a proxy for a veg-
etation trait [31]; for instance, the NDVI is a popular and frequently used spectral index.
According to Peng et al. [32], the most common and best vegetation index in estimating 5,
H and D; index is the EVI, NDVI, SAVI, and SRI because they can minimize atmospheric
noise and soil background and improve the estimation of plant species diversity in a
dense canopy.

Considering that the PlanetScope data allows almost daily images over an area with a
spatial resolution of 3 m and eight spectral bands, and the fact that not enough research
has made use of the PlaneScope data in assessing forest species diversity, this research
explores the potential for using PlanetScope to assess and predict tropical species diversity.
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This research is guided by the following research question: (1) What is the relationship
between species diversity and the spectral bands of PlanetScope data? (2) How can species
diversity be best predicted based on the PlanetScope data? The findings of this study will
help inform biodiversity conservation and the management of BFRs.

2. Materials and Methods
2.1. Study Area

This study was conducted in the BFR in southern Ghana, in the Ashanti Region
(Figure 1). The reserve lies between latitude 6° 40’ and 6° 44'North of the Equator and
longitudes 1° 15" and 1° 22'West of the Greenwich. It is approximately 25 km northeast
of Kumasi, Ashanti’s regional capital. The BFR covers an area of roughly 30 square
kilometers. This forest is part of the tropical rainforest biome of West Africa, which
exhibits high biodiversity, and it is home to various plant and animal species, including
endemic and endangered species [33]. The forest structure is characterized by an upper
canopy layer comprising a mixture of deciduous and evergreen species in approximately
equal proportions. The average canopy height is approximately 40 m, with emergent
trees up to 60 m tall. Common species found in this study area include Celtis zenkeri,
Celtis milbraedii, Triplochiton scleroxylon, Sterculia rhinopetala, Funtumia elastica, Baphia nitida,
Cleidion gabonicum, Nesogordonia papaverifera, Hymnostegia afzeli, Turraenthus africanus, and
Trichilia prieuriana (Djagblatey) [34]. The landscape is undulating with a 6-7% slope and
an elevation between 180 m and 245 m above sea level. The soil varies from sandy to clay
and passes into gray-leached sandy or silty soil [34]. The study area experiences a tropical
climate with distinct wet and dry seasons. The site has a bimodal rainfall regime known as
the major and minor seasons, with the major typically starting from April to July, followed
by the little dry season in August, and the minor season continues from September to
November, followed by the main dry season in December, [35]. Annual rainfall in the
forest varies between 1200 and 1750 mm. The mean yearly maximum temperature ranges
between 30.9 and 31.6 °C, averaging 31.1 °C.
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Figure 1. Study location (Bobiri Forest Reserve, Ghana).

2.2. Remote Sensing Data Acquisition and Preprocessing

PlanetScope data with a 3 m spatial resolution from Planet Lab Inc. (Kurfiirstendamm,
Berlin, Germany) [36] was used in this study. All spectral bands were included (ie.,
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blue, green, green, yellow, red, red edge, and near-infrared (NIR); Table 1), except for
the coastal blue band, with nearly daily global coverage. The PlanetScope data, available
at https:/ /www.planet.com/ (accessed on 6 September 2023), was accessed through a
research and education license.

Table 1. PlanetScope spectral band description.

Dataset Spatial Band Wavelength Date of Image
Resolution (m)  Name/Number (nm) Acquisition
PlanetScope 3.0 Blue 465-515 19 April 2023
Greenl * 513-549
Green 547-585
Yellow * 600-620
Red 600-620
RedEdge * 697-713
NIR 845-885

All spectral bands that were used for processing and extraction with their wavelengths and band names. * Only
included when ordering 8-band bundles.

We used the PlanetScope surface reflectance product, incorporating geometric, radio-
metric, and atmospheric corrections [36]. To retain as much good data as possible, the
acquisition date was set to the closest period of the data collection, May 2023, that met the
following criteria: “standard” quality level, no cloud cover, and images that fell within a
subset area. We used the surface reflectance scenes because the surface reflectance data
preserves calculated pixel values, no color balancing or adjustments are applied, and with
adequate preprocessing, they are suitable for use cases such as forest and crop health moni-
toring and wildfire assessment, among others [37]. Consequently, four scenes of already
mosaiced images for the targeted subset devoid of cloud cover were downloaded. The
next step was to perform a subset of the image using an ROI (region of interest) (Figure 2).
Furthermore, we used the pixel extraction tool in SNAP with a window size of 3 x 3, which
is the closest to the plot size. We selected mean as the aggregation method to extract the
spectral reflectance values of each band within the PlanetScope image for all plots.

1900 SYE 10TE 1670

16°0TN
16 TTN

100N
10TN

SO0
SN

[ study Area

PlanetScope

I Band 7

[ Band 4 0 1 2mm

§ Il sand 2 —_—— CRS: WGS/84 UTM zone 30N
100 S0t nore 16700

Figure 2. Preprocessed RGB composite of PlanetScope data.
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Finally, the forward stepwise regression method was used to check the influence of
potential predictors, in this case, the spectral reflectance bands and Vs, on the outcome of
the two main species diversity indices (5 and H'). At each step, variables were chosen based
on their Akaike's information criterion (AlC), which was used to limit the total number of
variables included in the final model. According to Pearse et al. [38], the stepwise selection
of variables is a useful and effective data analysis tool when the outcome being studied is
relatively new, the importance of individual covariates may not be known, and associations
with the outcome are not well known, which is the case in this research.

2.3. Tree Species Data
2.3.1. Field Sampling Protocol and Tree Species Data Collection

Mapfumo et al. [39] and Mutowo et al. [40] have proven that sampling of plot sizes
widely used ranges between 20 and 200 m? in tall shrub communities and 200-25,000 m?
for tall trees in woods and forests. Their research guided us in selecting the plot size
for species sampling. Tree species were sampled from 35 plots with a 20 m x 50 m plot
size. A simple random sampling approach was used to define the placement of the plots
following the research conducted by Oli et al. [41], with a minimum distance of 200 m apart
to avoid overlapping of sampling plots [42]. Although this was the original protocol, we
sampled the plots according to the accessible areas because of the inaccessibility of some
parts of the forest. A mobile device with a field map application and Global Positioning
System functionality was used to record plot coordinates. Three hundred and eleven
individual tree species of the 15 most dominant within the forest were sampled, and their
diameter at breast height (DBH) =5 cm was recorded using a diameter tape. The maximum
heights of the trees were recorded using a TruePulse device. Species identification was
performed with the help of a plant taxonomist, and the nomenclature was verified using the
readily available online repository The World Flora Online [43]. The 15 most dominant tree
species in the study area were identified. This was determined through engagement with
individuals who worked within the Forest Reserve and the staff at the Forestry Research
Institute of Ghana (FORIG). The collection of tree species data was conducted in June 2023.

2.3.2. Estimating the Diversity of Tree Species

The H' and D5 are the most frequently used indices in ecological literature, according
to Mandosola et al. [44] and Peng et al. [32]. Tree species diversity was quantified in each
plot using four diversity measures. S, [', H', and D, (Table 2). Although H' and D5 consider
both species richness (the number of different species) and abundance (the number of
individual trees within species), these aspects of diversity have a bearing on the spectral
signal captured by the remote sensing device [45]; hence, they were computed separately
to test their relationship with the spectral reflectance of the bands and vegetation indices.

Table 2. Vegetation indices used in this study and their equations.

Vegetation Index Equation Reference

Normalized difference vegetation _ NIR — RED

index (NDVI) NOVI = g+ Ren [46]
EVI=G = (NIR — RED)/(NRI + C1 = RED
Enhanced vegetation index (EVI) — €2 % BLUE + L) [47]
SR = NIR
Simple ratio index (SRI) ~ ®ED [48]
- _ NIR — RED

Soil-adjusted vegetation index (SAVI) SAVL= NIk + RED + I * (1+1L) [449]
MNormalized difference red edge index NDRE = T%ﬁ% [50]

L is a soil fudge factor that varies from 0 to 1 depending on the soil coefficients adopted in the MODIS-EVI]
algorithmare L=1,C1=6,C2=75,and G =26.
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2.4, Relationship between Tree Species Diversity Indices and Remotely Sensed Data

Using stepwise linear regression analysis, we investigated the relationships between
species diversity indices (Table 3) with response variables and spectral band information
(Table 1) as predictor variables. The root mean square error (RMSE), coefficient of de-
termination (r’), and Akaike’s information criterion (AIC) of the regression guided the
selection of the most appropriate model to show species diversity. The prediction model
had the smallest RMSE and AIC, and the highest 1*. According to Peng et al. [32], the RMSE
measures how close the model predicts field measurements, ¥ measures the proportion of
variance in the dependent variable predicted from the independent variable, and AIC esti-
mates the quality of each model relative to the other models. In addition to the regression,
we evaluated the correlation between variables using Pearson’s correlation coefficients.

Table 3. Diversity indices used in this study and their equations.

Species Diversity Index Equation Reference
Species richness S=N [12]
Simpson index Dy=1/%5, p? [12,51]
Shannon index H =-%_p Infp; ) [12,52]
Species evenness I"'= =i pi In(p; ) /LN(5) [53]

where N is the total number of tree species in a sample; p; , the proportional abundance of species | relative to the
total abundance of all species 5 in a plot Infp;) is the natural logarithm of this proportion.

3. Results

The predominant species (top six) identified in the BFR were Sterculia rhinopetala,
Tripochiton scleroxylon, Celtis milbraedae, Cola gigantia, and Hymenostegia afzelii (Table 4).
Among the tree species selected for this study, the highest number of individual trees
was recorded for Sterculin oblonga. In contrast, the lowest number of individual trees was
recorded for Baphia pubescens.

Table 4. Tree species list and their frequencies within the study area.

. - Number of
Faomdly Scientific Names Individual Tree Species

1. Leguminosae-Papilionotdeas Baphia pubescens 16
2. Leguminosae-Cagsalpinioideas Bussea occidentalis 18
Celtis zenkeri 19

3. Ulmaceae
Celtis mildbraedii 7
Cola caricifolia 17
Cola giganti 26
Nesogordonia 18

papaverifera

4 Misinacece Plerygota macrocarpa 20
Sterculia Oblonga 20
Sterculia rhinopetala 28
Triplochiton scleroxylon 27
5. Melincene Carapa Procera 18
6. Apocynaceas Funtumia elastica 18
7. Simaroubaceae Hannoa klaineana 14
8. Leguminosae Hymenoslegia afzelii 25
Total 311

3.1. Correlation between Diversity Indices and Remotely Sensed Data

Using a Pearson correlation matrix, we performed a correlation analysis between
the diversity indices, spectral bands, and vegetation indices. 5 and H' are the diversity
variables that correlated significantly with the spectral bands and VIs. D; and [" showed
no significant correlation with the spectral bands and Vl1s. Regarding the spectral bands,
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our results showed bands 6, 5, 4, 3, and 2 (red, yellow, green, greeni, and blue) correlated
with § and H; however, band 6 had the highest correlation with 5, with a correlation
coefficient of 0.61 and p < 0.001. Similarly, spectral bands &, 5, 4, 3, and 2 demonstrated a
positive correlation with H'; however, band 6 showed the highest correlation with H', with
a coefficient of (.58 and p < 0L01. Almost all V1s (NDVI, NDRE, SAVI, SRI) demonstrated a
negative correlation with both 5 and H': however, NDRE showed the highest correlation
with a coefficient of —0.48 and p < 0.05, followed by the NDVI with a correlation coefficient
of 0.17 for 5 and 0.40 for H, and p < 0.5 for both 5 and H' (Figure 3).
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Figure 3. Correlation matrix between diversity indices, spectral bands, and vegetation indices:
band2_mean = mean of spectral band 2, band3_mean = mean of spectral band 3, band4_mean = mean
of spectral band 4, band5_mean = mean of spectral band 5, band6_mean = mean of spectral band 6,
band?_mean = mean of spectral band 7, band8_mean = mean of spectral band 8, NDVI_mean = mean
of the NDVI, EVI_mean = mean of the EVI, SAVI_mean = mean of the SAVL, SREI_mean = mean of
the SRI, NDRE_mean = mean of the NDRE, Species_Ri = species richness (5), Species_Ev = species
evenness ('), Shanon_Div = Shannon diversity index (H'), and Simpson_Di = Simpson diversity
index (D).

To predict species diversity within the BFR, a forward stepwise regression model with
species richness and Shannon index as predictor variables and the mean spectral bands and
Vls of the PlanetScope data as response variables were used to obtain the subset of variables
that results in the best model. For species richness prediction, the stepwise model showed
that mean spectral band 6 (red) and mean spectral band 2 (blue) were the most important
variables that produced a good model with an (r* = 0.47), (RMSE = 1.00) and (AIC = 85.15).
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Similarly, for the prediction of the Shannon diversity index, mean spectral bands 6 and 2
produced a good model with an (2 = 0.42), (RMSE = 0.17), and (AIC = —10.74). We did not
predict the Simpson diversity index and species evenness because they did not demonstrate
a correlation with the spectral bands and VIs. The results show that the best models for
estimating tree species diversity (S and H’') using PlanetScope data were derived from
spectral bands 6 and 2. The obtained model equations (Table 5) were used to calculate
species richness and the Shannon diversity index in a GIS environment using the raster
calculator function in QGIS. Figure 4 shows species diversity predicted maps (S and H')
for the BFR. The diversity map (Figure 4a) shows species richness (S) within the BFR.
Some areas within the BFR had species richness between 2 and 4, while only smaller areas
towards the south-east have a species richness of 5, with the rest showing species richness
of 1. In general, species richness was fairly distributed across the study area. Also, the
diversity map (Figure 4b) indicates that the Shannon diversity index within the BFR is
generally moderately scattered over the entire region. Therefore, the results show some
species diversity levels in the BFR.

Table 5. Regression equations for plant diversity prediction based on the best-predicted model with
the lowest AIC and RMSE and the highest R2.

D;:":r:;ty Regression Equation R? RMSE AIC
Species_Ri~—4.23 + 23.45 x band6_mean
S — 2218 x band2_mean 047 1.00 85.15
" Shanon_Div~0.08 + 3.45 x band6_mean =
H 20 e B, et 0.42 0.17 10.74
(alw" "m m (bl?'?" [ ial rvet ot

TooN
oW

Species Richness (S) Shannon Index (H')
m<=1 - <=0.18 |
1-2 #0.18-0.31
o - ¢ 1 2m i
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Figure 4. Species diversity thematic maps derived from the stepwise predicted model. (a) S—species
richness (b) H'—Shannon index.
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3.2. Stepwvise Linear Regression for Species Diversity Prediction

The equations (Table 5) were employed to estimate 5 and H' by substituting the
corresponding bands in the raster calculator in QGIS. The equations were used to predict
S and H' across the study area. The resulting maps provide spatial insights into the
distribution of predicted diversity values based on the spectral band information. The
intercept (—4.23) represents the estimated S when both the mean spectral of bands 6 and
2 are zero. The coefficient for the spectral mean of band 6 (23.45) indicates the estimated
change in § for a one-unit increase in the mean of spectral band 6. The coefficient for
the mean of spectral band 2 (—22.18) indicates the estimated change in S for a one-unit
increase in the mean of spectral band 2. For the H' prediction, the intercept (0.08) represents
the estimated H' when both the spectral mean of bands 6 and 2 are zero. The coefficient
of the spectral mean of band 6 (3.45) indicates the estimated change in H' for a one-unit
increase in the spectral mean of band 6. The coefficient for the mean of spectral band 2
(—3.14) indicates the estimated change in H' for a one-unit increase in the spectral mean of
band 2. The positive coefficient for band 6 in both S and H' predictions suggests that higher
values of this band are associated with increased S and H' while the negative coefficients
for band 2 suggests that higher values of band 2 are associated with decreased 5 and
H'{Table 5). For S prediction, the model achieved an R? value of 1.00, indicating a good fit
to the data, while for the prediction of H', the mode achieved an R2 value of 0.42 indicating
that approximately 42% of the variability in the H'is explained by the model.

The models emphasize the importance of both bands in predicting species diversity,
with specific bands 6 and 2 having different impacts on S and H'. the high R? value for 5
may indicate a strong relationship between the selected bands and 5, while the R? value for
H' suggests a moderate level of explanatory power.

4. Discussion

The BFR is one of Ghana's most important protected areas, incorporating local com-
munities for biodiversity conservation [35]. The reserve has a wide range of indigenous tree
species, approximately 120 bird species, and a butterfly sanctuary with about 340 butterfly
species that can potentially contribute to economic growth through tourism [54]. There-
fore, monitoring and assessing tree species diversity in the area is essential for sustainable
conservation. Thus, understanding tree species diversity in biodiversity conservation is
crucial because it provides reserve management with the necessary baseline information
regarding the distribution of tree species and their changes within the forest reserve, which
is essential in the planning and managing forest reserves. Remote sensing data provides
valuable information to achieve such desired results.

The PlaneScope imagery is increasingly used for scientific applications focused on
terrestrial ecosystems. A common use case is land cover and land use changes, where the
spatial resolution and temporal frequency of the image can provide information related
to fine-scale land cover changes that may not be captured by moderate resolution sensors
such as Landsat 8 OLI and Sentinel-2 MSI [55,56]. Similarly, using PlanetScope imagery to
estimate land surface phenology is a natural use case becoming more commaon. For example,
John et al. [57] used PlanetScope imagery to detect the timing of flowering in alpine
wildtlowers in Washington State, Chen et al. [58] used PlanetScope imagery in combination
with Sentinel-2 to monitor flowering phenology in almond orchards in the Central Valley
of California. These studies have consistently demonstrated that PlanetScope imagery
provides an effective basis for monitoring phenology from remote sensing. However, each
of the studies discussed focuses on individual phenological events within ecosystems, and
none has assessed the capabilities or potential of PlanetScope data in predicting species
diversity. Our results demonstrate a significant relationship between some spectral bands
of PlanetScope imagery and species diversity and the ability to predict species diversity
with this spectral information.

The significant relationship between the spectral bands of PlanetScope data (red
and blue) and species diversity variables (S and H') suggests that satellite images such
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as PlanetScope would help predict biodiversity in tropical forests [3]. According to
Badourdine [59], the green and red edge bands are particularly sensitive to photosynthetic
pigment content, suggesting their link or relationship between taxonomic information,
photosynthetic activity, and spectral information. Tesfaye and Awoke [60] also confirmed
in their studies that the red band, which falls within the visible part of the electromagnetic
spectrum, influences vegetation properties, such as canopy biomass and leaf chlorophyll
content. Also, the red and blue bands are reported to be the chlorophyll absorption regions.
Conti et al. [¢1] found that the blue band, which relates to pigments, including carotene and
xanthophylls, tends to correlate with species diversity after performing a principal com-
ponent analysis of all spectral bands with species diversity. With the area being a tropical,
moist, semi-deciduous forest, and the study period rainy, vegetation in the area is assumed
to have contained the chlorophyll pigments, carotene, and xanthophylls, culminating in
the absorption of such chemicals and, thus, correlation with species diversity. Therefore, it
is unsurprising that the red and blue bands had a significant relationship with tree species
diversity, as measured by 5 and H' within the BFR.

Our findings are consistent with those of Gyamfi-Ampadu. [62] and Imran et al. [63]
who demonstrated that the red part of the spectrum, that is, the red band, was best for
estimating species diversity, hence their correlation with the species diversity (S and H'). It
must also be noted that the reserve lies in Ghana's tropical moist, semi-dedduous south-east
forest zone and hence receives higher annual rainfall and a short dry season. This situation
ensures that the reserve is dominated by healthy vegetation. Although our results showed
a correlation between species diversity and the red and blue bands, this correlation was
positive, similar to Conti et al. [61]. The positive correlation between the diversity indices
(5 and H') and spectral reflectance of bands 6 and 2 of the PlanetScope data confirms their
sensitivity to the nature and structure of the forest and the vegetation properties (Gyamfi-
Ampadu) [62]. According to Kulawardhana. [64], the positive correlation of spectral bands
with species diversity is due to spedies-specific differences in pigment content, leaf structure,
and canopy structural components such as leaf area index. Therefore, the importance of
the visible bands in plant diversity prediction can be justified by the fact that this portion
of the spectrum, especially bands in the red and blue, is the major leaf pigment absorption
range, which is sensitive to mainly chlorophyll a, and b contents, according to the sensitivity
analysis reported by Zhao et al. [65].

According to Cabacinha et al. [66], even though some authors like Foody and Cutler [67]
have not found any strong correlations between vegetation indices and species diversity,
one can expect a relationship between them since it is related to the richness, i.e., the
number of species in the community, and the abundance representing the distribution of
individuals by species. In the Pearson correlation performed to assess the relationship
between H', S, and Vls, H' and 5 showed a better correlation with the NDVI (—0.47), SAVI
(—0.47), and NDRE {—0.48). This may be because the VIs were calculated using the NIR
and red edge bands, which have been suggested for discriminating species diversity [32,68].
Additionally, according to Fajji et al. [69], different Vs are computed by combining two or
more spectral bands, assuming that multi-band analysis would provide further information.
Furthermore, the results of the study could be attributed to the sensitivity of the Vs to
variability in vegetation characteristics, i.e., shape and size of the tree, water content, and
associated background. The results could also be attributed to environmental factors such
as the amount of rainfall and temperature received in the study area.

This finding is consistent with those of Arekhi et al. [68], who found the NDVI having
the highest significant correlation with H' calculated from basal area (3 ¢ 3 Shannon index
basal area (SIBA) with r = 0.685 in the Gonen Dam watershed in Turkey. Furthermore, the
research of Gaitan et al. [70] showed a strong correlation between the NDVI and species
richness in steppe ecosystems. According to Madonsela et al. [44], the differences in
sensitivity to vegetation characteristics could be explained by the different measurement
scales of the Vs, For instance, in the study of Rampheri et al. [71], the VIs that had a better
relationship with H' (NDVI and SAVI) have a measurement scale that ranges from —1 to
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1. Overall, the type of forest and complexity of forest stands in terms of multi-layers and
species composition can affect the outcome of estimations.

Similar to the correlation results, the stepwise regression analysis demonstrated that
bands 2 (blue) and 6 (red) were the most important variables explaining species diversity.
According to Rejauar et al. [72], the green and red bands are the two main absorption
bands of two primary leaf pigments: The chlorophyll pigment (green pigments) and the
Xanthophylls. These strong absorption bands induce a peak in the reflectance of the yellow-
green bands (550 nm), so chlorophyll is called the green pigment. This accounts for the
relationship observed in our results between the blue, green, and red bands with species
diversity indices (S and H'), which aligns with Mockel et al. [73].

The results of this study demonstrated variations in species diversity (S and H'). The
relatively high S within the study area can be attributed to the protected nature of the forest,
with fewer human-induced activities and favorable conditions, such as humid and warm
temperatures. For example, Li et al. [74] observed a high diversity of Salicaceae species in
warm and wet areas other than regions in China. The increased rainfall in the area can also
account for the relatively high species richness. Shoko et al. [75] found that environments
with high soil moisture favor the increased production of C3 above-ground biomass (AGB).
In addition, solar radiation in the area may cause a high evapotranspiration rate. According
to these studies, solar radiation is the primary energy source that regulates terrestrial
ecosystems’ chemical, physical, and biological processes. Therefore, the evapotranspiration
rate defines the species diversity [74,76]. Our results show moderate H' values, with some
areas showing high values. In the research of Naidu et al. [77], they reported a Shannon-
Wiener index (H') for all six plots varying from 3.59 to 4.05, which falls within the range
of 0.67 to 4.86 reported in tropical forests in the Indian sub-continent [78]. These values
correspond to the values obtained in our results.

Considering the results of this study, the use of remote sensing data (PlanetScope)
to predict tree species diversity plays a vital role in conservation management. These
results imply that PlanetScope spectral bands explain species diversity variations better
than VIs. This demonstrates how ecological knowledge and satellite-based information can
be effectively combined to address a wide range of current natural resource conservation/
management challenges strategies.

5. Conclusions

This study provides insight into the usefulness of the spectral bands of PlanetScope
data in predicting species diversity in a tropical forest such as the BFR. A correlation test
assessed the relationship between spectral bands, Vls, and species diversities (S and H').
Stepwise regression was also used to select the most important variable from all response
variables, providing a good model for predicting species diversity. The results showed
that the red and blue bands of the visible spectrum range are most important in predicting
species diversity.

In conclusion, the BFR in Ghana is a vital protected area with a rich biodiversity,
including numerous indigenous tree species and diverse bird and butterfly populations.
The sustainable conservation of tree species diversity within this reserve is paramount
as it provides baseline information for effective forest management. Even though the
results show a prediction of species diversity, we recommend incorporating data from other
sensors, such as lidar and radar, and environmental variables to improve such predictions.
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Summary of the article

This article focused on developing and adopting standardized land cover datasets in Ghana to
address inconsistencies in existing classifications and improve interoperability for sustainable
development and reporting frameworks. Using a multi-sensor approach (Sentinel-1, Sentinel-
2 optical imagery, and ancillary data), a national land cover map was produced in accordance
with ISO 19144-2 standards, with a legend derived from the West African Land Cover
Reference System. The classification, implemented with the random forest algorithm, achieved
an overall accuracy of 90%, confirming the method's robustness in a heterogeneous landscape.
Stakeholder engagement at global, regional, and national levels highlighted challenges to
adoption, including limited familiarity with standards, lack of documentation, and the
perceived complexity and cost of implementation. Nonetheless, the study demonstrated
opportunities for harmonization, enhanced accuracy, and improved capacity for monitoring
land cover change in support of the SDGs reporting. While the methodology offers a scalable
model for integrating international standards into national systems, the limited institutional
adoption underscores the need for stronger awareness, training, and localized guidance to

ensure sustainable adoption.
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Abstract: The adoption of land cover standards is essential for resolving inconsistencies in
global, regional, and national land cover datasets. This study examines the challenges asso-
ciated with integrating existing datasets, including variations in land cover class definitions,
classification methodologies, limited interoperability, and reduced comparability across
scales. Focusing on Ghana as a case study, this research aims to develop a land cover legend
and land cover map aligned with International Organization for Standardization {150)
19144-2 standards, evaluate the effectiveness of improving land cover classification and
accuracy of data, and finally, assess the challenges and opportunities for the adoption of
land cover standards. This study uses a multi-sensor remote sensing approach, integrating
Sentinel-1 and Sentinel-2 optical imagery with ancillary data (elevation, slope, and aspect),
to produce a national land cover dataset for 2023. Using the random forest (RF) algorithm,
the land cover map was developed based on a land cover legend derived from the West
Adfrican land cover reference system (WALCRS). The study also collaborates with national
and international organizations to ensure the dataset meets global reporting standards for
Sustainable Development Goals (SDGs), including those for land degradation neutrality.
Using a survey form, stakeholders in the land cover domain were engaged globally (world),
regionally (Africa), and nationally (Ghana), to assess the challenges to and opportunities for
the adoption of land cover standards. The key findings reveal a diverse range of land cover
types across Ghana, with cultivated rainfed areas (28.3%), closed /open forest areas (19.6%),
and savanna areas (15.9%) being the most dominant classes. The classification achieved an
overall accuracy of 9%0%, showing the robustness of the RF model for land cover mapping in
a heterogeneous landscape such as Ghana. This study identified a limited familiarity with
land cover standards, lack of documentation, cost implication, and complexity of standards
as challenges to the adoption of land cover standards. Despite the challenges, this study
highlights opportunities for adopting land cover standards, including improved data accu-
racy, support for decision-making, and enhanced capacity for monitoring sustainable land
cover changes. The findings highlight the importance of integrating land cover standards
to meet international reporting requirements and contribute to effective environmental
monitoring and sustainable development initiatives.
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1. Introduction

Innovation, broadly defined as the development or use of new ideas or behaviors [1],
drives economic development, and is critical for sustainable development in all sectors.
As innovations develop, standards are required to ensure the performance, conformity,
sustainability, and safety of new products and processes [2]. Standards are also needed in
achieving global agendas such as SDGs by supporting consistency, safety, quality, and in-
teroperability across various data and sectors [3]. The use of spatial information to support
the achievement of SDGs, such as through the geographic information systems domain,
has continuously been increasing, facilitating the integration of all kinds of geographic
information to enable more effective policies and decision-making as well as collaborative
geospatial information management across organizations and levels of government [4].

In this context, technical communities like the Open Geospatial Consortium (OGC) and
the ISO publish standards that focus on geographic data and information. Such standards
are essential for the geospatial domain and related applications for data accuracy, efficient
sharing, and supporting innovative solutions. Implementing and contributing to these
standards helps organizations maintain interoperability, improve workflows, and achieve
the effective governance and management of geographic information. Technical committees,
such as the ISO Technical Committee (TC) 211 on Geographic Information/Geomatics,
have established a structured set of standards [5]. For example, the ISO/TC 211 Working
Group 7 on “Information Communities” focuses on standardization issues related to the
conceptual modeling of geographic features, including aspects such as land cover and land
use, and the ISO/TC 211 Advisory Group 13 advises ISO/TC 211 on the implementation of
land cover and land use standards [6]. Among these standards, the 1SO 19144 series serves
as a foundation for collaboration and highlights the significance of land cover and land
use standards [7]. One of the key components of this framework is the land cover meta
language (LCML), introduced in 1ISO19144-2, which serves as a standardized language for
describing land cover classes in a way that ensures global comparability, interoperability,
and consistency across datasets. The LCML standard enables users to define land cover
features based on structural and functional characteristics [7].

Land cover and land use mapping play an important role in the monitoring and
assessment of environmental changes, which helps inform policy directions as well as ad-
vance SDGs [8]. Recent developments in remote sensing and machine learning approaches
have led to transformation in this field, ensuring the use of high-resolution, dynamic, and
scalable data for the analysis of the Earth’s surface, which are essential for monitoring the
progress and implementation of SDGs [9] However, monitoring this progress using avail-
able land cover information faces various constraints, including the use of non-standardized
land cover approaches and inconsistent methodologies, particularly in the Sub-Saharan
Africa regions where the use of localized methods is limited, resulting in inconsistent infor-
mation over time between different national entities, regions, and reporting frameworks,
including the United Nations Framework Convention on Climate Change (UNFCC) or
the United Nations Framework Convention to Combat Desertification (UNCCD) [7]. To
solve the inconsistent reporting between different entities, several standardized legends
were prepared, such as the European CORINE (Coordination of Information on the Envi-
ronment) system [10], the US Geological Survey Anderson Legend [11], and the EAGLE
group land cover schema [12], among others. However, these legends suit their own needs
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and are not interoperable with each other. Also, advances in remote sensing, such as the
expansion of multi-sensor satellite systems like Senstine-2, Sentinel-1, and Landsat, have
increased access to high-resolution, multi-temporal imagery [13]. Coupled with machine
learning algorithms like the random forest algorithm [14] and deep learning algorithms
such as convolutional neural networks, these tools now achieve classification accuracies
exceeding 90% in complex landscapes [15]. Similarly, cloud-based platforms like Google
Earth Engine (GEE) enable the large-scale processing of time-series data, which facilitate
large-scale analyses of phenomena such as deforestation and urbanization [16]. Despite
the technological advances, some limitations exist. Similar classes in terms of their spectra
information, such as croplands and grasslands, remain difficult to distinguish [17]. Fur-
thermore, for monitoring land resources at the local and global levels and specific uses
or larger reporting, ensuring the interoperability between legends and systems, as well
as reliance on standardized classification systems with such advanced remote sensing
and combined machine learning techniques, has the potential to significantly improve the
sustainability and accuracy of the land resources information provided from land cover
areas. For example, the development of a regional land cover reference system, such as
for West Africa [11], helps address the wide diversity of land cover in various countries
and links them within a region. This regional land cover reference system focuses on
technical aspects of standardization but neglects the integration of 1SO standards into
national systems in ways that align with local needs, capacities, and reporting priorities.
Hence, this research focuses on developing a country-specific ISO 1944-2 legend and land
cover data.

While a land cover reference system exists for West Africa, Ghana does not yet possess
a national land cover reference and monitoring system. In Ghana, like in many countries,
the process for land cover mapping by national entities started in the 2000s, with sub-
national and national maps such as those produced by the Centre for Remote Sensing
and Geographic Information Services (CERSGIS) and the Resource Management Support
Centre (RMSC) of the Forestry Commission [18]. Later, the Forestry Commission developed
maps for 1990, 2000, 2010, 2012, and 2015 under the Forest Preservation Program [15].
Even though there have been efforts to produce national land cover products, the focus
has been on sub-national, municipal, and district levels, and often rely on existing global
data such as the European Space Agency’s (ESA) land cover data, among others. Hence,
the sustainability and accuracy of these land cover products are often limited by the lack
of standardization due to changing objectives, varying methodologies, and classification
systems, hindering data utility and comparability.

While various international standards and software developed based on these stan-
dards exist to support the interoperable land cover methodological development process,
the adoption of the standards remains limited. About 32 sub-national, national, regional,
and international legends are available on the land cover legend registry (LCLR) hosted by
the United Nations Food and Agricultural Organization (FAO). The LCLR hosts legends
developed following the standard 150 19144-2 [19], reflecting that 164 countries have not
developed available national legends following international land cover and land use
standards. This results in various interoperability limitations and limited comparability
of results between regions, countries, and global and local levels. In addition, this results
in the limited use and recognition of national legends in global dataset development, and
global datasets are mostly being used to report to international frameworks rather than
national datasets, including when national data already exist and are available. This is
reflected, for example, when reporting for land degradation neutrality, where most of the
countries used global datasets of land cover, and the difference between global datasets and
national datasets can be very significant [20]. For example, Conchedda and Tubiello [21]

61



Land 2025, 14, 550

40f 38

compared various global land cover and identified differences of up to 67% for cropland,
particularly in countries like Brazil. Similarly, Seebach et al. [22] examined multiple global
forest cover datasets across different nations and observed notable variations. For instance,
in Denmark, the JRC high-resolution forest cover map for the year 2000 recorded 12% forest
cover, while the CORINE Land Cover 2000 dataset reported just 3%. Hence, a stronger
consideration of national datasets for national and/or global programs has the potential to
significantly increase accuracy as well as the adoption of the results and support actions
for SDGs.

Thus, the objective of this article is to assess the potential for the adoption of land
cover and land use standards by (1) preparing a legend for Ghana as a pilot country in
Sub-Saharan Africa following the standards ISO 19144-2, (2) preparing a land cover dataset
of Ghana for 2023, and (3) engaging experts in Ghana, Africa and globally to document
the challenges and the opportunities of the adoption of standards for land cover to make
this process sustainable. By developing a national-specific ISO 19144-2 legend, generating
a national land cover dataset by leveraging multi-sensor remote sensing, machine learning
(random forest), and LCML, and documenting challenges and opportunities through expert
engagement, this study fills the gap by providing a practical and scalable model for inte-
grating international standards into national land cover mapping. This approach not only
strengthens data comparability and supports SDG reporting but also reduces the depen-
dency on global datasets that may fail to reflect local realities. This approach has broader
implications for land management, climate monitoring, and sustainable development
across Sub-Saharan Africa.

2. Materials and Methods

The methodological approach is developed around the three main objectives, i.e.,
(i) developing a national land cover legend following ISO 19144-2, (ii) developing a national
land cover dataset without field data and validation but with online photo interpretation
data collection platforms, considering the limited resources available, and (iii) assessing
the challenges and opportunities by receiving feedback from international and regional
experts (Figure 1).
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Figure 1. Methodological flow: authors’ own construct.
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2.1. Area of Interest (AOI)

This area of interest (AOI) considers different spatial levels, starting with the global
context and the national context, with Ghana as the case study. Ghana (Figure 2) is located
on the west coast of Africa and shares its eastern, western, and northern borders with
Togo, Cote d’Ivoire, and Burkina Faso, respectively. Its southern border is the Gulf of
Guinea and the Atlantic Ocean. The geographical coordinates of the country are 7.9465° N,
1.0232° W, and the country occupies an area of 238,533 km? [23] Ghana is divided into
16 administrative regions, subdivided into a total of 261 districts.
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Figure 2. Area of interest: Africa, global view, and Ghana as a case study (source of administrative
boundary data: [24]).

2.2. Land Cover Legend

Defining the land cover legend is an important step in a land cover mapping process,
as it provides a method to express the content of a map. The legend reflects how the
semantic generalization of a specific geographic area has been conceived [25]. The process
of categorization is meant to minimize the complexity of the real world, where different
area types are distributed on a continuum. Since the definition of classes is an arbitrary
process by nature, this may lead to uncertainties that will affect the accuracy of the final land
cover map. Itis, therefore, important that the definition of the LCL meets two minimum
requirements: (i) clear and unambiguous class definitions and (ii) a class boundary that does
not overlap with other legend classes [26]. The WALCRS meets these requirements. The
WALCRS is, therefore, based on three levels, with the whole schema divided into two major
categories: vegetated and non-vegetated. The vegetated category is further divided into
natural and cultivated, while the non-vegetated category is divided into terrestrial-non-
vegetated and water. With these broadly defined categories, the various levels are further
divided based on their physiognomic or structural characteristics and improved with
additional qualitative criteria to classify land features,, the vegetated area is level 1; level 2
is separated by vegetation artificiality, which takes us to natural or seminatural vegetation
and cultivated or managed vegetation at level 3. Semi-natural vegetation is further divided
into tree-dominated areas, shrub-dominated areas, and herb-dominated areas based on
their growth from dominance at level 4.

In line with such recommendations, the WALCRS [27], which was defined using
ISO 19144 LCML (ISO 19144-2, 2012), was used for the identification of the land cover
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classes and existing legends and datasets. National land cover classes were finalized
in consultation with national partners, mainly CERSGIS, the Environmental Protection
Agency (EFA), and the Land Use and Spatial Planning Authority (LUSPA). The description
of the land cover classes was translated using the land characterization system software
(LCHS) [28], an implementation tool of the SO standard (IS0 19144-2) LCML [29].

2.3. Land Cover Dataset
2.3.1. Training and Validation Data Collection

First, the land cover classes needed for training data collection were established from
the WALCRS, where we identified the available classes in the context of Ghana. The
training and validation data collection process involved in this work was performed using
photo interpretation techniques and existing land cover data of some areas in Ghana. Data
were collected using Collect Earth Online (CEO: [30]) and Google Earth Pro with high-
resolution imagery. For CEQ, a project for training data collection was designed using a
10 m-by-10 m plot, each containing five sample points. A total of 4000 training samples
were randomly allocated, with 10% repeated samples as part of a quality control check. By
using the Collect Earth Online platform, we leveraged its capabilities to handle multi-source
satellite data (e.g., including Sentinel-1 composite, Sentinel-2 composite, Mapbox satellite,
Google Earth, OpenStreetMap, and NICFI Planet satellite data) and offer high-performance
computing services. Normalized Difference Vegetation Index (NDVI) time series were also
analyzed using the CEQ's Geo-dash widget to understand seasonal variations. In addition
to the 4000 randomly allocated sample points, an additional 3677 samples were manually
included, making a total data sample of 7677. The number of training and validation data
used for the classification is shown in Figure 3, while the spatial distribution of training
and validation data is shown in Figure 4.
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Figure 3. Distribution of training and validation data.
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Figure 4. Spatial distribution of training and validation data.

2.3.2. Data Validation Procedure

A validation process involving quality control checks, stakeholder engagements,
and comparison with existing land cover data was implemented to ensure the quality
and reliability of the collected training and validation data. The initial 4000 randomly
generated samples were selected, with 10% being intentionally repeated as part of the
quality control mechanism to ensure consistency in land cover labeling. The additional
3677 manually selected sample points were incorporated based on local expertise to enhance
data representativeness. The collected samples were verified with existing global land
cover maps of Ghana and sub-national land cover maps. Furthermore, stakeholders and
local experts were consulted, integrating indigenous knowledge to refine the training
and validation data. High-resolution satellite imagery from the CEO and Google Earth
Pro was used to visually verify land cover types. Also, the CEO’s Geo-dash widget
provided NDVI time-series analysis to capture seasonal variations, serving as an additional
validation process. To further ensure robustness, the dataset was split into 70% training
and 30% validation, with classification accuracy assessed using standard metrics, including
overall accuracy, user accuracy, producer accuracy, and the kappa coefficient. These
validation measures ensured that the dataset was reliable and representative of actual
land cover conditions in Ghana.

2.3.3. Satellite Image Preparation

This study used a multi-sensor approach where three types of remote sensing data,
optical data (Sentinel-2), SAR data (Sentinel-1), and other ancillary information, were inte-
grated as predictors for the land cover classification. Sentinel-2 surface reflectance images
were accessed for the period from October 2022 to October 2023, covering an entire year.
The year 2023 was chosen because this year provided images with less cloud coverage.
The one-year time frame is considered adequate for capturing yearly phenology [31]. Also,
since one of the objectives of this article is to prepare an up-to-date land cover classification
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using recent satellite imagery, the single year allows for consistency in data acquisition and
processing. Each scene in the image went through a cloud and shadow masking process
using the algorithms implemented in GEE. A set of four spectral indices, including the
Normalized Difference Vegetation Index (NDVI), Normalized Difference Built-up Index
(NDBI), Normalized Difference Water Index (NDWI), and Soil-Adjusted Vegetation Index
(SAVI), were computed and added, resulting in a collection that includes the selected re-
flectance bands. These indices have been carefully selected for their capacity to differentiate
and identify specific classes. For instance, the NDV1 is important in quantifying biomass,
monitoring deforestation, and analyzing ecosystem dynamics [32]; the NDBI is focused on
built-up areas by analyzing the difference between the near-infrared and the shortwave
infrared bands, serving as a robust tool for mapping the built-up infrastructure and urban
sprawl [33]; the NDWI looks at variations between the green and near-infrared bands,
helping to detect waterbodies, wetlands, and moisture contents in landscapes [34]; and
the SAVI accounts for soil influences on vegetation indices [35]. The median values from
each scene for all Sentinel-2 bands were used to create seasonal image stacks, and finally,
GLCM (gray-level co-occurrence matrix) texture variables were applied to the NDV1 im-
ages. The GLCM is a method used as an image-processing technique to extract information
about spatial patterns of the intensity of pixels in an image [36]. Sentinel-1 Ground Range
Detected (GRD) data were also obtained for the same date range and resampled to the
same resolution as the Sentinel-2 resolution. All Sentinel-1 images are in ascending orbits
with vertical transmit and vertical receive (VV) and vertical transmit and horizontal receive
(VH) polarization. The descending orbit images were not used because there were no
images for this orbit in the study area. The calculated predictors include mean, standard
deviation, ratio of VV to VH, 25th and 75th percentile, and texture variables for VH and VV
bands. The texture predictors provide information about the spatial arrangements of pixel
intensities, capturing the spatial relationships between pixels. This helps to distinguish
between different land cover types based on their spatial patterns [37]. Apart from the
satellite images, three additional ancillary predictors (elevation, slope, and aspects) were
resampled to the resolution of Sentinel-2 data and included. All variables used for the
classification are provided in Table 1.

Table 1. Variables used for the classification process.

MName

Feature/Index Formula

Original Sentinel-2 Bands

Blue, Green, Red, rededgel, rededge?, rededge3, Near Infrared (NIR),
rededged, Water vapor, Short Wave Infrared (SWIRT), SWIR2, SWIR3

NDVI = (NIR — Red)/(NIR + Red)
NDBI = (SWIR1 — NIR) /(SWIR1 + NIR)

Spectral Indices NDWI = (Green — SWIR1)/(Green + SWIR1)
SAVI = ((NIR — Red)/(NIR + Red + 0.5)) x (1 +0.5)
Sentinel-2 Texture (GLCM) Contrast, Correlation, Variance, Entropy, Shade

Sentinel-1 Features

WV, HH, VV/HH, VH, SD of VV, 5D of VH, 25th percentile,
75th percentile.

Sentinel-1 Texture (GLCM, VV, and VH)

Contrast, Correlation, Variance, Entropy, Inverse Difference Moment
(IDM), Angular Second Moment (ASM), Sum Average (SAVG)

Ancillary Data Elevation, Slope, Aspect

2.34. Classification and Accuracy Assessment
The RF classifier is used, which is a widely used supervised machine learning algo-
rithm for land cover classification. The RF technique is a non-parametric technique that
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builds a robust model using multiple decision trees to predict outcomes. It handles large
datasets with numerous variables effectively without requiring prior knowledge of their
interrelationships and is resilient against outliers, ensuring reliable predictions [38]. The
hyperparameters, including the number of trees and variables per split, were tuned using a
systematic exploration of a set of potential inputs through a grid-search scheme [38]. Based
on this tuning, the land cover classifier was run with 500 trees and 6 variables per split,
using the default maximum depth of trees, which is unrestricted, and 70% of data for
training. The random forest algorithm returns three important measures: the selection rate
of each candidate variable, the Gini index, and the permutation of predictor variables as
an estimate of importance. The mean decrease accuracy, which is a measure of how much
the accuracy decreases when a variable is excluded, was used to generate this variable’s
importance due to its simplicity [39]. All variables were used for the classification, since
almost all variables were important. This is shown in Figure Al. The training data samples
were carefully assessed to ensure balanced and representative data for classification. We
ensured that all classes were at least 100. However, certain classes were underrepresented;
hence, those classes were manually added and validated with high-resolution imagery
coupled with expert knowledge.

The accuracy assessment was undertaken with respect to the validation data to assess
the classification accuracy (30% of the visually interpreted randomly sampled points de-
scribed above). The accuracy parameters calculated are overall accuracy, user accuracy,
producers’ accuracy, and kappa coefficient. All image-processing, classification, and accu-
racy assessments were conducted using GEE. The GEE scripts and datasets used in this
study are publicly available on GitHub [40].

2.4, Challenges and Opportunities

A structured questionnaire survey was conducted in 2024 to assess the challenges
and opportunities for the adoption and implementation of land cover standards. The
survey targeted a broad spectrum of stakeholders from government agencies, academia,
private institutions, and international organizations involved in land cover and land use
activities across global, regional, and national geographic scales. Including experts from
different regions was essential to capture diverse experiences and comparative insights
on adopting land cover standards across various contexts. This helps to situate Ghana's
progress against international efforts, identifying global challenges such as interoperability
issues. Furthermore, given that land cover standards such as IS0 19144-2 are designed for
global application, engaging international stakeholders is essential to assess the variability
in adoption, barriers to implementation, and opportunities for adoption across different
geographic scales. The questionnaire was designed to collect insights from three main
respondent groups: those familiar with and using LCML standards, those using other
land cover standards, and those not using any standards at all. The survey was designed
using Google Forms for ease of access and distribution, allowing global participation and

ensuring efficient data collection from stakeholders.

3. Results
3.1. Final Land Cover Legend of GHANA

The land cover characteristics of Ghana encompass a wide range of classes, including
diverse types of vegetation, various crop types and categories, non-vegetated areas, urban
landscapes, and water bodies. A total of 37 land cover classes are clearly identified from the
WALCRS, as presented in Table 2. The final land cover legend for Ghana, as highlighted and
presented in Table 2, serves as a standardized reference for broader classifications. However,
not every class included in the legend was utilized in the classification process. Some classes
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were modified or merged where they exhibited similarities at a specific classification level,
ensuring a streamlined and meaningful categorization. Specific descriptions of land cover
classes with corresponding images and their Unified Modeling Language (UML) diagrams
are detailed in Appendix A, Figures A2-A28,

Table 2. Selected land cover classes from the West African Reference System. The highlighted classes
can be identified in Ghana.

Level 1 Level2 Lewvel 3 Level 4 Level 5 Level 6 Level 7
Vegetated MNatural- Terrestrial Tree Closed tree formation /forest (Ad)  Moist forest (Fh)
area (V) E'ffm.inal'ural {Vnt) dominated area Diry forest (Fs)
(Vns) (A) tree formation / forest (A
s n/forest (A€} odland (Open)
{Foa)
Woodland (very open)
(Fct)
Shrub Shrub (Medium, High (Abm /h) Ticket (FO)
dominated
(fg;lm e Open Shrubland (Aro)
Shrubland (low /dwarf} (Arb) Tiger bush (Bt)
Open low shrublands
{Arha)
Herb Savanna (S) Tree and shrub Tree savanna {Sa)
dominated area savanna (Saa)
(H) (rass savanna (Sh) Shrub savanna {Sar)
Steppe (5t) Tree and shrub steppe
{Staa)
Herbaceous steppe
{Sth)
Auquatic/ Woody woondy Mangrove (M1) Tree mangrove (Ma)
flooded dominated area
{Vnar) 5b) Scrub mangrove (Mar)
Flooded woody (Bi)
permanently flooded
Herbs Swamps (Ahm) woody (Bip)
dominated area seasonally flooded
{Adh) woody (Bis)
Salt Marsh (Ahms)
Cultivated  Cultivated  Tree crop Forest plantation (Cpf) Forest plantation Qil palm(Cpfo)
Finfed plantation Annual herb cultivation (Cahn)
{Carf) evergreen (Cip) Cocoa(Cpic)
Orchards (V) Forest plantation Mango(Cpfm)
deciduous (Cfc) Rubber plantation
Forest plantation (Cpir)
Shrub crop (Cab)l  Annual herb cultivation (Canh) mixed (Cfm)
Herbaceous Shifting herb cultivation {Cth) Orchards single crop
crop (Ch) (Vmp)

Orchards multiple
crop (Vep)
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Table 2. Conl.
Level 1 Level2 Level 3 Level 4 Level 5 Level & Level 7
Cultivated  Cultivated  Tree crop Forest plantation (Cpf) Forest plantation il palm(Cpfo)
Rainfed lantati -
mn [FcaInEjahnn Annual herb cultivation (Cahn) evergreen (Cfp) Cocoa(Cpfc)
Orchards (V) Forest plantation Mango(Cpfm)
deciduous (Cfc) Rubber plantation
Forest plantation (Cpfr)
Shrub crop (Cab)  Anpual herb cultivation (Canhy ~ Tixed (Cfm)
Herbaceous Shifting herb cultivation (Cth) Orchards single crop
crop (Ch) (Vmp)
Orchards multiple
crop (Vep)
Cultivated Tree crop Orchard (single crop) (Vmi)
Irrigated dominated Orchard (multi crop) (Vi)
{Ci) (Cad)
Single crop (Mohi)
Shrub crop Multiple crop (Muhi)
dominated (Ciab)
Herbaceous crop
dominated (Cih)
Post flooded
herbaceous
Cultivated cultivation (Chai)
post
flgn:led Flooded herbaceous
(Cd) cultivation (Chi)
Mon- Terrestrial Matural Rocks coarse Bare rocks (Sr)
vegetated Mon- surface (Sn)  fragments (Tr) Bowal lateritic crust (C1)
area (Zn) vegetated
(Tn)
Soil, sand Stony desert (Dp) Erg (dunes) (Er) Longitudinal (Ei)
deposit (Ss) Barchan {Eb)
Sandy desert ([sa) Farabolic (Ep)
Salt deposit (Ds)
Bare soil (Sn)
Beeches (P}
Artificial Built-up Urban area {Zu) Port (Po)
surface (Sa -li Bnl
(33)  non-lingar (Bnl) Fural villages (Vr) Airport (Ae)
Infrastructure (I}
Built-up linear
and others (Bla)
Dump and
extraction sites (Sd)
Water(E) Matural Permanent wa- Rivers(R)
waterbodies  terbody({Pep)
(En) Lakes(L)
Artificial Seasonal River bank(Er)
};:Iﬁgt;nd- waterbody(Pes) Wadies{W)
Lakeshores{Ri)}
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3.2. Land Cover Dataset of Ghana (2023)

The land cover classification of Ghana, as shown in the national map (Figure 5) and
accompanying statistics (Table 3), reveals a diverse range of land cover types over a total
area of 24,343,056.4 ha. Spatially, the classified land cover map highlights the dominance
of agricultural and forested areas in the southern and central regions, while savanna
landscapes dominate the northern areas. Built-up areas are concentrated around ma-
jor urban centers, and waterbodies are prevalent in the south, particularly around Volta
Lake (Figure 5). A breakdown of land cover types shows that cultivated rainfed agricul-
ture is the dominant class, covering 6,896,359 hectares (28.3%) of the total area, followed
by closed /open forest areas (4,781,444 hectares, 19.6%, and savanna (3,867,151 hectares,
15.9%)). Other significant classes include cultivated irrigation (2,804,122 hectares, 11.5%)
and mango (1,024,109 hectares, 4.2%). Smaller land cover categories such as waterbod-
ies (813,574 hectares, 3.3%), mangroves/wetlands (274,440 hectares, 1.1%), and salt pans
(33,011 hectares, 0.1%) occupy a minor portion of the landscape. Additionally, built-up
areas (466,540 hectares, 1.9%) and mining sites (2,362,189 hectares, 9.7%) reflect significant
human activity. Bare soil/rocks and oil palm/rubber constitute minor fractions of the
total area.
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Figure 5. 2023 Land cover map of Ghana 2023.
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Table 3. Comparison of land cover area between global data and classification.

Land Cover Class Area Land Cover Class Area Land Cover Class Area
(ESRI)—Global (%) (MODIS)—Global (%) (National) (%)
Trees 452 Grasslands 40.36 Bare soil /rocks 1.7
Flooded vegetation 0.31 Permanent wetlands 0.53 Built-up 19
Crops 3.8 Croplands 10.19 Cultivated irrigation 11.5

Built area 39 Built-up lands 1.30 Closed /open forest 19.6

Bare ground 0.04 natural vegetation 4.36 Cultivated rainfed 283
Clouds 0.01 Barren 0.03 Mango 42
Rangeland 46.7 Unclassified 2.75 Mangrove/wetland 1.1
Evergreen broadleaf forest 3.29 Mining 9.7
Deciduous needleleaf forest 0.00 Qil palm /rubber 25
Deciduous broadleaf forest 0.07 Salt pan 0.1

Mixed forest 0.00 Savanna 159

Woody savannas 10.41 Water bodies 33

Savannas 26.73
Total 100 100 100

A comparison with the global dataset shows significant differences in class represen-
tation. For instance, cultivated rainfed agriculture (28.3%) and irrigation (11.5%) in the
national land cover data far exceed the land cover statistics reported for ESRI’s crop (3.8%
and MODIS's cropland (10.19%) data. Similarly, closed /open forests (19.6%) and savannas
(15.9%) in the national data are combined into broad categories like ESRI's rangeland
(46.7%) and MODIS's savannas (26.73%). These generalized classes fail to differentiate
between Ghana’s mosaic of forest-savanna transitions or agroforestry systems, such as
mango plantations (4.2%), which are explicitly mapped in the national classification. Again,
while the national land cover identified mining (9.7%) and built-up areas (1.9%) as distinct
classes, global datasets either omit these categories or misrepresent their scale. MODIS’s
built-up area (1.3%) underestimates urbanization, while ESRI’s built-up area (3.9%) overes-
timates urbanization by combining scattered settlements with true urban infrastructure.
Mangroves/wetlands (1.1%) and salt pans (0.1%) in the national land cover data are either
absent or merged into broad classes like MODIS's permanent wetlands (0.53%) or ESRIS’s
flooded vegetation (0.31%). The results emphasize the value of regionally tailored classi-
fications. While global datasets might claim high accuracy, their broad classes prioritize
simplicity over actionable specificity. The land cover map provides insights into Ghana’s
landscape regarding agricultural expansion, urbanization, deforestation, and mining activi-
ties. The high proportion of cultivated land emphasizes the importance of agriculture in
the country, while the extent of mining activity signifies the impact of resource extraction
on land cover and land use patterns. The presence of water bodies and wetlands shows
hydrological features that play a key role in biodiversity conservation as well as water
resource management.

Accuracy Assessment

An accuracy assessment was conducted using a confusion matrix to evaluate the
classification process (Table 4), which quantifies the agreement between the classification
map and the reference data. The overall accuracy of the land cover classification was
90% (Table 5), with individual class accuracies varying across the 12 land cover types,
demonstrating a high level of precision in the mapping process. However, accuracy varied
across land cover classes. Among the classified land cover types, mining areas achieved the
highest producer accuracy (95.80%), indicating that most of the mining sites were correctly
identified with less confusion. Similarly, the built-up areas recorded the highest user

71



Land 2025, 14, 550 14 of 38

accuracy (97.90%), showing that almost all pixels classified as built-up areas were correctly
labeled (Table 5), suggesting an indication of the easier identification and distinguishing of
anthropogenic land cover types such as mining and urban areas.

Table 4. Land cover map accuracy assessment (confusion matrix).

= — = —
= = - Fi b= | m
= = 1= 5 a7 =] g = &0 _ =
Class 52s $53c il B iE P zEif f 3fo:
o it = 2 = - == .= [ = = L
Refersnce B2 I S¢Sy i3 Z f3 § i ; 23X 6
2 o= §&¢
Bare soll/ 51 1 0 3 0 0 3 0 2 0 0 65
rocks
Buill‘—up land 0 185 2 1 0 2 1 12 2 0 0 0 205
Cultivated irrigation. 1 0 397 1 13 6 8 7 1 4 0 2 440
Closed/ 0 0 0 116 0 2 0 8 5 0 3 1 135
Open forest
Cultivated rainfed 0 0 17 2 117 1 0 0 1 0 3 0 141
Mango 0 0 9 2 5 245 3 4 3 0 0 0 271
Mangrove/ o o 8 1 0 1 2 3 1 2 3 5 250
wetland
Mining 0 3 3 4 2 4 1 432 1 0 0 1 451
Oil palm/ 0 0 1 5 0 5 0 9 15 0 0 0D 125
rubber
Salt pan 0 0 3 0 0 0 0 0 0 33 0 0 36
Savanna 1 0 2 0 11 0 0 0 1 0 54 0 69
Water
bodies 1 0 0 0 0 0 1 1 0 0 6d 68
Total 5 189 447 132 151 266 240 479 120 42 63 73 2025
Table 5. Producer, user, and overall accuracy.
Land Cover Class Producer Accuracy (%) User Accuracy (%)
Bare soil / rocks 78.50 94.40
Built-up land 90.20 97.90
Cultivated irrigation 90.20 88.80
Closed /open forest §5.90 87.90
Cultivated rainfed §3.00 77.50
Mango 90.40 92.10
Mangrove,/wetland 90.40 94.20
Mining 95.80 90.20
Qil palm/rubber 84.00 87.50
Salt pan 91.70 78.60
Savanna 78.30 85.70
Water bodies 94.10 87.70

Overall Accuracy a0

However, some land cover types showed lower classification accuracies due to spectral
similarities with other classes. For instance, the savanna class recorded producer and user
accuracies of (78.30% and 85.70%), respectively, indicating some level of misclassification
with cultivated areas. The confusion matrix also shows instances of misclassification,
such as bare soil /rocks and salt pans, misclassified with cultivated areas. Despite these
challenges, the classification performed well in differentiating major land cover types across

Ghana (Table 5).
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3.3. Challenges and Opportunities to the Adoption of Land Cover Standards

Out of 148 total survey respondents from around the world, 31 were from Africa
(excluding Ghana), 59 were from various other continents, including Europe, North and
South America, Asia, and the Middle East, and 54 responses came from Ghana. As
expected, most responses came from Ghana since the case study focuses on this country
and specifically targets more Ghanaians (Figure 6).

Figure 6. Number of responses received from 48 countries across the world. (Source of responses: [41];
source of administrative boundary: [42]).

To assess the challenges to the adoption of land cover standards, the questionnaire
sought to first find whether the respondents were familiar with land cover standards,
specifically the land cover meta language, and their use of them. The results (Figure 7)
highlight a significant knowledge gap globally, regionally, and nationally. Globally, out
of the 148 respondents, 44 (30%) were somewhat familiar, 37 were not very familiar (25),
40 were not familiar at all (27%), and 27 were very familiar (18%). In Sub-Saharan Africa,
out of the thirty-one respondents, nine were somewhat familiar (29%), seven were not
very familiar (23%), ten were not familiar at all (32%), and five were very familiar (16%).
In the case of Ghana, fifteen (28%) out of fifty-four respondents were somewhat familiar,
nineteen (35%) were not very familiar, sixteen (30%) were not familiar at all, and four (7%)
were very familiar (Figure 7). This lack of familiarity, according to the respondents, stems
from LCML's technical complexity, which demands specialized training to navigate its
ontology-driven framework, as well as a lack of localized guidance tailored to regions like
Ghana. This study further explored whether respondents used LCML or other land cover
standards (Figure 8). The findings revealed an inconsistent adoption of standards across
the different regions. Globally, out of 148 responses, 48 (32%) use the LCML standards,
58 (39%) use no standards, and 42 (27%) use other standards. In Africa, out of thirty-one
respondents, eleven (35%) use LCML standards, eight (26%) do not use any standard, and
twelve (39%) use other standards. In Ghana, out of 54 responses, 11 (20%) use LCML
standards, 31 (57%) do not use any standard, and 12 (22%) use other standards. This
inconsistency reflects institutional and resource barriers: dominant tools like ArcGIS, QGIS,
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and Excel offer preconfigured workflows that align with existing user expertise, whereas
LCML's adoption is hindered by its lack of integration into widely used platforms, as

reported by the respondents.
18
Very Familiar 16
7
27
Mot familiar at all 32
30
25
Nat very familiar 23
35
30
semewhat familiar 29
28
0 5 10 15 20 25 30 35 40

mGlobal mAfrica mGhana

Figure 7. Respondent’s familiarity with the land cover meta language: global, African, and Ghanaian
context (Source: [41]).
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Figure 8. Respondent’s use of land cover meta language: global, African, and Chanaian context
(Source: [41]).

This study identified key challenges that hinder the widespread adoption of land
cover standards (Figure 9). The results, as reported in Figure 9, show that globally, 46%
of respondents identified a lack of guidance materials and documentation as a challenge,
while 10% highlighted cost implications, and 44% cited the complexity of the standards.
In Africa, 44% of respondents noted a lack of guidance materials, 11% mentioned cost
implications, and 44% identified the complexity of the standards. In Ghana, 53% of
respondents considered a lack of guidance materials a limitation, 27% pointed to cost
implications, and 20% indicated the complexity of the standards. These regional disparities
underscore systematic issues. In Ghana, the absence of localized training programs and
documentation increases the reliance on non-standardized methods. Meanwhile, the higher
emphasis on cost reflects financial constraints, such as software licensing fees for tools
like the ArcGIS suite, which compete with investments in LCML training. The reliance on
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non-standardized classification systems, particularly in Ghana, constrains interoperability
and comparability across datasets.

Lack of guidance materials and documentation

 (loba
Croest implications
w mAfTica

B Ghana

Complesity of standards

,
=

"

1
#
[
]
g,

Figure 9. Challenges to the adoption of land cover standards: global, African, and Ghanaian context
(Source: [41]).

Despite the challenges, this study also explored the potential benefits and opportu-
nities for the adoption of land cover standards (Figure 10). As reported in Figure 10, the
results show that globally, 20% of respondents highlighted data accuracy and reliability
as the most significant opportunity, followed by consistency and uniformity (16%), and
data integration (15%). In Africa, compliance with national frameworks or guidance was
identified by 12% of respondents as the main opportunity, alongside consistency and
uniformity (10%), and supporting decision-making and policy development (10%). In
Ghana, 25% of respondents emphasized data accuracy and reliability as the most significant
opportunity, followed by supporting decision-making and policy development (20%), and
data integration (15%). This highlights the strong potential for the increased adoption
of land cover standards if governments, institutions, and the international community

provide the necessary support.

Supports decision making and policy m
development 19
Facilitates data sharing m w
Enhances monitoring and reparting _ 111
Data integration *lifp
" 20
N 19
Consistency and uniformity '18
Compliance with national m 18
framework/guidance
0 5 10 15 20 15 30

EGlobal WAfrica EMGhana

Figure 10. Opportunities for the use and adoption of land cover standards: global, African, and
Ghanaian context (Source: [41]).
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4. Discussion

The role of land cover legends is to help in the preparation of land cover maps and
land cover datasets [43]. For this reason, the land cover legend register (LCLR) has been
developed to support the cataloging of legends based on international standards at global,
regional, and national levels [44]. The registry database was for land cover legends based on
the registry concept that is derived from ISO 19135-1 [4], identified in ISO 19144-1 [45], and
makes use of the descriptive meta language described in ISO 19144-2 [29]. By standardizing
land cover legends, the LCLR facilitates data exchange, comparison, and integration across
different regions and platforms [7]. However, many land cover mapping institutions in
West Africa utilize different legends and classification systems, including the WALCRS.
The WALCRS is particularly significant for the subregion, offering valuable scientific
and developmental applications [46]. The Gambia was the first country to implement
this regional land cover reference system, using it to support smallholder agriculture.
As highlighted in this study, efforts are underway to expand the implementation of the
WALCRS to other parts of the region, including Ghana. The objectives of land cover
mapping in West Africa, and for that matter in Ghana, vary. These include agricultural
monitoring, ecosystem service assessment, land use planning, land degradation monitoring,
greenhouse gas inventories, climate change mitigation and adaptation assessment, and
disaster response [46]. These varying objectives have led to inconsistencies in regional
land cover maps. The WALCRS helps to simplify the classification of land features and the
development of standard land cover legends by using ISO-based LCCS version 3 software
developed by FAO to eliminate ambiguities in defining land features and legends, yet their
adoption in developing regions such as West Africa remains limited. Comparing Ghana’s
land cover legend development to similar studies in other African countries, such as The
Gambia and Ethiopia, reveals common challenges and unique regional characteristics. The
WALCRS has been integrated into national land cover efforts in The Gambia, demonstrating
the benefits of standardized classification approaches for agricultural planning [27]. The
research conducted in Ethiopia has emphasized the importance of integrating multi-source
remote sensing data, including SAR and optical imagery, to improve classification accuracy
in diverse landscapes [47]. The methodological approach used in this study has been widely
validated in previous studies [45]. However, the application of these methods in Ghana
provided insights into the effectiveness of the technique in a West African context, where
land cover and land use dynamics are shaped by agricultural expansion, deforestation, and
rapid urbanization.

Land cover datasets are equally important as land cover legends, as the latter serves
as a fundamental framework for developing and standardizing land cover datasets [43].
Several organizations and countries have developed land cover datasets for different pur-
poses, including national forest resource assessment, estimation of Reducing Emissions
from Deforestation and Forest Degradation (REDD+) activity data, biophysical and so-
cioeconomic information integration, and semantic similarity assessment [49]. Several
global land cover datasets exist to ensure their wider use and accessibility. Among these
are the European Space Agency’s European Global Land Analysis and Discovery (ESA
GLAD) and ESA’s World Cover, among others. Using global land datasets for national land
cover representation and analysis presents notable challenges, including inconsistencies in
feature estimates, which often result in either overestimation or underestimation. These
discrepancies hinder the harmonization and interoperability of land cover datasets across
regions and institutions.

A critical issue highlighted in this research is the significant variations between global
and national land cover datasets. For example, as shown in Table 3, the built-up area
is reported as 3.9% in the ESRI global dataset, 1.3% in the MODIS global dataset, and
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1.9% in the national dataset. Similarly, cropland estimates show discrepancies, with 3.8%
reported by ESEI, 10.9% by MODIS, and a much higher 46.5% from the national classifi-
cation. The significant variations observed between Ghana's national dataset and global
products reflect a documented challenge in land cover mapping. For instance, in their
work, Fritz et al. [50] demonstrated that global datasets like MODIS and ESA GlobCover
exhibit discrepancies up to 30% in cropland estimates across Africa due to different class
definitions and spatial resolutions. Similarly, Herold et al. [51] reported that built-up areas
are often overestimated in coarse-resolution datasets—as was seen in the case of ESRI's
estimate and that of Ghana (3.9% vs. 1.9%), because of the spectral confusion between
urban infrastructure and bare soil. The inconsistencies align with findings in Southeast
Asia, where Tsenbazar et al. [52] reported that MODIS's natural vegetation class conflates
ecologically distinct forests and shrublands, depicting Ghana's challenges in differenti-
ating closed forests from savannas. The differences in global datasets often come from
generalized class definitions. For instance, ESRI's rangeland merges Ghana's savannas
and rainfed agriculture, a situation also observed in Ethiopia, where Wodebo [53] found
that global products misclassified agroforest systems as homogeneous grasslands. Such
an oversight undermines implementations like REDD+ reporting, where precise forest
definitions are critical. Comber et al. [54] attributed these issues to semantic uncertainties,
where inconsistent terminology leads to mismatched interpretations across regions.

Ghana's national dataset addresses these challenges by adopting the WALCRS, which
provides regionally tailored classes such as mango plantations, mining sites, salt pans,
oil palm, and rubber, which are absent in global datasets. This approach aligns with
recommendations by Di Gregorio. [27], who argued that localized adaptations of the FAQ's
LCML improve accuracy in heterogeneous landscapes. For instance, The Gambia's use
of the WALCRS reduced cropland estimation errors by 22% compared to MODIS [27],
while Kuenzer et al. [55] demonstrated that integrating SAR and optical data, as performed
in Ethiopia, enhances the discrimination of spectrally similar classes like irrigated and
rainfed agriculture.

A major consequence of the challenges to the adoption of land cover standards, as
was seen in this research, is the lack of documentation of the standards. This was seen
in the three spatial levels: global, African, and Ghanaian contexts. In instances where
efforts are being made to describe land features, class definitions are often incomplete or
ambiguous. Additionally, the inconsistent use of terminologies adds to the complexity,
where the same terms are applied to different concepts or different terms are used for
the same concept [46]. These inconsistencies pose significant challenges in generating
standardized and comparable datasets, which are essential for accurate environmental
monitoring, national change assessments, and cross-regional analyses. Addressing these
challenges requires targeted efforts toward capacity building, developing legend translation
protocols for existing datasets, and refining guidelines for future mapping projects to
enhance harmonization and compatibility.

In Ghana, national entities such as the Ghana Standards Authority (GSA), in collab-
oration with stakeholders in the land cover sector, including the Forestry Commission
and the Lands Commission, should be encouraged to adopt these standards. The inter-
national community can support these efforts through awareness-raising initiatives and
technical assistance. By integrating these strategies, land cover standards can be effectively
incorporated into mapping activities, leading to the creation of consistent, reliable, and in-
teroperable datasets that are essential for both local and global environmental assessments.
Despite the challenges associated with adopting land cover standards, their adoption
presents major opportunities. One such opportunity is the ability to support decision-
making and policy. Another significant advantage is the enhancement of data accuracy and
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reliability, ensuring that the generated datasets are robust and suitable for a wide range of
applications. This finding aligns with the International Standards for Land Cover: From
Concepts to Practices report [56], which highlights that land cover standards provide a
structured framework to ensure data interoperability and consistency in reporting. The
report emphasizes that such standards ensure data are consistent, reliable, and comparable
across different regions and countries. Additionally, they support a country’s objectives
of informed decision-making, sustainable land use planning, and effective monitoring
of progress toward SDGs. It is important to also state that the adoption of land cover
standards would allow for the continuous updating of maps, comparative validation, and
comprehensive land resources assessment, e.g., as required for government obligations to
report on carbon accounting or as response to environmental treaties [57].

The results of this study have several applications for land use planning, environ-
mental monitoring in line with SDGs, and policy implementation. The high-accuracy
and high-resolution land cover classification provides reliable baseline information for
land-monitoring programs, including deforestation trading, land degradation, agricultural
expansion analysis, and urban growth assessment. Similar approaches have been success-
fully applied in countries such as Brazil for Amazon forest monitoring [58], landscape
degradation in Tunisia [59], and monitoring SDG indicators on land degradation in Nigeria,
Bangladesh, Uruguay, and Angola [60].

While this study demonstrates the application of remote sensing and land cover
standards as well as classification methods, some limitations must be acknowledged. First,
while the usage of image interpretation, knowledge of the area, and expert engagement
produces a good classification output, the classification may pose a challenge. Although
the classification performed well, incorporating actual ground truth field-based training
and validation data could enhance the accuracy, particularly land cover types with similar
spectral information, such as forest, savanna, and cultivated irrigated and rainfed classes.
Furthermore, the study relied on a single year (2023) of land cover data rather than a time-
series analysis, which may limit the ability to capture seasonal variations and long-term
changes in land cover. The absence of a multi-year dataset means that land cover changes
and trends, as well as deforestation rates and urban expansion, cannot be assessed over a
period, which is critical for the environmental planning and sustainable management of
land cover.

5. Conclusions

This study underscores the critical importance of adopting land cover standards for
sustainable development in Ghana, Africa, and globally. By developing a national land
cover legend based on IS0 19144-2 standards and creating a land cover dataset for 2023,
the research addresses key challenges related to data inconsistency and interoperability.
The findings reveal a diverse range of land cover types across Ghana, with cultivated
rainfed areas, savannas, and closed /open forests being the most dominant. The study also
demonstrates the effectiveness of integrating multi-sensor remote sensing data, including
Sentinel-1 and Sentinel-2, with ancillary information such as elevation and slope. Using
the random forest classification algorithm, the research achieved an overall accuracy of
90%, highlighting its robustness for land cover classification in Ghana's heterogeneous
landscape. A key contribution to this research is the establishment of a national land
cover legend and dataset for Ghana, which provides a foundation for future land cover
mapping efforts. Unlike some research that relies heavily on global land cover datasets,
this research has demonstrated that, in some instances, there are discrepancies in land
cover estimates compared to national products. This study introduces a localized land
cover dataset tailored to Ghana's environmental conditions. The study also identified the
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challenges and opportunities for the adoption of land cover standards. Challenges such
as limited familiarity with land cover standards, inconsistent definitions, and resource
constraints remain significant barriers to the widespread adoption of these standards.
Despite these obstacles, this study highlights the opportunities offered by standardized
land cover approaches, including improved data accuracy, enhanced reliability, and their
critical role in supporting informed policy-making and sustainable land use planning. To
address the challenges and maximize the opportunities, targeted efforts are needed to
build capacity, refine guidelines, and foster international collaboration. Such initiatives
will improve the adoption of land cover standards and ensure effective environmental
monitoring and sustainable resource management. Further research should explore cross-
regional comparisons, applying similar methodologies in other West African countries
to establish a regionally harmonized land cover dataset. By advancing knowledge in
this field, these efforts will support the development of more effective land management,
sustainable resource management, and climate resilience planning at the local, regional,
and global scales.
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The following abbreviations are used in this manuscript:

AOI Area of Interest

CEO Collect Earth Online

CERSGIS Centre for Remote Sensing and Geographic Information Services
ESA European Space Agency

FAO Food and Agriculture Organization of the United Nations

GEE Google Earth Engine

GSA Ghana Standards Authority

1SO International Organization for Standardization

LCML Land Cover Meta Language

LCLR Land Cover Legend Registry

MODIS Moderate Resolution Imaging Spectroradiometer

NDWI Normalized Difference Water Index

NDBI Normalized Difference Built-up Index

NDVI Normalized Difference Vegetation Index

REDD+ Reducing Emissions from Deforestation and Forest Degradation
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RF Random Forest
RMSC Resource Management Support Centre
SAR Synthetic Aperture Radar
SAVI Soil-Adjusted Vegetation Index
SDGs Sustainable Development Goals
UML Unified Modeling Language
UNCCD United Nations Framework Convention to Combat Desertification
UNFCC United Nations Framework Convention on Climate Change
UN-GGIM  United Nations Committee of Experts on Global Geospatial Information Management
VH Vertical Transmit and Horizontal Receive
\'A" Vertical Transmit and Vertical Receive
WALCRS  West African Land Cover Reference System
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Figure A2. Closed forest land cover class description, photo key interpretation, and UML diagram.
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Figure A3. Open forest land cover class description, photo key interpretation, and UML diagram.
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Figure A4. Thicket land cover class description, photo key interpretation, and UML diagram.
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Figure A5. Open shrubland land cover class description, photo key interpretation, and UML diagram.
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Figure A6. Tree savanna land cover class description, photo key interpretation, and UML diagram.
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Figure A7. Shrub savanna land cover class description, photo key interpretation, and UML diagram.
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i Longtade: -3 06N Lovgsnade -3 376

Deseription
STAL CALS SeTIRS Vet SOPANK BIPt 0L B AS-CAbmd MWAS MG ¢ e T EALa TUE et
¢ overall clams yucture. The rrats are conrttated by Ses busic deresty shrab and water body. The eiemwrt tree has
toe trirates Cover evpressed Ln B percertage of planty covermg the ground raaging froee X to 330 percert. Vegetaton

wsthicakty. in thes cose s defined o1 nataral A stewnn of hask elemvert water body 1 present s the (xberving atichs
e

Pertodic trpe b tidad.
= AMRaaRty ol waben bedy 18 satral

* Water sakrity & brackisk.

UML Diwgosss

Figure A8. Shrub mangrove land cover class description, photo key interpretation, and UML diagram.
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4. Swatngs « Ahun

Google exrth imagery | Sentiead 2 (2023) - talse color composine

Coordinates of poasts from the Reference Fhote Key
Latitude 3526450 I Lasitude: 5326450
lﬁl’!ﬂﬂ! -D2MTIS i Longiude: 02596728
Dwserigtion.
This class v very basic and geownc, beng constituted by two mandutory strats that define the overall cls structoow, that
. herbacecus groveth fomm and waner body, The slement hectes have heo assibutes: Caves expressnd in percent of the
plant covening the groved ranging from 20 19 300 pesosrt. Vegetanan actiiciality, in s case, Is defined as natural veg:
wanion The element waner body has two ameibutes
o Amificabry of water body is natural
o Watee saliraty s fresh

UML Diagram:

Figure A9. Swamp land cover class description, photo key interpretation, and UML diagram.

9. Salt marsh « Abms

Googhe earth imagery Sercmed 2 (2027) - £alee color componite
Cosedinates of points from the Redecence 'hato Key
Latstuade: 3. 956072 [ Latitude: 3906972
’-"_"ﬂ‘f 1015008 Lﬁmdr 1.011008
Deacnption:

This clicss 1 very busic and genenic, being constituted by two muandatoey strata that defire the overall dics structure, that =,
Pestacecus groveth form and water Sody. The element herbs have two attributes: Cover expressed in percent of the plant
covering the ground cangng froes 20 10 300 perost. Vegetation sctificalbity, i fes caie, o defined o naturd vagitaton. The
element water body has two amribenes

o Asuficiality of water body = nutural

*  Water salingy i5 brackish

UML Diagram:
N cee——
= — .
- — b - -~
D= iy Ry S oeve
—
=
s
=% —oew e e
. e S —_—
s e -

-
— -

Figure A10. The salt marsh land cover class description, photo key interpretation, and UML diagram.
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10, Forest Plantation - Cpé

Reterence Phote Key

Cooghe sarth cnagery Senitzrml 2 (2025) - false color compcaite
Cooedinates of points from the Reference Photo Key

Latstude: 63236598
Longitude: <0 930706

Latstude: 6523658
Longitwde: 0930706

Descrigtion:

Regulasr stande of trees planted foc the purposs of producng food, beverages, vegetable cds, raw materiale for industry,

wood, of for protection against wind and wates exosion

UML Diagram:
L e
R @ tom caraa
B e [t vy~ - i
e G (2t - - P
. -

R

IL O P -Cplo

Faterennce Mhoto By

Googhe arts erugery Servared 2 (XC3) - fabwe cobar cocepoutse
Cooedinutes of paists from the et aswnce Mhote Key
Latrnde 2507N Lastade 535N
Looypbade -3 5197 Lovyphade -1 31975
Dessvephons

That Bast desindus the Reonies aiect of D rstie tvpee crons of oochamde. 11w commpomnd of 3 sergde Mandanon weaem that delires the

overall structioe of e clase. The demert tiee in s clase hae the lollowing attributes:

o Thaebeght of tha plaried e varko depending on the pletiation type. H ts 2 ratrded plarrisson ares
* Viegatatom andboulity. » e case. o

defimed 5 ouFevated Vegetatiom
*  Plntsica types b X Maler.

A endra wecrane 1 Darbuceoes groveth Sarme with the Saloacing sttrivctes
Vegatation artficalsty. n thes cne. i detmed o culivated vegetstion

o I s camind glastation ey i & sngle g
+  Vegetation artficulity, i thes case. bs detined as cukivated vegetation

UML Dugrer

N —

- G S0

e s v— e
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Figure A11. Forest plantation land cover class description, photo key interpretation, and
UML diagram.

Figure A12. Oil palm plantation land cover class description, photo key interpretation, and
UML diagram.
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Lasgiande. -1 20N D e
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Lancry Kt Ol e e eresell e of e A The dement tee 1) Ss-cham i e folirwng
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EMIL Dagram

Figure A13. Cocoa plantation land cover class description, photo key interpretation, and
UML diagram.

13. Rabber plastation - Cplr

Referrmce Photo Key

Google varth imagery Sentmel 7 (2023) - false color componte

Coordinates of points from the Reference Photo Key
Latitude: 5.763144 Latitude: 5765144

Longitude: -0.5 Longitude: -0.57306

Descriplion:

rabum that delines the overall stroctuse of the class. The dlement troe i thas class has the tollowing
attnbutes:

*  The height of the planted trees vacies between 20 and 30 It i a rainfed plantation area

o Vegwtation artifsculity, in thus cave, 3 deficwd as cultivated vegetation

¢ Plantation type is Rubber

An extra edement is herbaceces growth form with the following attribuses:
o Vegetation wrtificality, m this case, is defined as cultzvated vegetatson
. It 15 & ratnfed plastation area with a smgle crop

o Vegetation artiticiality, in thes case, s defened as oultivated vegetation

UML Diagram

Figure A14. Rubber plantation land cover class description, photo key interpretation, and
UML diagram.
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14. Mango plantation - Cpfm

Reference Photo Key

Google earth imagery Sentinel 2 (2023) - false color composite
Coordinates of points from the Reference Photo Key
Latitude: 6.018207 Latitude: 6.018207
Longitude: 0.003395 Longitude: 0.003395
Description:

This class describes the generic aspect of the single-type crops of orchards. It is composed of a
single mandatory stratum that defines the overall structure of the class. The element tree in this
class has the following attributes:

* The height of the planted trees varies between 2 and 5m. It is a rainfed plantation area.

e Vegetation artificiality, in this case, is defined as cultivated vegetation.

e Plantation type i1s Mango.

An extra element is herbaceous growth form with the following attributes:
e Vegetation artificiality, in this case, is defined as cultivated vegetation.
e Itisa rainfed plantation area with a single crop.
¢ Vegetation artificiality, in this case, is defined as cultivated vegetation.

UML Diagram
& Cum Cramowntce
B vy partasa
M Lo o
’
L Ll
E ot Pten | 8 \oee ! !
Cover rowrrees 2 " :“’“' Presence Type Modntary | ‘3.;.: am‘--.?a el
Ceourerce rdubres WINNREY Syeu Sandeiny Covet 22607 o Asowe] Soucun)

e M
[Morwe Aapact!

Figure A15. Mango plantation land cover class description, photo key interpretation, and UML

diagram.
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15. Pincapple- Cih

VRe[e‘v;;ce Photo Key

Coogle sarth imagory Sontinel 2 (2003) - false color compaosite

Coondinastes 66 geinks fosioe the Refertmce Fiute Key
Latitude: 5.776591

Latitude: 5.776591

Longitude: -0358617 Longitude: -0.558617

Description:
It corresponds to arcas with cultivated irmigated agriculture where the growth-form herb is dominant. A commoen crop
is pineapple. Two derived dasses are foreseen classified as single crop and multiple crops, sub-divided according to

the different cropping intensities that characterize the dominant element plantation.

F uML [si:gvam:

0 S

16, Paddy Race - Chi

Reterence Photo Key

Google earth snagery Sevtinel 2 (023) - false color camposite
Coordisates of peints from the Reference Photo Key
[ Latitade 5793456 Latitude: 5.7931%
Longtade 0053134 T ongitmde: 0053134
Deseription:

It corresponds o caltivated agrcultizre with the llooded areas whete the growth-form herb is dominant. The element barb
has the tollowing attributes

*  Herbaceous crops are permanently flooded

o Flosistac aspect species: Rice.

o Vegetation artificality, m this case, is defined as cultivated vegetation

A basic element of water has the followng attrbuates:
o Monthly periedic variation
o The arttficiality of the water body is nabural
o Water salinity is fresls

UML Diagram:
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Figure A16. Pineapple land cover class description, photo key interpretation, and UML diagram.

Figure A17. Paddy rice land cover class description, photo key interpretation, and UML diagram.
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17. Beaches - P

Reference Photo Key

Google earth imagery Sentinel 2 (2023) - false color composite
Coordinates of points from the Reference Photo Key
Latitude 53506940 Latitude 5506530
Longitude: - -0.329044 Longstude: .329044
Description:
This class ks very basic and g being d by one datocy that defines the oversall class structure.
The strata are constituted by one basic element lose and shifting sand.
UML Dingram:
@ Cawie mvan
[ Pweanie | Mo
| v
[ Beersens .
{ o, A s ey )
B b —— |
e imocats) | £t o, o]
==t

Figure A18. Beach land cover class description, photo key interpretation, and UML diagram.

18. Bare Soil - Sa

Reference Photo Key

Google earth imagery Sentinel 2 (2023) - false color composite
Coordinates of points from the Reference Photo Key
Latitude 6.130785 Latitude 6.130785
Longitude: -0.349517 Longitude: ~0,349517

Dm'l'?ﬁﬂﬂ'
Thus class is very basic and generic, being constituted by one datory that defines the 1l class
structure. The strata are corstituted by one basic element: bare soil,

UML Diagram:

& o St
{ --ann x
1 ,ﬂm/ ~—-lﬂd-;

[ Bt heawr !

ot -
- — |\ Gocomence wnsetree™s |/
W Saw nck ———
ey

o]

Figure A19. Bare soil land cover class description, photo key interpretation, and UML diagram.
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19. Rocks - Sr
Reference Photo Key

Google earth imagery Sentinel 2 (2023) - false color composite
Coordinates of points from the Reference Photo Key
Latitude 9751418 Latitude 9751418
Longitude: ~2. 129097 Longitude: ~2.129097
Description:

This class is very basic and generic, being constituted by one mandatory stratum that defines the overall
class structure. The strata are constituted by one basic element: rocks

UML Diagram:
2 ey fewr | SR 2w facx
owe deieacts . | v ljgr Varteary
w Crmeze e Warasr, ~ ~

» o
g Cote W

| So T Owacentes

Figure A20. Rocks land cover class description, photo key interpretation, and UML diagram.

20, Urban areas (Built-up) - Zu

Reference Photo Key

Google Earth imagery | Sentinel 2 (2023) - false color composite
Coordinates of points from the Reference Photo Key
Latitude 6.696653 Latitude 6.696653
Longitude: ~1,608574 Longitude: -1.608574
Description:

The presence of sub-surfaces is recognized by the types of artificial surfaces.

It corresponds to the artificial and impervious surfaces paved with hard materials and built-up non-linear.

UML Diagram:

Prtoets bl ! S v Srtuen
1 Pmce Ty Maniutery

Cont sebrats

L | - eeen ' !
Qetwwers indebeay el o

| JLE

g Caow [

|| g o Dwrnowrases

Figure A21. Urban areas land cover class description, photo key interpretation, and UML diagram.
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21. Pont- Po

Reference Photo Key

Google earth imagery Sentinw] 2 (2023) - false color composite
~ Coordinates of points from the Rnl«;;l:ol’hoto?o{ -
Latitude 5,632393 Latitude 5.632393
Longitude: 0009817 Longitude: 0.009817
[ Description:

Astificial surfaces with rural area geographical aspects, inchuding buildings and other artificial surfaces

UML Diagram:

O

Google earth imagery )

Sentinel 2 (2023) - false color composite

Latitude 5605532

Coordinates of points from the Reference Photo Key

Longitude: 0169699

Latttude 5605532

Longitude: 0169699

Description:
Built-up arvas with tacilities tor Rights to take off and Land
UML Diagram:
i e —— e WD RS S
S Py ey —
oty

Figure A23. Airport land cover class description, photo key interpretation, and UML diagram.

91



Land 2025, 14, 550

34 of 38

23, Dump and extraction sites - Sd

Referunce Photo Key

Google wasth ima

2 (2023) - falww color companite

[3 from Pholo Key
Latitude 5281636 Latitude 5281636
Longitude: -1 594401 Longttude: -1.5%4401

Description:
Land used for dsposal of waste matesials is known as dump sites. Extractson sites are defined by the absence of the
original land cover, whach is remnoved by human activity oe machinery for (e extraction of sand, stoew, snineral, or
coal

UML Diagram:

Figure A24. Dump sites and extraction land cover class description, photo key interpretation, and

UML diagram.

24. Rivers - R
Reference Pholo Key

Guoogle earth nagery Serstinwl 2 (2023) - false color composite
Coordinates of polats from the Reference Photo Key
Latitwde 6551704 Latltudde 6551704
Longitude: 0.07145 Longitude: 007143

Description:
| The rivers &rv natural water courses fhat serve as water drainage chucmels. A basc slement of 2 water body has the
| fallowing attributes:
*  Water dynamics & fdowing
*  The astificiality of the water body is natural.
o Water salindty is tresh.

UML Diagraen:

‘e

Figure A25. Rivers land cover class description, photo key interpretation, and UML diagram.
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25. Lakes - L
Refervace Pholo Key

Goagle varth imagery Sentined 2 (2023) — false color compasite
Coordinates of points from the Reference Photo Key
Latitude 630117 Latitade 650117
Lemgitude: -1 40649 Lemgitade: -1 40649
Description:

A natural standing wider reservoir that is biggee than 2 poad and has an irregular shape. This class consises of cew
mandatory stratuan, A basic elemumt of a water body has the following ateributes

¢ Monthly pericdic variation

o Water dynamics & standing,

UML Diagram:

sewem
e e e

o Duew L

L

Figure A26. Lakes land cover class description, photo key interpretation, and UML diagram.

26. Lagoon - La
Reference Photo Key
} v
Google earth imagery Sentinel 2 (2023) — false color composite

Coordinates of points from the Reference Photo Key

Latitude 5.59%496 Latitude 5 85649%
Longitude: 0.936793 Longitude: 0936793

Description:

stratum. A basic element of a waler body has the following attributes
¢ Manthly periodic vasiation.

¢ Water dynamics s stancling,

" UML Diagram:
[Yre—
b ALk

A vatural standing water reservair that is bigger than a pond and has an irregular shape. This class consists of ane sandatory

Oy Clous Camiemain

Figure A27. Lagoons land cover class description, photo key interpretation, and UML diagram.
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27. Dams - Da
Reference Photo Key

4

Google earth imagery Sentinel 2 (2023) - false color composite
Coordinates of points from the Reference Photo Key
Latstude 6.300007 Latitude 6.300007
Longitude: 0059526 Longitude: 0.059526
Description:

Waterbody result from a barrser that stops or restricts the flow of surface water or underground streams

UML Diagram:

[ApE—

Figure A28. Dams land cover class description, photo key interpretation, and UML diagram.
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Summary of the article

Ghana’s forests are under severe pressure from deforestation and degradation, making the mapping
of species distribution and abundance essential for effective conservation. This study used GBIF
tree records and climatic, soil topographic, and land cover variables to model the distributions of
three dominant tree species: Napoleonaea leonensis, Myrianthus serratus, and Penianthus
patulinervis. Habitat suitability was predicted using MaxEnt, while Zero-inflated Poisson models
estimated abundance, and the combined results were used to assess richness and identify
conservation gaps. Suitability peaked in the southern forest zones, but abundance patterns revealed
gaps across the PA network. Model performance was high (AUC 0.93-0.66; TSS up to 0.85), with
Penianthus patulinervis showing the strongest abundance model (pseudo-R2 = 0.63). A composite
index of suitability and abundance identified 23.5 million ha of conservation hotspots, but only
30% fell inside PAs. These findings highlight significant protected gaps and provide an evidence-

based framework for prioritizing the conservation of Ghana’s dominant forest species.
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ABSTRACT

Understanding the spatial distribution and abundance of tree species is critical for the conservation of biodi-
versity in Ghana's rapidly declining forests. This study applied Species Distribution Models (SDMs) to assess
habitat suitability, abund p species rich , and conservation gaps of three dominant tree species,
Napoleonaea leonensis, Myrianthus serrarus, and Penianthus parulinervis, within the semi-deciduous and evergreen
humid forest zones of Ghana. Tree occurrence records were compiled from the Global Biodiversity Information
Facility (GBIF) database and used as input data for the modeling. Environmental variables, including bioclimatic
variables, land cover, topography, and soil properties, were obtained from various online platforms. Habitat
suitability was modeled for all three dominant species using the MaxEnt algorithm after correlation and Variable
Inflation Factor (VIF) filtering to minimize collinearity. Zero-inflated Poisson (ZIP) models were used to estimate
the abundance, while species richness was derived from stack suitability and abundance predictions. MaxEnt
suitability models perfonned sm:ngly across species. Area under Curve (AUC) ranged 0.93-0.96 for Myrianthus
serratus and N Threshold-based metrics were also high (Kappa: Napoleonaea leonensis 0.72,
Myrianthus sarams 0.74, memulmpandumvns 0.82; True Skill Statistics (TSS): Napoleonaza leonensis 0.76,
Myrianthus serrarus 0.85, F linervis 0.85). Abundance dels showed good expl Yy power
02.83 Myrianth 0.475, Peniantiu linervis 0.632; Akaike Infor-
mation Criterion (AIC) 484.14, 335.73, and 185.87, respectively). Species ridm& indicated stronger values
inside Protected Area (PAs) than outside (mean richness 0.102 inside vs. 0.019 outside). The composite con-
servation index delineated 23,536,682 ha of hotspot areas with 6,984,6670 ha (30 %) within PAs, highlighting
pmtecllon gaps in unprotected forest areas. By integrating suitability, abundance, and richness, this study

an based fi rk to guide prioritization and strengthen forest management activities in
Gham.

1. Introduction

trade (Lewis et al., 2015). This ecosystem faces accelerating pressures
from agricultural expansion, logging, mining, and climate change,

Tropical forests are among the most species-rich ecosystems on Earth
and play a vital role in maintaining biodiversity, regulating climate, and
supporting human livelihoods (Poorter et al,, 2015; Vancutsem et al,
2021). Although they cover <10 % of the planet’s land surface, they
harbor more than two-thirds of terrestrial biodiversity and provide
ecosystem services that extend beyond their geographic boundaries
(Giam, 2017). Their carbon storage capacity makes them essential for
global climate regulation, while their cultural and economic importance
is reflected in people’s reliance on forest products for subsistence and

® C.ormq_)ondlng author.

driving deforestation, degradation, and fragmentation at alarming rates
(FAO, 2020). In the face of these global challenges, localized studies in
tropical forests, such as those in Ghana, have become critical for
developing targeted conservation strategies. Ghana's experience of
rapid deforestation and ecosystem degradation mirrors global patterns,
making it an ideal case for understanding and addressing the broader
challenges facing tropical forests worldwide.

Once covered by a vast, evergreen, semi-deciduous forest that forms
part of the Upper Guinean biodiversity hotspot, Ghana has undergone
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severe forest loss and degradation over recent decades. Between 2000
and 2019, the country recorded one of the highest rates of primary forest
loss in the tropics (Vancutsem et al. 2021} Agricultural expansion,
particularly cocoa farming, along with logging and mining, has reduced
forest extents, altered species composition, and disrupted ecological
processes critical to long-term forest resilience (Foley ef al, 2005
Acheampong et al., 2019). Linking these local patterns to the global
biodiversity crisis underscores the urgency of developing and applying a
comprehensive species distribution modeling (SDM) approach for tree
species in Ghana, which will contribute to local conservation efforts and
introduce a methodology that can be adapted for global tropical forest
conservation, addressing both  biodiversity and climate change
challenges.

Despite the recognized importance of tropical forests, research in
West Africa has paid limited attention to modeling tree species distri-
butions, particularly those that are ecologically dominant and central to
ecosystem functioning (Cuni-Sanchez et al., 2021), SDMs are computa-
tional tools that predict species distribution across geographic areas
based on environmental and climatic variables (Zizka et al., 2021}, By
statistically linking species occurrence records to environmental vari-
ables, SDMs can identify areas of suitable habitat, predict distributional
shifts under climatic and environmental changes, and inform spatial
conservation prioritization (Elith and Leathwick, 2009). In tropical re-
gions, approaches, such as MaxEnt, are particularly valuable given the
scarcity of absence data and the challenges of exhaustive sampling
(Merow et al, 2013). However, despite their demonstrated potential,
most applications of 3DMs in tropical regions have concentrated on
maodeling the distribution of animal species, particulary mammals and
birds (Geldmann et al,, 2013; Freeman et al., 2019). This taxonomic
imbalance risks skewing conservation priorities towards fauna while
neglecting the plant communities that underpin ecosystem function
(Chazdon, 2008), Additionally, existing SDMs, particularly in West Af-
rica, have given limited attention to spatial abundance patterns and
multi-species richness, which are critical for effective conservation
planning. Recent studies on tropical forest conservation, such as those
by Marshall et al. (2021) and Qazi et al. (2022), have called for more
comprehensive approaches that integrate habitat suitability, abun-
dance, and richness into conservation frameworks. Therefore, this study
seeks to respond to these calls.

Although few tree-focused SDMs have been attempted, they face
some challenges. For instance, plot data for trees are often spatially
biased towards accessible locations, limiting model representativeness
(Beck et al, 2014). In addition, environmental drivers, such as soil
properties, disturbance regimes, and microclimatic varability, ane
difficult to capture at broad scales, and habitat suitability predictions do
not necessarily translate into abundance or demographic viability
(Valladares et al., 2014). These limitations highlight the need for ap-
proaches that go beyond binary presence and absence outputs to models
that integrate abundance, richness, and conservation coverage, thus
generating outputs directly applicable to forest management and

To address these gaps, this study focused on modeling three well-
documented, functionally important tree species of Ghana's moist for-
ests: Napoleonaea leonensis, Myrianthus serratus, and Penianthus pamli-
nervis, selected because their ecology and regional distributions are
comprehensively treated in West African floras and Ghana forest ecol-
ogy, and because their uses underscore management relevance
(Hawthorn and Jongkind, 2006; Addo-Fordjour et al, 2022). For
instance, Myriants serrotus supports primates and large herbivores
through its fruit production (Oates ot al., 2000), whereas Napoleanaoea
leonensis contributes to understory diversity and regeneration dynamics
(Hall and Swaine, 1981). Penianthus patulinervis, a widespread liana,
influences forest architecture and competition dynamics (Camphbell,
2005). Beyond their ecological significance, these species are widely
distributed in the high forest zones of Ghana, including the evergreen
and semi-deciduous moist belts, representing the main forest ecosystems

Tress, Farests ond People 22 {3025) 101019

of the country, according to the vegetation data explored from the GBIF
database (Aszarc, 2021). The strategic focus on these species allows this
study to address these critical gaps in SDMs while generating insights
directly applicable to conservation and forest management in Ghana and

Based on this rationale, this study aimed to model the current suit-
ability of the three dominant spedes using presence records and the
MaxEnt algorithm with predictors such as climatic, land cover, topo-
graphic, and edaphic conditions, providing a nationwide suitability
map. The study also sought to estimate spatial abundance patterns by
integrating plot occupancy and abundance data with suitability pre-
dictions, advancing the SDM methodology by moving bevond presence-
only suitability outputs to more ecologically realistic measures of spocies
dominance and viability. Additionally, we sought to map species rich-
ness and assess conservation representation by overlaying predicted
distributions with Ghana’s protected area network, directly informing
conservation planning by identifying where tree diversity is safeguarded
and where critical gaps remain. Finally, we identified compaosite priority
areas for preservation by integrating suitability, abundance, and rich-
ness into a single framewark.

By integrating habitat suitability, abundance estimation, spocies
richness mapping, and conservation gap analysis into a single frame-
work, this study makes novel contributions to tropical forest research
and practice. The study represents a nationwide contribution of tree-
focused SDMs for ecologically dominant species, addressing long-
standing taxonomic biases in West African conservation, and demon-
strates methodological advancements that link habitat suitability to
abundance and multiple species richness.

2. Materials and methods
21. Swudy area

The study was conducted in Ghana, a West African country bordered
by Burkina Faso to the north, Céte d'Ivaire to the west, Togo to the east,
and the Gulf of Guinea to the south (Fig. 1), featuring a coastline of
approximately 555 km (Kusi, 2025). Geographically, Ghana lies be-
tween 7.9465° N and 1.0232° W and covers a total land area of 238,539
km? (Armah et al., 2011). The terrain has a mean elevation of 190 m,
ranging from sea level on the Atlantic coast to 885 m on Mount Afadjato,
the highest peak in the country. Administratively, Ghana is divided into
16 regions and has a population of approximately 30.8 million, growing
at an annual rate of 2.2 % (CGhana Statistical Services, 2021). The
country has a tropical climate, with high temperatures and alternating
wet and dry seasons. The mean annual temperature ranges from 26.1 “C
to 28.9 “C. Rainfall is highest in the southwestern town of Axim (2159
mm,year), gradually declining northward to 1016-1270 mm and
dropping further to 762-1016 mm in the northeast part of the country.
Ecologically, the country comprises two main vegetation zones: tropical
forests and savannah zones (Wagner and Cobbinah, 1993). The forest
zone covers approximately 44 % of the land area and includes Wt
Evergreen, Moist Evergreen, Upland Evergreen, Moist Semi-Deciduous,
and Dry Semi-Deciduous forests. The savannah zone covers about 56 %
and consists of the Transition zone, the Guinea savannah, the Sudan
savannah, and the Coastal savannah types.

The High Forest Zone is dominated by agroforestry systems with
economically important tree crops, such as cocoa, oil palm, rubber, kola,
and coffee. Guinea savannah is characterized by farmland that contains
species such as Virellaria paradoxa (shea tree) and Parkio biglobosa (Af-
rican locust bean tree). Common native tree species across these eco-
systems include Celtis senkert, Celtis milbraedii, Triplochiton scleroxylon,
Sterculin rhinopetala, Funtwmio elastica, Baphia nitida, Cleidion gabonicum,
Nesogordonia papaverifera, Hymnostegia afselii, Turraenthus africanus,
Trichilia prieuriana, Myrianthus serrans, Napoleonaea leonensis, and Pen-
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Fig. 1. Map of Ghana showing administrative regions (left) and the location of Ghana within Africa (right). The map (left) highlights intemational boundaries and

the main regional divisions.

2.2. Vegetation occurrence data processing and dominant species
identification

Vegetation occurrence data for all trees in Ghana were obtained from
the Global Biodiversity Information Facility (GBIF; www.gbif.org) and
accessed on March 8, 2025. The downloaded records included the spe-
cies name, geographic coordinates, and source metadata. All duplicates
and entries with questionable geographic coordinates were removed to
ensure data quality. To address spatial clustering and sampling bias
commonly associated with aggregated biodiversity records, especially
from open databases such as GBIF, we applied a spatial thinning algo-
rithm at 1 km resolution using the **spThin** package in R Studio
software (Aicllo-Lammens et al., 2015). This process resulted in 9716
tree occurrence records in Ghana. To ensure standardization of spatial
resolution and align with landscape-scale conservation analysis, circular
plots with a radius of 28.2 m corresponding to an area of 0.25 hectares
were created, resulting in around 282 plots across the study area. This
plot size aligns with the common forest monitoring standards in West
Africa and balances the need for ecological resolution with computa-
tional scalability (Chave et al., 2003).

The plot occupancy approach was adopted, which is defined as the
number and proportion of 0.25 ha plots where the species is present.
This was used as a proxy for relative abundance and distributional
dominance. Although presence-only data do not capture true abun-
dance, the plot-based occupancy metric offers a spatially interpretable
measure of the prevalence of a species at the national scale. This
approach is widely used in species distribution modeling (Elith and

Leathwick, 2009). Based on the plot occupancy framework, the top three
spatially distributed species across 0.25 ha plots were Napoleonaea leo-
nensis, Myrianthus serratus, and Penianthus patulinervis. These species
span diverse ecological niches and functional groups within Ghana's
forest ecosystems.

2.3. Environmental variables and preprocessing

Environmental variables were selected as predictors to represent the
ecological constraints influencing species distribution across Ghana.
These variables capture key climatic, topographic, edaphic, and land
cover characteristics relevant to the environmental niches of the
modeled tree species (Phillips et al.. 2006). All environmental layers
were processed and harmonized to ensure spatial projection, resolution,
and extent consistency. Nineteen bioclimatic variables (BIO1-BI019)
were obtained from the WorldClim v2.1 database (hitps://www.wor
ldclim.org/data/bioclim. himl) at 30 arc-seconds (~1 km) resolution.
These bioclimatic variables (Table 1) represent long-term (1970-2000)
averages of temperature and precipitation patterns, including measures
of seasonality and extreme climatic conditions known to influence plant
physiology and distribution (Fick and Hijmans, 2017; Hijmans et al.,
2005).

Topographic variables were derived from the Shuttle Radar Topog-
raphy Mission (SRTM) Digital Elevation Model (DEM) at 30 arcseconds
(~1 km), accessed through the geodata package in R Studio. Additional
variables, including slope and aspect, were calculated from this eleva-
tion dataset. These variables capture local variations in terrain and
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Table 1
Description of environmental variables preliminarily selected as predictors.
Label Variable Unit
it Anmual mean bemperature o
BIO2 Mean diurnal range [mean of manthly (max- oE
femp - min-bemp]]
BlIO3 Isothermality (BIO2/BIOT) = 100 %
BIOW Temperature ity (standard deviation) x = %
100
BIOS Maximum temperature of the warmest manth o
Bl Minimum temperature of the coldest month o=
BIO7 Anmual temperature range (BIOS - BIOG) =
BIOE Blean temperature of the wettest quarter =
jritec Mean temperature of the driest quarter o
BIO1d Mean temperature of the warmest quarter o
Bl Mean temperature of the coldest quarter s
BlO12 Annual precipitation mm
BlO13 Precipitation of the wettest month mm
BIO14 Precipitation of the driest month mm
BIO15 Precipitati iy et of mm
variation}
BIO1& Precipitation of the wettest quarter mm
BlO17 Precipitation of the driest guarter mm
BlO1a Precipitation of the warmest quarfer mm
BIO19 Precipitation of the coldest quarter mm
Elevation Ebevation m
Slape Slope m
Aspect Aspect Deg
SailpH SailpH pH =
10
Sail organic carbon Soil organic carbon density t/ha
density
Soill texcture (sand, silt, S0l texture Gikg
day)
Forest cover Forest cover N/A

microclimate relevant to forest structure and the spatial distribution of
species.

Soil variables were sourced from the SoilGrids database (ho
pss/soilgrids.org/) at an original resolution of 250 m, including soil
pH, soil organic carbon density, and soil texture fractions (clay, silt, and
sand content). These layers were projected and resampled to align with
the 1 km resolution of the climate layers using bilinear interpolation to
preserve continuous variation. A binary forest cover raster (forest and
non-forest) was also resampled to mateh all layers and included, derived
from the national land cover data from Njomaba et al. (2025), to account
for vegetation structure and land cover. This variable served as a proxy
for habitat type and anthropogenic disturbance. All environmental
variables were re-projected to WGS 84/UTM Zone 30 N, masked to the
national boundary of Ghana, and stacked into a unified raster brick for
maodel fitting.

2.4, Variahle selection and multicollinearity

We conducted a multicollinearity assessment and feature selection
before modeling to improve model interpretability and reduce over-
fitting. A Pearson correlation matrix was computed among the contin-
uous environmental predictors to visualize pairwise relationships and
identify highly correlated variables. In addition, we applied the Vari-
ance Inflation Factor (VIF) method to detect multicollinearity. Variables
with a VIF greater than 10 were considered to exhibit strong collinearity
and were excluded from the modeling process, following common
ecological modeling practice (Guisan et al., 2017; Dormann et al., 2013).

After the multicollinearity test, variables greater than 10 were
removed because of their strong correlation with other variables. These
include 11 continuous variables: BIO1, BIO2, BI04, BIOS, BIOT, BIOS,
BIO9, BIO10, BIO11, BIO12, and Elevation. Hence, the model was run
with 10 less correlated and more important variables: temperature
(BI03 and BIOG), precipitation (BIO13 and BIO19), edaphic (soil
organic carbon density, soil texture-sand, and soil texture-silt),

Trees, Forests and People 22 (2025} 101019

vegetation cover (forest), and topography (slope and aspect) (Table 2).
These variables were more relevant in characterizing the environmental
conditions related to species distribution. This approach is essential for
reducing the potential bias and variance inflation caused by collinear
variables, which has been widely adopted in ecological niche modeling
frameworks to improve model performance (Phillips et al., 2006).

2.4.1. Species distribution modeling using MaxEnt

A species distribution model was developed using the MaxEnt algo-
rithm, which is suitable for presence-only data and is widely recognized
for its robust habitat suitability predictions. MaxEnt was chosen over
alternative regression or machine-leaming approaches (e.g., GLMs,
GAMSs, Random Forest, etc.) because it requires relatively small sample
sizes and has consistently demonstrated high predictive accuracy. It is
also less prone to overfitting compared to other machine-learning ap-
proaches when appropriate regularization is applied, and it provides
interpretable response curves and variable contributions (Phillips et al,
2006; Elith and Leathwick, 2009). These strengths make the MaxEnt
particularly suitable for our dataset, which consists primarily of occur-
rence records without reliable absence data. In this study, the three most
dominant tree species were identified through occurrence frequency
analysis: Myrianthis serrotus, Nopoleonoea [eonensis, and Penioanthus

Table 2
Environmental variables used as predictors: selected after multicollineariry
analysis.

Label Variable Unit Description
BIO3 Lsothermality (BIO2/ % Evalusates how large the day-to-
BIOT) x 100 night temperature ocillates
relative 1o the annual
lEmpETAINCE range.
BIDG Minimmum . Dietermines the caoldest
temperature of the lemperalure & species
coldest month experiences anmually,
influencing survival Emits and
range boundaries.
BIOL S Precipitation of the mm Indicates water availability

wettest month during the peak rainy period,
critical for species dependent on

seasonal moishre.

BIO1SD Precipitation of the mm Helps to characterize how the
coldest quarter amount of precipitation during

the coldest quarter may affect

the distribution of the species.
Sail pH The {water) pH = Influences nutrient availability

10 an soil chemistry, affecting
species’ growth and distribution
based on soil acidity preferences.

Soil organic Organic carbon T/ha Represents sodl fertility and
carbon content in the soil organic matter, affecting species
density establishment and productivity.

Sail textures Sand content in sodl Grikg Impacts soil drainage and

sand aeration, which influences
speries’ root development and
wiater avadlability.
Soil-texture Silt content in sodl Grkg Affects il modisture retention
sl and mutrient holding capacity,
shaping species’ habitat
suitability.
Defines habital presence or
abs=ence, directly influencing
speries occurrence by providing
the necessary structural
environment.

Forest Forest cover MN/A

Affects soil erasion, wiater runoff,
aml microclimate, which can
restrict or fawvor species adapeed
1o certain terrain Steepness.
Dretermines sun exposure and
micraclimate variability,
influencing species distributions
sensitive to emperature and
mdsture gradients.

Slope Slope m
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pandinervis. Species occurrence points were spatially transformed to
align with environmental raster stack projections. Given the reliance on
presence-only data, a spatial blocking approach was employed to
partition the data into five spatial folds, improving the model evaluation
by accounting for spatial autocorrelation and providing robust
cross-validation (Roberts et al., 2017). Background points were gener-
ated randomly within a 30 km buffer surrounding all known occurrences
for each species, ensuring environmentally relevant pseado-absence
data for contrast in model training. Each dataset combined presence
(coded as 1) and background points (coded as 0) with extracted envi-
ronmental values from the filtered covariate set.

MaxEnt models were fitted using the Maxent package in R,
employing default regularization parameters to balance model
complexity and avoid overfitting. Five-fold spatial cross-validation was
implemented for each species based on spatially defined folds, ensuring
that the training and testing datasets were spatially independent.
Habitat suitability predictions were then generated for each tree species
by applying the fitted MaxEnt models across the country with environ-
mental raster layers. This resulted in continuous suitability maps rep-
resenting the relative likelihood of suitable habitat conditions at the grid
cell level, allowing for comparisons.

24.2. Model evaluation and variohle importance

The predictive performance of MaxEnt models was assessed using the
Area Under the Receiver Operating Characteristic Curve (AUC), a widely
accepted metric for evaluating species distribution (Pearson ef al., 2004;
Guisan and Zimmermann, 2000). To provide an unbiased assessment,
independent test datasets representing 25 % of the total oceurrence
points were used for model evaluation, following protocols from Elith
and Leathwick (2009). The AUC metric quantifies the ability of the
model to discriminate between the presence and background points
across all possible threshold values, It measures the probability that a
randomly chosen presence site is assigned a higher predicted suitability
than a randomly selected background location. An AUC of 1 indicates
perfect discrimination, whereas 0.5 corresponds to random performance
(Fhillips et al., 2006). In presence-only modeling frameworks, such as
MaxEnt, the absence data are replaced by randomly sampled back-
ground points. Therefore, the specificity and related Receiver Operating
Characteristic (ROC) interpretations differ from those of traditional
presence-absence models. Here, the false-positive rate (1-specificity)
corresponds to the fractional predicted area of the study region rather
than the true commission error, and the maximum achievable AUC is
often less than one (Jorge et al., 2007). Despite this, the AUC remains a
robust indicator of model discrimination ability. Sensitivity (true posi-
tive rate) and specificity (true negative rate) were computed over
thresholds to understand the model behavior across the prediction cut-
offs. Omission and commission errors were also examined to identify the
thresholds that effectively balance the prediction errors.

We generated response curves for each environmental predictor to
further assess the variable importance and model response, holding
other covariates at their mean values. This helped to visualize the
relationship between individual predictors and predicted habitar suit-
ability, facilitating the evological interpretation of the models. Jackknife
tests of variable importance were conducted to evaluate the contribution
of each predictor to model gain and overall performance. These tests
involved sequentially removing variables to examine their impact on
model aceuracy. Model evaluation metrics were calculated within a
spatial blocking cross-validation framework to account for spatial
autocorrelation and improve generalizability (Roberts ot al, 2017). We
computed the mean AUC and Troe Skill Statistic (TS5) across folds, with
T55 providing a threshold-dependent measure of model accuracy that
balances sensitivity and specificity (Allouche et al, 2006). The optimal
T55 was determined by testing the thresholds from 0.1 to 0.9 and
selecting the value maximizing TS5, Summary statistics of the model
performance were compiled for the three dominant tree species.
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2.5 Species richness mapping and protected orea analysis

Continuous habitat suitability maps generated with MaxEnt for the
three dominant species were converted into binary presence-absence
maps to assess spatial patterns of species richness. Specific thresholds
were applied based on model evaluation metrics to optimally differen-
tiate suitable from unsuitable habitats (Liv et al., 2016). These binary
maps were combined and summed to create a species richness raster
representing the number of species predicted to co-oceur in each spatial
unit (Freeman and Moisen, 2008). The raster of species richness was
visualized to identify biodiversity hotspots across Ghana. To assess
conservation coverage, a richness map was overlaid with protected area
boundaries from the Protected Planet database (hotps:Swww pro
tectedplanet.net/en), which provides the most current and compre-
hensive global protected area data. Summary statistics, including the
mean and maximum species richness inside and outside protected areas,
were computed to evaluate the representativeness of the protected area
network for the target species (Joppa and Plaff, 2009). Hotspots were
defined as grid cells where all three species overlapped (richness = 3),
highlighting priority conservation areas, and the proportion of hotspots
falling within protected areas was calculated to estimate conservation
effectiveness (Myers et al., 2000).

26, Species abundance estimation and uncertainty mapping

To estimate the spatial patterns of population abundance for Ghana's
dominant forest tree species, we employed Zero-Inflated Poisson (ZIF)
models. This approach is suitable for ecological count data exhibiting
excess peros, which is a common feature in plot-based species surveys
with patchy distributions (Zuur et al., 2009). ZIF models combine a
binomial process (modeling presence vs. absence) with a Poisson process
(modeling counts conditional on presence), offering improved flexibility
for sparse datasets. We aggregated species occurrence data at a 10 km =
10 km grid, computing abundance as the count of individuals per species
per grid cell. Environmental variables were extracted from the raster
layers, including bioclimatic variables, edaphic factors, and forest cover.
All variables were resampled to a consistent resolution before model
fitting. For each top species, we fit the ZIP models with both the count
and zero-inflation components using all available covariates. Model
performance was evaluated using the Akaike Information Criterion
(AIC) and psmdcl-llz.

We implemented bootstrap resampling (n= 50 iterations) for un-
certainty quantification for each species. In each iteration, a ZIF model
was refit on a bootstrapped dataset and used to predict abundance across
the landscape. The resulting predictions were summarized by computing
the mean, standard deviation, and coefficient of variation across all it-
erations to provide spatially explicit estimates of the model uncertainty.
These uncertainty maps were used to assess the spatial robustness of the
predictions, highlighting both  high-confidence regions and  areas
requiring caution owing to prediction instability. This approach aligns
with best practices in ecological modeling, where quantifying unoer-
tainty is critical for informing conservation decisions (Oliver et al,
2015; Dormann et al., 2008).

2.7, Priority conservation areas and protection gops

High-priority areas for dominant forest tree species were identified
by developing a composite index that integrates habitat suitability and
predicted abundance through a multiplicative approach, supporting
spatial conservation planning. This approach combines the suitability
models from the SDM and the abundance from the ZIF model to reflect
habitat values comprehensively (Oliver et al., 2015). Raster layers of
predicted suitability and abundance were multiplied for each species
after aligning their spatial resolution. The resulting composite index
raster reflects the grid level where both suitable environmental condi-
tions and high expected abundance coincide. To identify spatial
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hotspots, we calculated the 90th percentile threshold of the composite
index across the landscape and designated all values abowve this
threshold as priority areas. This top 10 % subset corresponds to the most
valuable ecological zones of the species.

3. Results
3.1. Dominanr forest tree species across Ghana

A total of 282 unique (L25-hectare circular plots were used to
calculate the number of plots where each species occurred. Out of the
1756 recorded tree species, we identified the five most dominant species
occurring across Ghana. Napoleonaea leonensis was the most widely
occurring species in 51 plots (18.1 %) of all records. Myrionthus sernones
was followed by 39 plots (13.8 %), and Penianthies patidinervis appeared
in 18 plots (6.4 %). Two species, Rinorea welwitschia and Peperomia
fermandopoiana, occurred in four plots (1.4 %) and three plots (1.1 %),
respectively (Fiz. 2). These results indicate a relative prevalence, iden-
tifying the most distributed forest tree species in Ghana.

3.2, Muodeled habirar sudtability for the three most dominanr ree species

Habitat suitability models were generated for the three most domi-
nant species identified across the country: Myrianthus serrams, Napo-
leonaea leonensis, and Penigntiues parlinervis. The predictions represent
the spatial distribution of suitable habitats derived from environmental
variables using the MaxEnt algorithm. Myrianthus serrarus (Fig. 3A)
showed high habitat snitability, primarily in the southern forest zone,
particularly in Ghana's southwestern and southeastern regions. These
regions exhibit dense forest cover and high annual rainfall, aligning with
the species’ ecological preferences. Napoleonaea leonensis (Fig. 3B)
showed broader habitat suitability, covering the central and western
parts of the country. This suggests a wider environmental niche under
varying climatic and edaphic conditions. Pendanthus pandinarvis (Fig. 3C)
generally exhibited low suitability patterns, with high suitability areas
concentrated in the southernmost parts of the country. These spatial
predictions provide insights into the ecological distribution of key forest
species and offer a spatial framework for the conservation and moni-
toring of forest ecosystems across Ghana.

Napoleonaea laonensis

Myrianthus serratus

Penianthus patulinervis

Species Name

Rimorea welwitschii

Peperomia fernandopoiana

(=]

10
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3.2.1. Mode performance and ewaluarion

Amn evaluation and performance of the modeling for all three species
was performed, where the distribution models for Myranthus serrarus,
Penianthus pandinervis, and Napoleonasa leonensis performed well across
all three evaluation metrics, such as the AUC, Kappa, and TS5 (Fig. 4.
AUC wvalues were consistently high, ranging from 0,93 (Nopoleonoea
leonensis) to 0.96 (Myrianthus serratus), indicating good discrimination
between suitable and unsuitable areas. Kappa wvalues, which seek to
quantify the agreement between predicted and observed pre-
sence-absence beyond chance, ranged from 0.7 2 (Nepoleonzea leonensis)
to (.82 (Penigntfues panedinervis), with (Myrianthus serrams) at 0.74. TSS
values followed a similar pattern, ranging from 0.76 (Napoleonaea leo-
nensis) to 0.85 (Myrianthus serranes and Pendanthus parulinervis), con-
firming good predictive accuracy and balance between sensitivity and
specificity. Error bars indicate some variability across cross-validation
runs, but the relatively narrow range for AUC compared to Kappa and
TSS suggests that the discrimination ability was more stable than the
threshold-dependent metrics. Overall, Myrianthus serratus achieved the
highest AUC, Penianthaes parufinervis achieved the highest Kappa, and
Myrianthus serratus and Pendanthus patulinervis shared the highest TSS.

3.2.2 Varioble importance

The jackknife test of variable importance (Fig. 5) revealed differ-
ences in the contributions of the environmental predictors to the habitat
suitability models of the three siudied species. For Napoleonzea leo-
nensis (Fig. 5-A), the most influential variables were sodl texture (silt and
sand), slope, and bio 19 (precipitation of coldest quarter), with sub-
stantial contributions from forest cover and soil organic carbon density.
In Myrianthus serratus (Fig. 5-B), soil texture (sand), slope, forest cover,
and temperature-related variables (bio 6: minimum temperature of the
coldest month and bio 19) were the dominant predictors. For Penignthes
pandinervis (Fig. 5-C), slope, soil texture (sand), forest cover, and bio &
were the most significant variables. Overall, soil texture, slope, forest
cover, precipitation, and some temperature-related bioclimatic vari-
ables consistently influenced model performance across species,
although the magnimde of their influence varied.

3.2.3. Response curves
The response curves (Fig. &) illustrate how the probability of a

20 30 40 50

Number of 0.25 ha Plots

Fig. 2. Plot occupancy of the five most dominant forest tree species across Ghana, The bar chart shows the number of 0.25-hectare plots (out of 182 total) in which

each species was recorded.
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Fig. 3. Spatial habitat suitability predictions: (A), (B), and (C) illustrate the model outputs for the three focal species across Ghana. The color intensity reflects the

predicted suitability (low= dark blue, high= yellow).

suitable habitat changes along the gradients of the top four environ-
mental variables for each species, as identified by the jackknife test of
variable importance (Fig. 5). For Myrianthus serrarus, habitat suitability
increased steadily with greater forest cover, whereas suitability declined
with increasing values of BIO19 and Soil texture (silt). Suitability also
increased moderately with slope, reaching maximum values at mid-
range slope gradients. Suitability for Napoleonaea leonensis was highest
at intermediate values of BIO3 and BIO6, with forest cover positively
associated with habitat suitability. In contrast, BIO19 exhibited a
negative relationship with suitability, with higher precipitation during
the coldest quarter linked to reduced habitat suitability. For Penianthis
patudinervis, suitability declined with increasing BIO6 and BIO19 values.
In contrast, forest cover and slope showed positive associations with
suitability, with the highest probabilities observed in dense forest areas
and moderate-to-steep slopes. Overall, the response curves reflected the
variable importance patterns identified in the jackknife test, high-
lighting the combined influence of climatic variables (temperature and
precipitation), habitat structure (forest cover), and topographic features
(slope) in shaping species-specific habitat suitability.

3.3. Abundance estimation

3.3.1. Predicted alundance maps and model performance

The ZIP abundance models predicted the spatial patterns of tree
abundance across Ghana for the three focal species (Vg 7). Penianthus
pandinervis exhibited the highest predicted abundances, with high-
density areas concentrated in the country’s southwestern and central
forest zones. Myrianthus serranes showed moderate abundance patterns,
with hotspots appearing in fragmented forest landscapes and transi-
tional forest zones. In contrast, Napoleonaea leonensis displayed more
patchy abundance distributions, with fewer areas of high predicted
density.

Model evaluation statistics (Table 3) revealed differences in predic-
tive performance among species. Penianthus patulinervis achieved the
best fit, with the lowest AIC (185.87) and the highest pseudo-R? (0.632),
indicating strong explanatory power and reliable spatial predictions.
Myrianthus serraus followed, with a pseudo-R? of 0.475 and an AIC of
335.73, suggesting a moderate predictive strength. Napoleonaea leo-
nensis had the weakest model performance (pseudo-R’= 0.273, AIC=
484.14), reflecting greater unexplained variation in its abundance esti-
mates. Overall, these results indicate that abundance prediction accu-
racy was highest for species with broader and distinct environmental
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Fig. 4. Model performance metrics (AUC, Kappa, and TSS) b Myriontues serrots, Penfonthue potulinends, and Nopoleonoen feonensis. Error bars represent the

standard deviation across replicates.

niches and lowest for species with narrower or more fragmented habitat
distributions.

3.3.2. Abundonce model wuncert@ngy

To assess the reliability of the predicted abundance patterns, coef-
ficient of waration (CV) maps were generated for each species
(Figure B1, A-C). These maps indicate the relative uncertainty across the
predictions of the 2P abundance models. Uncertainty was generally Low
across most of the high abundance areas for Myranthus serrars, more
spatially variable for Napoleonaea leonensis, with moderate to high CV
values throughout predicted suitable areas, reflecting greater model
sensitivity to environmental conditions for this species, and minimal
uncertainty for Penignufus panlinervis in the central-southem regions of
high predicted abundance, but increased towards the northern and far
eastern areas, consistent with lower occurrence densities in these
regions.

3.4, Species rchness and conservarion fodtspods

The spatial pattern of species richness (Fig. B) revealed that areas of
highest predicted co-occurrence of the three priority species were
concentrated in the southwestern forest zone of Ghana, particularly
Along the moist evergreen region and the transition belt. The maximum
richness reached three species per grid cell, although maost of the country
had zeros or one species. With protected area (PA) data overlaid, richness
hotspots were found inside and outside PAs, although a greater pro-
portion of richness occurred in PA boundaries. The mean predicted
richmess inside PAs (0.102) was more than five times higher than that
outside PAs (0.019), and the maximum observed richness inside PAs
(three species) exceeded that outside PAs (two species) (Table 4). At the
individual PA level, the Atewa Range Forest Reserve had the highest
mean richness (2125) and the maximum possible richness of three

species, followed by Neung South (mean 1.286, max 3], Jama Asemk-
rom (mean 1.5, max 2), and Cape Three Points (mean 1.25, max 2).
Several other PAs, such as the Boin River, Bobiri, and Abisu, also sup-
ported high local richness (> 2 species max) (Table A1), despite rela-
tively small areas. In addition, most PAs, particularly those in the
northemn savannas, had predicted richness values of zero.

3.5, Priority areas based on suitabiling and abamdance

The compaosite index, derived from the predicted habitat suitability
and estimated abundance, identified priority conservation areas
concentrated primarily within Ghana's southwestern and south-central
parts, with smaller patches occurring along the eastern portion of the
country (Fig. 9). These high-index areas generally correspond to regions
of high species co-occurrence and abundance aligned with known
forested landscapes and biodiversity-rich zones. The total extent of
hotspot areas (defined as pixels within the upper range of the composite
index) was 23,536,682 ha, of which 6,984,670 ha fell within existing
protected areas. This represented 30 % of the identified hotspot areas
under protection (Table 5). The remaining 70.3 % of hotspois were
located outside the protected area, indicating gaps in conservation
COVETRge.

4. Discussion

This section provides an integrated spatial assessment of habitat
suitability, abundance, and richness patterns for key forest tree species
in Ghana, combining vegetation data obtained from a database and
environmental predictors to identify priority conservation areas. The
approach, which integrated MaxEnt habitat suitability models, plot
occupancy-based abundance estimation, and species richness mapping,
revealed patterns in Ghana's forest biodiversity distribution and the
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degree to which these areas are represented in current protected areas.

4.1. Dominance and distribugion of key forest species

Out of the 1756 forest tree species recorded, Napoleonaea leonensis,
Myrignthus serranis, and Perdanihus pendinervis were the most dominant,
occurring in 18.19 %, 13.8 %, and 6.45 % of plots, respectively.
Dominance in this context reflects a high frequency of occurrence and
bromd spatial distribution, which are often used as indicators of
ecological resilience, competitive advantage, or adaptation to a wide
range of environmental conditions (Grime, 1998; Magurran and MeGill,
2011} The presence of Nopeonoea leonensis and Myrianthus sermanes
suppaorts earlier findings from West African floristic surveys, where these
species are reported among the common species of moist evergreen and
semi-decidoous forest assemblages (Hawthom and Jongkind, 2006).
Their prevalence may be attributed to their tolerance to different soil
types, effective seed dispersal mechanisms, and adaptability to primary
and secondary forest conditions (Schupp et al, 2010). The broader
distribution of Nagpoleonaea leonensis across wet evergreen and moist
semi-deciduous forests in Ghana suggests broad ecological coverage, a
pattern also observed in Guinea and Liberia, which could make it less
vulnerable to localized habitat changes (Hutchinson and Dalziel, 1928)

In contrast, Penianthus parufinervis showed a more geographically
resiricted  distribution in the southermmost forested areas. Such

restrictions on their distribution may result in narrower habitat re-
quirements, potential sensitivity to environmental change, or depen-
dence on specific microhabitats. Species with limited ranges are often at
A higher risk of habitat loss and fragmentation (Schupp et al, 20010,
making it & potential conservation concern despite not being rare where
it oceurs. Overall, the dominance patterns observed suggest that while
widespread species may be more resilient to environmental change,
range-restricted dominant species could act as early indicators of
ecological stress, necessitating closer monitoring.

4.2 Habirgr suirability and emvironmental drivers

The MaxEnt models showed strong discrimination across the three
species modeled and broadly consistent inference about the role of
climate, habitat structure, topography, and soils. For instance, the
importance of temperature and precipitation in our models, particularly
variables related to the minimum temperature of the coldest month
(BIO&), isothermality (BIO3), and precipitation of the coldest quarter
(BIO19), is consistent with similar research in the context of Ghana,
showing that tree distributions are strongly associated with rainfall
seasonality, isothermality, and temperature seasonality (Amissah et al.,
201 4). Similar bioclimatic variables (BIO6 and BIO19) have been among
the top predictors in other species distribution modeling across some
African countries, underscoring their ecological significance for tropical
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Fig. 6. Response curves showing the relationship between habitat suitability and the top four environmental variables for each species as determined by the
Jjackknife test of variable importance. The red line represents the predicted probability of suitable conditions, and the shaded area indicates the variability across the

prediction range.

taxa (Zhao et al., 2024; Mkala et al., 2023, and Abuhay et al., 2025). In
addition to the importance of these key bioclimatic variables, habitat
structure in the form of forest cover is necessary for species distribution
modeling. The positive association observed with forest cover aligns
with the general pattern that land cover and vegetation structure are
strong and significant predictors in MaxEnt habitat models (Wilson

et al, 2013). In Ghana, recent works have emphasized how changes in
forest cover shape biodiversity pattems and should be integrated into
distribution modeling analysis (Marshall et al., 2021). The emergence of
forest cover for model predictions of all three species underscores the
role that forest structure plays in regulating microclimates and buffering
species from microclimatic variability. Ewers and Banks-Lelte (2013)
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Fig. 7. Predicted abundance maps from zero-inflated Poisson (ZIP) models for Myrianthis serratus (top left), Nopoleonaea leonensis (top right), and Penianthus
patilinervis (bottom). Warmer colors indicate a higher predicted abundance.
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Table 3
Performance metrics for ZIP abundance models showing Akaike Information
Criterion (AIC) and pseudo-R? values for each species.

Species AlC Pseudo-R?
Napoleonaea leonensis 484.14 0.273
Myrianthus serratus 335.73 0.475
Penianthus patulinervis 185.87 0.632

showed that forest fragmentation disrupts this buffering effect,
increasing temperature extremes at the edges. Similarly, Ismace! ot al.
(2024) demonstrated that understory temperatures are significantly
cooler and more stable when buffered by the canopy and temperature.

The spatial configuration of habitats is further shaped by topog-
raphy, which modifies climatic influences and habitat structures at finer
scales. Topography, measured as slope, was informative for Myrianthus
serratus and Penianthus patulinervis. Similar to findings from West and
Central Africa, this reflects how topographic heterogeneity structures
species composition by influencing drainage patterns, soil depth, and
microclimatic stability, while also providing sheltered areas that protect
species from environmental disturbances (Addo-Fordjour et al., 2022).
In Ghana, slope interacts with forest-use and logging history to shape
community composition, further explaining its predictive value
(Duah-Gyamfi et al., 2014). These topographic gradients are linked to
edaphic variations, which also account for why soil properties,
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particularly soil texture, have emerged as significant predictors of spe-
cies distribution. They regulate rooting conditions, water retention, and
nutrient availability, directly constraining species’ realized niches
(Fayolle et al., 2012). The importance of soil texture across species
corroborates the findings of Eiserhardt et al. (2011), who showed that
integrating geological and soil data into SDMs improves model realism,

particularly in heterogeneous tropical landscapes.

4.3. Abundance patterns and model uncertainty

Spatial abundance predictions highlighted a pronounced concen-
tration of high-abundance areas in the southern forest zone, particularly
in protected forest reserves and moist evergreen belts. This pattern is
consistent with the role of intact canopy cover and reduced anthropo-
genic disturbance in sustaining mature forest tree populations (Laurance

Table 4
Summary of mean and maximum species richness inside and outside
Ghana's protected areas.

Metric Value

Mean richness in protected areas 0.102

Mean richness outside protected areas 0.019

Maxi ichi inp d areas 3.000

Maxi ich sid P d areas 2.000
N

Species Richness

0* 1°E

Fig. 8. Predicted species richness with PA boundaries.
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Fig. 9. Composite priority areas in Ghana based on predicted habitat suitability and estimated abundance of target species. Warmer colors Indicate higher priority

scores, and black outlines represent existing protected areas.

Table 5
Summary of hotspot area coverage within Ghana, showing the total
extent, area within protected areas, and percentage protected.

Metric Value

Total hotspot area (ha)
Hotspot area in protected areas (ha)
Percentage of protected areas (%)

2011). In contrast, the predicted abundance was lower in frag-
mented or transitional forest zones, likely due to increased logging ac-
tivities, agricultural conversion, and microclimatic stress (

15). In assessing the performance of abundance prediction, uncer-
tainty analysis based on the coefficient of variation from
cross-validation predictions revealed spatially structured model uncer-
tainty. Low uncertainty values occurred in areas with dense sampling

and stronger environmental predictors, whereas higher uncertainty was
concentrated in regions with sparse plot coverage. This spatial pattern is
typical for species abundance estimates, where extrapolating poorly
sampled environmental space increases predictive variability (W
2012). From a conservation perspective, there is a need to
prioritize plot surveys or sample data in high-uncertainty zones to refine
abundance models, particularly where these areas overlap with poten-
tial biodiversity hotspots. For example, areas around the northern parts
of the predicted suitable habitat for Myrianthus serratus and Napoleonaea
leonensis fall within highly uncertain areas, meaning that management
decisions there would benefit from targeted ecological verification.

4.4. Species richness and representation in protected areas
Species richness patterns showed a south-to-north decline, with the

richest sites concentrated in the moist evergreen and semi-deciduous
forest zones of southern Ghana. Peak richness occurred in the Atewa
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Range, Meung South, and Boin River forest reserves, which are recog-
nized as biodiversity hotspots due to their unique geology, intact can-
opy, and high floristic coverage (Pooter ef al, 2015). Other reserves
such as the Asukoko River, Bobir, Togo Plateau, Jama Asembrom, and
Cape Three Points supported two of the three species, often in associa-
tion with heterogeneous terrain and riparian habitats that sustain
microclimatic stability. Analysis of richness in Ghana's protected area
network showed that protected areas had significantly higher richness
than unprotected areas. This is consistent with global evidence that PAs,
particularly forest reserves, act as refugia for biediversity by maintain-
ing canopy cover, limiting disturbance, and protecting key ecological
gradients (Geldmann et al., 2013).

While the richest zones, such as the Atewa Range, Neung South, Boin
River, and Bobiri, are formally protected, several moderately rich areas
lie outside the PA zones, including transitional forest zones and unpro-
tected riparian corridors. Such regions could provide critical connec-
tivity for species movement under climate change, a gap also observed
globally in tropical PA networks (Watson ef al., 2014).

4.5. Implication for forest bindiversity management

The integration of habitat suitability, abundance, and richness, as
well as conservation priority analysis (composite index), provides a clear
basis for strategic biodiversity management in Ghana's forests. Priority
should be given to protecting areas where intact canopies, favorable
topography, and optimal climatic conditions overlap, as these locations
are likely to serve as strongholds for multiple forest species under cur-
rent and future climates. Expanding protection to unreserved high-
richness hotspots and improving connectivity between fragmented
habitats are critical for maintaining ecological processes and species
persistence. Management should also incorporate adaptive monitoring,
focusing field verification on abundance hotspots with high uncertainty,
and ensuring that robust, spatially explicit data guides conservation
investments. Approaches such as community-managed forests, restora-
tion of degraded corridors, and integration of biodiversity priorities into
land-use planning can help bridge the existing protection gaps. In doing
s0, conservation strategies will be better positioned to safeguard forest
biodiversity against ongoing anthropogenic pressures and climate-
driven range shifts.

5. Conclusions

This study demonstrates the importance of applying SDMs to
ecologically dominant tree species in Ghana's tropical forests, where
tree species-focused modeling studies have been primarily limited. By
integrating habitat suitability, abundance estimation, and multi-species
richness into a unified framework, we provide nationwide maps for
three representative species: Napoleonoen leonensis, Myrianthus serratus,
and Penianthws patulinervis. These findings underscore three key contri-
butions. First, they address the longstanding taxonomic imbalance in
West African conservation planning by shifting the focus from fauna to
flora, thereby emphasizing the foundational role of tree communities in
sustaining ecosystemn functions. Second, they advanced SDM method-
ology by combining presence-only suitability predictions with abun-
dance and richness analysis, generating more ecologically realistic and
management-relevant insights. Finally, by overlaying modeled distri-
butions with protected area boundaries, this study provides an evidence-
based assessment of Ghana's conservation effectiveness, identifying
landscapes where biodiversity is at the most significant risk of under-
representation. Beyond Ghana, the methodological framework pre-
sented offers a transferable approach that can be adapted to other
tropical regions facing similar challenges of biodiversity loss, data
scarcity, and conservation trade-offs. This contributes to local forest
management and global debates on biodiversity conservation and
climate change mitigation.

While this study advances tree-focused SDM applications, some
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limitations remain. Data availability for rare or less-studied species
continues to constrain model accuracy, whereas the challenge of
capturing fine-scale ecological processes and disturbances reduces the
predictive precision. Additionally, this study relied primarily on ocour-
rence records from the GBIF, which, although valuable, reflect data
collected over varying perinds and spatial intensities. Future work
should prioritize conducting current field sampling of presence data and
complementing it with remote-sensing products and long-term ecolog-
ical data monitoring to improve model robustness and environmental
realism.

Ultimately, this study highlights the urgency and opportunity to
incorporate tree species into biodiversity assessments. Strengthening
such approaches is essential if tropical forests are to maintain resilient
ecosystems that sustain biodiversity, mitigate climate change, and sup-
port human well-being in the future.
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4.4. Effects of climate change on above-ground biomass modulated by forest
fragmentation and biodiversity in Ghana.
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Summary of the article

This article examines the interactive effects of climate change (Al), AGB, with forest fragmentation
and biodiversity as mediating factors, across Ghana’s ecological zones. Using GBIF’s tree
occurrence records, satellite-derived biomass data, and fragmentation metrics, the study applied
SEMs to explore the direct and indirect effects of Al on AGB mediated through fragmentation and
biodiversity, and GAMs to explore the functional form of fragmentation and biodiversity effects on
AGB. Results showed that the aridity index (Al) had a strong direct effect on AGB, and an indirect
effect mediated by increasing fragmentation. SEMs showed that decreasing Al (drier conditions)
was associated with greater fragmentation and reduced biomass. Biodiversity (as measured by
species richness) had no significant influence on AGB. Among fragmentation metrics, mean patch
area (AREA_MN) had the largest influence on AGB, followed by edge density (ED), and landscape
shape index (LSI); mean shape index (MSI) and number of patches (NP) were the weakest
predictors. Nonlinear SEMs and GAMs further revealed threshold and unimodal responses.
Biomass peaked at intermediate patch sizes but declined in highly fragmented landscapes with
excessive patch density. These effects highlight the existence of ecological thresholds beyond
which fragmentation strongly accelerates biomass loss. Overall, the results demonstrate that aridity,
fragmentation, and limited biodiversity affect carbon storage, with dry and transitional forests

emerging as the most vulnerable to climate stress and fragmentation.
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0. Abstract
Forests play a vital rele in the global carbon cycle but face growmg enthropogenic pressures, with climate change and

forest fragmentation among the most critical. In West Africa, particularly in Ghana, the interaction between increasing
aridity and forest fragmentation remains underexplored, despite its significance for forest biomass dynamics and
carbon storage processes. This sudy examined the effect of climate-drven andification on zbove-ground biomass
(AGE) in Ghana's ecological zones, both directly and indirectly through forest fragmentation and biodiversity, using
structural equation modeling (SEM) and generalized additive models (GAMz). Results from this study show that AGB
declines along the aridity gradient, with humid zones supporting the highest biomass and semi-arid zones the lowest.
The SEM analysiz revealed that areas with a lower andity index {dner conditions} had sigmificantly lower AGE,
mdicating that aridification reduces forest biomass. Fragmentation mdirectly mediated this effect. while biodiversity
{2z meazured by species nichness) showed no sigmificant mfluence. GAMSs highlishted nonlinear frasmentation effects:
mean patch area (AREA M) was the strongest predictor, showing a unimodal relationship with biomass, whereas
number of patches (NF), edge density (ED), and landscape shape mdex (LSI) reduced AGB. Overall, these findimgs
demonstrate that aridity and spatial configuration jointly control biomass, with frapmentation acting as a key mediator
of this relationship. Dry and tramsitional forests emerge az particularly wulnerable, emphasizing the need for
management strategies that maintain large, connected forest patches and integrate restoration into climate adaptation

policies.
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1. Introduction

Tropical forest ecosystems play a crucizl role in regulating the global climate system, zcting as significant carbon sinks
while supporting biodiversity and maintaining ecosystem fimctions [1-2]. Amoeng their many ecological contributions,
the capacity to store carbon in AGB is critical to mitigating climate change and maintaining ecosystem fimctions [3].
However, these forests are merezsingly threatened by two global drivers: land-use change and climatic variability,
which lead to significant changes in biomass dynamics globally [4-3]. In Ghana, these pressures have led to forest
degradation, deforestation, and increased fragmentation of forest landscapes [6-7], with a profound impact on woody
biomass. Forest fragmentation, a key driver of woody biomass changes, refers to the division of forest landscapes into
smaller, 13olated patches, decreasing the natural habitat m the landscape [8]. Forest fragmentation results m reduced
patch size, increased edge effects, and the isolation of forest fragments, altering microclimatic conditions and
dizrupting ecological processes, such as species dispersal, gene flow, and nutrient eyeling [9-10]. These changes can
reduce species richness, alter forest structure, and ultimately diminish. Biodiversity plays a critical role in supporting
biomass production, as communities of diverse species can enhance resource-use efficiency, stabilize productivity, and
Increase resilience to environmental stressors [11]. Thus, biodiversity loss resulting from fragmentation may compound
the decline i AGE. Quantifying fragmentation 15 essential for understanding how landscape structure influences
carbon storage dynamics and processes [12]. Most of the fragmentation metrics are strongly correlated, making them
redundant 1f 211 are chosen for a particular analysiz. Selecting a relevant subset from the numerous available metrics
can be a challenging task. According to Tummer [13], fragmentation metrics must be selected to achieve specific
objectives, minimize redundancy, explain pattern variabality across the landscape, and encompass a substantial portion
of their potential value range. According to Flowers et al. [14], when using frapmentation metrics to quanhfy landzcape
structure i forest ecosystems, it 1s recommended to selzct metrics that capture the characteristics of the landscape
area, edge effects, and shape complexity. Alongzde frapmentation, climate change, particularly the decrease m andity
(zndification) and varability m ranfall, has emerged as a critical driver of tropical forest dynamics [13]. Conversion

of forests, coupled with climate stress, intensifies fragmentation, reduces biodrversity, and ultimately lowers AGB.
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n izolation, often without conzidering the interactive effects of these two drvers [16-17]. For example, assessing
climate change impacts typically focuses on temperature or precipitation anomalies and their effects on tree growth
and mortality [18-19] while those assessing fragmentation tend to concentrate on landscape structural attributes
quantified by spatial confipuration metrics, such as patch size, adge effects, and landscape connectivity, without
considering climatic gradients [10]. This smgular approach limits our understanding of how combmed environmental
conditions jointly influence forest carbon dynamics. In Ghana, existing studies have focuzed primarily on carbon stock
estimation and deforestation monitoring [7-13], with a limited focus on how climate stress, such as humidification or
aridification, interacts with fragmentation and biodiversity to mnfluence AGB. Several regional studies, primarily
conducted m Ghana, have documented relationships between disturbence, biodiversity, and biomass. For example,
Oduro et al. [20] and Addo-Fordjour et al. [21] documented dechnes m woody biomass and species nichness with
mcreazing forest disturbance, but without modeling fragmentation metrice or climatic gradients. Somilarly, Mensah et
al. [22] reported that biodiversity has a positive influence on forest productivity in Ghanaian and Iverian forest
rezerves; Thess relationships were explored independently of spatial confizurations or aridity. Only a few studies, such
2z those by Brinck et 2l [23] and Chidumayo and Gumbo [24], have suggestad that fracmentation mediates climate-
biomass relationships m Affican drylands; however, extensive quantification and modeling remain scarce. Given
Ghana's climatic gradient from the humid forest zone in the south to the semi-and savanna zone in the north, it is
essential fo integrate both climatic and landscape factors when assessing biomass variation. Although climatic stress
(e.g.. drought and increased temperature) can directly affect biomass, recent findings suggest that its full impact may
be amplified or moderated by the degree of forest fragmentation [25]. Thus, the effects of climate change on woody
biomass are likely mediated by landscape structure. Yet, these mediating interactions have rarely been explored.
Addressing this gap is critical for mforming adaptive forest management and carbon conservation strategies. To address
these gaps, this study sought to answer the following research questions:

(1) What are the direct and indirect effects of climate change — Andity Index (A} on AGB? We hypothesized that
decreasing AT (aridification) directly reduces AGB, with wetter zones (higher AT) maintaining higher mean AGE than
drier zones. We further hypothesize that decreasing AT (aridification) indirectly influences AGE through its effects on

fragmentation and biodiversity.
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(2) How do landscape structural attributes, quantified through fragmentation metrics such as mmber of patches (NP,
edge density (EDY), mean patch area (AREA MN), landscape shape index (LSI), and mean shape index (MSI),
mfluence AGB, and what are their relative contributions? We hypothesized that AGB exhibits nonlinear responses to
these stractural attributes, with varying contributions across different dimensions of fragmentation. Collectively, these
questions aim to elucidate the direct and indirect pathwavs through which climatic andity, as represented by AL and

landscape structure shape AGB vanation across Ghana’s ecological zones.

2. Materials and Methods

2.1. Study Area and Datasets
Ghana 1z 2 West African country, bordering Burking Faso to the north, Togo to the east, Cote dTvoire to the west, and

the Gulf of Guinea to the south (Figure 1). The geographical coordinates of the country are 7.9465° N and 1.0232% W,
and it occupies an area of approximately 238,333 lan®. Ghana is divided into 16 administrative regions and 261 districts
[26]. It has diverse terrain and landscapes, including forests, savannas, mangroves, wetlands, and mountains. Several
anthropogenic activities, mcluding agriculture, mining, and logging, have contributed to the degradation of the natural
vegetation cover [27]. Almost 15% of its land is protected for conserved species, distinct ecosystems, and ecological
proceszes [28]. The country has a tropical climate, with an average mmimum and maximum temperatures of 21 *C and
34.3 °C, respectrvely [29], and precipitation rangmg from 900 to 2000 mm per year, with the highest amounts cccuring
from April to June in the south and from April to November in the north [30]. This study combined environmental and
vegetation variables to assess the relationships between forest frapmentation, biodiversity, and aridity.

2.2 Vegetation data extraction

This study employed a data assembly approach in which tree-level ocourrence data were obtained from the Global
Biodrversity Information Facility (GBIF) website (https:(www.ghif.org’) [31]. GBIF is the world's largest global
biodiversity information facility, providing open access to data on all life forms. The network aggregates data from
various sources using data standards, including Darwin Core, which forms the bulk of GBIF's species and tree
ocowrence records. The data alse included field notes and supplementary hiterature. A targeted search for tree
occwrrences within Ghana on March 8, 2023, retrieved a total of 38,399 records. The data were subjected to stages of
quality control procedures. First, records lacking valid geographic coordnates, scientific names, collection years,
duplicates, and points falling outside Ghana's geographic boundaries were removed. To eliminate outdated datasets,

only eccurrences recorded between 2000 and 2011 were retained, resulting in 9,716 valid records. Because GBIF data

4
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are kmown to exhibit strong spatial clustering around well-surveyed areas and regions of higher accessibility [32], a
spatial thinming procedure was applied to reduce sampling bias and residual spatial autocorrelation [33]. All
ocowrrences were projected to UTM Zone 30N (EPSG: 32630), and toro thinning radii were implemented to generate
datasets ready for analysis at different spatizl units: a 500m buffer radius, representing fine-scale vegetation
distribution patterns, and a 1.5km buffer radius, representing broader landscape-scale heterogeneity. Within each
buffer, duplicate coordinates and multiple occurrences of the same species were merged, and a buffer centroid was
retained as the representative pomt. After thinning, the $00m datasets contained 3,388 records, while the 1.5lon dataset
contammed 2,979 records. To ensure that all tres occwrences represented actual forest free species, the thinned datasets
were subsequently masked using the landcover classification dataset produced by Njomaba et al. [26]. All ocowrrences
fzlling within landeover classes identified 2z non-forest were excluded, leaving only points intersecting forest prxels.
The final filtered datazetz contamed 1,211 ponts for the 500m buffer and 1,067 points for the 1.5kom buffers,
representing verified forest tree occurrences across Ghana. These were used in subsequent analysis at two spatial levels,

representing smzll and landscape-scale vegetation pattems.

2.2.1 Spatial autocorrelation dingnostics

To evaluate rezidual spatial stucture following the spatial thinning procedure, we conducted empiriczl variograms and
Moran’s I correlograms for the GBIF ocourrence centroids at 300m and 1.5kam spatizl data (Figure 51-52; Table 31).
The 500m dataset exhibited a variogram still at = 2.9km and Moran’s I = 0,337 (p = 1.6 = 10 ), while the 1.5km
dataset leveled at = 3 6lan with Moran’s 1= 0337 (p=2.97 x 10 ~'**). Independence (I = 0.03) was not reached within
< 6l and = 10km, respectively, indicating moderate residual autocorrelation but sufficient reduction for modeling.
These diagnostics validated the choice of thinning radii for the fine- and landscape-level analyses and gwided the
mclusion of spatial correlation structures in subsequent models.

2.2.2 Biodiversity metric: species richness

In this study, biodiversity was represented using species richness (3), a simple yet widely used computational metric
that quantifies the number of unique tree species recorded within a spatial unit. Spacies richness helps in capturing
variations in community composition and is particularly suitable for large-scale biodiversity assessments using
ocowrence-based data [34]. Tree occurrence records from the cleaned GBIF dataset were first hammonized using the
GBIF Backbone Taxonomy through the B package “facize” [33], ensuring that synonyms and spelling variants were

consolidated under accepted species names. Non-tree taxa, duplicates, and ocowrrences with Incomplete tamonomic

on
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mformation were excluded. After cleaning, richness was computed as the number of distnet tree species within each
500m and 1.5km boffer zones, corresponding to the analytical wnits deseribed in section 2.2, Although biodiversity
encompasses both computationzl and structural components, namely species richness and evenness, the computation
of evermess metrics, such as Pielon's J, requires species abundance that is unavailable in GBIF s presence-only data.
Ag noted by Mever et al. [36] and Beck [32], ocowrrence databazes are biased toward collection frequency and survey
effort, making abundance metrics unreliable. Therefore, in thiz study, species richness was uzed az a robust proxy for
local tree diversity, consistent with large-zcale studies that rely on presence-only occurrence data [37-38]. While
species richness does net fully capture commmmity evenness, it provides an ecologically meaningful and spatially

consistent measure of taxonomic diversity across Ghana's forested landscapes.

2.3. Above-ground biomass (AGB) dataset and extraction
The AGE data were derived from the European Space Agency (ESA) Clhimate Change Imbative (CCI) global AGBE

product (version 5.0.1; [39]). This dataset provides annual estimates of woody AGE (Mg ha*) at 100m reselution for
multiple years (2010 — 2020), representing oven-dry woody mass of all living trees (stems, branches, twigs, and bark),
excluding roots and stuompe.

Raster layers from 2017 and 2020 were subset to Ghana’s national boundary and resampled to match the analytical
grids defined by the 500m and 1.5kon GBIF buffer centroids. {section 2.2). Mean AGE and within-buffer standard
deviations (SD) were extracted for each circular buffer, ensuring alismment with spatial predicters (aridity,
fragmentation, and biodiversity).

To evaluate the temporal consistency and relizbility of the ESA AGBE layers, the 2017 and 2020 AGE layers were
compared across both spatial resolutions. There 15 an excellent agreement (r = 0.938) for both scales, with low bias (-
0.65 Mz ha* at 300m; -0.70 Mg ha'' at 1.5 km), and small emrors (EMSE = 10 Mz ha', MAE = § Mg ha'). The mean
SD walues were 55,4536 Mg ha' across years, confirming stable spatial vanability. Based on these diagnostics, the
2020 AGE layer was retamed for all analyeiz as it provides the most recent and spatially complate estimates (Table

52; Figurs 83).

2.3.1 Validation of Above-ground biomass with GEDI biomass footprints
The 2020 ESA CCI AGE layer was validated against the Global Ecosystern Dynamic Investigation (GEDI) Level 2B

footprint biomass estimates to assess its accuracy [40]. GEDI provides LiDAR-based estimates of AGE density,

derived from wavefonn structure, representing ~ 23m footprints that directly measure forest vertical structure. GEDI
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footprmnts falling within forested areas as defined by the land cover mask described in section 2.2 were extracted and
zggregated to 300m circular buffers to match the AGB spatial scale. The validated employed both unweighted and
uncertainty-weighted metrics, as well as Deming regression (4 = 1) to account for measurement errors in both datasets.
The umweighted validation yielded a moderate correlation (r = 0.418; B* = 0.175), wrth an EMSE of 69.0 Mg ha",
MAE =259 Mgz ha’, and bias = -0.93 Mg ha'. Weighted validation improved accuracy (r = 0.200; EMSE = 151.1
Mg ha!, MAE = 6 48 Mg ha! bias =—6.47 Mg ha! ). The Deming regression yvielded a slope of (0.40 £ 0.09) and an
intercept of (13.23 = 3.17 Mg ha' ), indicating a slicht underestimation of higher AGB values but overall strong
consistency (Figure 54). This demonstrates that large-scale spatial gradients in AGE, particularly along
aridity and fragmentation axes, reflect genuine ecological variation rather than artifacts of map bias,
supporting the use of ESA-CCI AGE for regional modeling. Similar validation approaches using GEDI
footprints have demoenstrated the rebustness of ESA and other satellite-based biomass products across
diverse tropical forest contexts [41-42]. The extracted AGE walues were assigned to each GEIF buffer
centroid. The 500m datasets were used for fine-scale analysis, such as Analysis of Variance (ANOVA) and

Principal Compeonent Analysis (PCA). In contrast, the 1.5km dataset was used for the landscape-level

analysis (SEMs and GAMSs), where reduced spatial dependence among wariables is required.

2.4. Climate data (aridity index)
The Global Andity Index (Global AT) [43] datzset was applied to model the influence of climatic conditions on AGB

distribution in Ghana. The dataset provides moderate-resolution (30 arcseconds, ~1 k) global raster data,
characterizing andity conditions based on the ratio of precipitztion to reference evapotranspirztion over the period
1970-2000. The data were derived from mmplementing the Food and Agnculture Organization (FAQ)-36 Penman—
Montzith Beference Evapotranspiration eguation, making it 2 robust measure of rainfzll deficit relative to the

stmesphenc water demand for vegetation regrowth. The following equation defines the Andity Index (AL}

MA_Frec
Al = ——
MA_ETy

1)

Where Al = Andity Index, MA Prec = Mean Annual Precipitation, and MA ET0 = Mean Annual Beference
Evapotranspiration. Higher Al values indicate more humid conditions, while lower values correspond to drer

conditions [44]. In the Global-Al dataset, AT values were scaled by a factor of 10,000 and stored as integers for data
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management purposes. Therefore, each raster cell value was multiplied by 0.0001 to retrieve actual AT values. The Al
raster was reprojected to UTM Zone 30N (ESPG: 324307 and overlaid with the 500m and 1.3km plot buffers described
in section 2.2, hean AT values were extractad for each buffer. Following the United Mations Environmental Program

(UNEP) aridity classification scheme, mean Al values were grouped into four climatic zones (Table 1)

These categorical values were used in further analyeis to evaluate differences in AGE across climatic gradients.
Because Global-Al datasets represent 2 multidecadal average rather than a single-year climate product, they provide a
stable reference for linking long-term aridity conditions to current patterns of blomass, biodiversity, and landscape

fragmentation.

2.5. Forest fragmentation metrics

Forest structural fragmentation was quantified using the land cover dataset from Njomaba et al. [26], a national land
cover map explicitly developed for Ghana This land cover dataset offers 2 consistent representation of forest cover
and other land cover classes. From this land cover raster, all forest-related land cover classes were reclassified as forest,
and all other classes were assigned non-forest. This reclassification produced a binary raster (forest = 1, non-forest =
0, which was used as the base forest mask for fragmentation assessment. To characterize the structure, the binary
forest raster was clipped to each of the 300m and 1.5}an circular buffers defined in Section 2.2, representing fine and
landscape-scale forest pattems, respectively. Within each buffer, five complementary fragmentation metrics were
computed uzing fragmentation statistics (FRAGSTATS) algorithms implemented in the “Jandseapemetrics ™ package
[43]. The metrics were selected to represent three principal dimensions of forest spatial structure, such as area, edgze,

and shape complexity, while mimimizing radundancy among highly correlated indices

Patches are those contmuous forest pixels withm the buffer; edges are measured on the clipped geometry (1.e., patch
boundaries cut by the buffer are included, consistent with the default landscape metries). Metries were computed
separately for the 300m and 1.5l datasets to reflect scale-dependent structure. Summary statistics for all metrics

(means and standard deviations at each grain) are reported in Table 53, which are the values used in all analyzes.

2.6. Temporal consistency and dataset alignment

Although the mput datasets used in this study span different reference periods (Global AT: 1790 — 2000; GBIF tree

occurrences: 2000 -2013; ESA CCL AGE: 2017 - 2020; land cover, 2023), they were aligned conceptually to represent
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stable, long-term ecological baselnes that reflect persistent climatic, structural, and compositional conditions across
Ghana’s forest-savanna transition. The AT represents a long-term climatelogical average capturing mmlti-decadal
moisture regimes that regulate forest productivity and structure, rather than short-term interannual variability. The ESA
CCI AGB dataset provides a recent, vet climatically equilibrated, estimate of woody biomass that integrates vegetation
responses to long-term moisture and disturbance gradients. Vahdation against GEDI footprint biomass confirmed that
the ESA CCI AGB products are robust for Ghana (section 2.2; Figure 34), supporting their use as a baseline for large-
scale carbon mapping. The fragmentation layer, derived from the landcover map of Njomaba et al. [26] for the year
2023, This reflects mid-decade forest structure, consistent with the 2010-2020 period of AGB mapping. Independent
assessments by Hansen et al. [47] and Acheampong et 2l [48] indicate that national-scale forest loss during this period
was graduzl and spatially heterogeneous, making the 2023 forest mask representative of prevailing structural
conditions. The GBIF biodiversity dataset (2000-2013) aligns temporally with this window and captures distribution
patterns shaped by the same underlying climatic and structural drvers. Together, these datasets represent an
ecologically coherent time frame suitable for ntegrating climate, structure, and diversity within a space-for-time
substitation (SFTS) framework [49]. This approach assumes that spatial gradients in aridity and fragmentation
substitute for long-term temporal changes, enabling inference on how blodiversity and structure jointly influsnce
carbon storage. All datasets were resampled and aggregated to a common analytical support defined by 500m and
1.5)km cirenlar buffers. This ensured that Al fragmentation, and compositional biodiversity variables were compared
over consiztent spatial extents. While the onigmal datasets differ in native resolution, the buffer-based extraction
effectively hanmonized them to a shared spatial support, minimizing the modifizble areal unit problem and scale-
dependent variance. To assess robustess, a sensitivity analysis was performed comparing results between 300m and
1.5)m datasets for all major analyses, showing a consistent direction and significance of key effects. These consistency
checks confirm that the cross-scale pattems reported are not artifacts of resolution or tempoeral misalignment but reflect

stable ecological relationships.

2.7. Statistical analysis
2.7.1 Effects af aridity index on above-ground biomass

To assess the effect of climate change on AGE, we employed an SFTS approach, where spatial variation in aridity,
expressed through Al served as a proxy for temporal climatic change, as described by Blois [49]. Ghana's four

ecological zones (humid, sub-humid, dry sub-humid, and and) were used to reprezent mereasing levels of andification,
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with transitions along this gradient interpreted as analogs of projected climate change mmpacts. A one-way ANOVA
was conducted to test differences in mean AGE among the four andity classes. To ensure model robustness,
assumptions of normality, homoscedasticity, and independence were evaluated through residual dizgnostics. Potential
heteroscedasticity was further addressed by applying hetercscedasticity-consistent (HC3) standard errors, implemented
through the *sandwich’ and *fpfesy” packages in B Studio [370]. Post hoc comparisons were performed using the Scheffi
nmultiple comparizon test, which iz robust to unequal variances and sample sizes [31]. This method was selected based
on the approach used in 2 smmilar study by Bastiag [11], which employed ANOVA to examine vegetation patterns
zlong environmental gradients. Mean and standard deviations of AGE were summanzed for each andity class to
describe biomass variation along the climatic gradient.

2.7.2. Multicollinearity and dimensionality diagnostics

All predictors were standardized using z-scores before analysis. Multicollinearity ameng the five frasmentation metrics
(WP, ED, AREA MM, MSI, LEI) was evaluated using pairwise comrelation and principal component analysis (PCA).
Because these metrics were highly intercorrelated (Jr = 0.8 for ED-L3I and ED-AREA MN), PCA was applied to
reduce redundancy and derive an integrated frasmentation gradient. The first principal component (Frag PC1)
explamed the majority of total variance and was used as a component fragmentation variable in subsequent models
(Figure 33). After dimensionality reduction, Variance Inflation Factor (VIF) diagnostics were parformed on the final
set of model predictors to ensure that the combined predictors were not strongly collinear. This two-step zpproach
follows recommended practices for hierarchical ecological modeling [32], where internal collinearity 1z removed
within metric groups with a PCA, and remaiming inter-variable collinearity is venified among the final predictors using
the variance mflation factor (VIF). All predictors exhibited VIF < 2 and tolerance = 0.8 (Table S4), confirming

negligible multicollinearity and validating their inclusion in SENM and GAM analysis.
2.7.3. Structural equation modeling (SEM)

To aszess the direct and indirect pathways through which AT influences AGE, we implemented both linear and
nonlinesr SEMs. SEMs were used to jomtly estimate causal relationships among Al fragmentation (Frag_PC1),
biodiversity (3), and AGE, while accounting for spatial structures. The linear SEM was implemented using the
“pigcewizeSEM" package in B Studio, with each sub-model fitted as a generalized least squares (GLS) model that

mncluded an exponential spatial comrelation stracture based on plot centroids (x, ¥). This approach sccounts for residual
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spatial autocomrelation while preserving parameter estimates. All variables were standardized (z-scores) before
modeling to allow companson of path coefficients (£). The model structure was defined as:
Fragpg, ~Al
L Richness ~ Al {2y
GB o~ Al + Fragps, + Richness
This structure reflects hypothesized causal pathways where ardity influences forest stucture and biodiversity, which
m tumn affect bromass accumulation. Model fit was evaluated usmg Fisher's C statistic, Akaike Information Criterion

{AIC), and F* values for each endogenous variable. Standardized path coefficients (), standard errors, and sigmificance

levels were extracted (Table 897

To capture potential nonlinear relationships that the linear model could not represent, 2 complementary nonlinear SEM
was developed using the GAM framework. Each sub-model was fitted using thin-plate regression splines with
restricted maximum likelthood (FEML) optimization in the “pzey”™ package. The structure mirrored the linear SEL
but specified smooth functions for key predictors:

Fragee, ~ s(Al)
Richness ~ s(Al) (3)
AGB g~ S(AI + s(Fragec, ) + s(Richness) + s{x, )

Where s ()} denotzz smooth terms and s(xy) iz 2 bivanate spatizl smoother capturing bread-scale spatial
autocomelation. Smoothing basss (k) were selected to balance flemibility and model parsimony, with overfitting
constrained by penalization (y = 1.4). Model performance was assessed using AIC, Fisher’s C, and variance explamed
(B} for each endogenous variable.

2.7.4. Generalized ndditive models (GAMs)

To explore non-linear relationships between AGE and predictor variables, we used spatial GAMs implemented in the
“megcy” package [33]. The mamn model took the form.
AGE = s{AlLk =9) + s(Frag_PCl,k = 9) + s(Richness.k = 9) + s(x,y.k =80) (4)

Where = () denotes thin-plate regression splines, k specifies the basis dimension confrolling smoothness, and s(x, ¥)

represents a two-dimensional spatial smoother applied to buffer centroids to account for broad-scals antocorrelation.
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Models were fitted by EEML with mild penalization (y = 1.4) and automatic smooth selection to prevent overfitting.
To evaluate the relative influence of ndividual metrics (NP, AREA MMN, ED, MSL, LEI), we fitted separate spatial

GAMSs of the form:

AGE = s{metric) + s(AI) + s(x. 7). (2}

with predictors standardized. For each model, we extracted smooth-term statistics (edf F, p-value) and compared AATC
and ADev against a baseline model (AGB ~ s(AT) + =3, v)) to quantify the added explanatory contribution of each

metric. Model diagnostics included residual QOQ-plots, k-index adequacy tests, and concurvity checks.

3. Resulis

3.1. Effects of aridity on above-ground biomass
Mean AGB declined along the aridity gradient, from the humid to the semi-arid zone (Table 3; Figure 2). A one-way

ANOVA showed a highly significant effect of anidity class on AGE (Type-II test: F (3,1201) = 46664, p =22 x
10 7). Effect sizes were large (n° =034, 93% C10.31 - 1.00; cw?=0.34), indicating that approximately one-third
of the total variation in biomass was explained by aridity (Table 55). Robust HC3 standard errors confirmed
substantially lower AGE in all drier zones relative to hwmdd zones (p < 0.001; Table S6). Scheffe post-hoc
comparisons indicated clear differences among aridity zones (Humid = Sub-humid = {Dry sub-hurnid, Semi-
arid}), with the two driest dasses not differing statistically (Table 57). The comparison between raw and
calibrated AGE showed similar effect sizes (1° =0.34 vs {.32), confirming that calibration did not alter the strength

of the climatic signal (Table $5). However, mean AGBE values were consistently higher in the calibrated dataset (Table

57), which was used m all subsequent analysis.

3.2. Structural Pathways: Linear and Nonlinear SEMs

The linear SEM (GLS-based; n = 1085) captured the mam causal pathways linking andity (AI), fragmentation
{Frag_PC1), biodiversity (richness), and above-ground biomass (AGE _cal) (Table £; Figure 3a). The overall model
showed a good fit (Fizher's C=3.04, df =2, p=0.21%), mdicating no significant missing paths. The model explamed
61.9% of the variance in AGB_cal, 30.4% in fragmentation (Frag PC1), and 0.4% in richness (Table 58). Anidity (AT)

had a strong posttive effect on AGB cal (§=+0.792, p= 0,001}, implying that mors humid conditions promote higher
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bicmass. In contrast, AT had a negative effect on fragmentation (# = <0.671, p < 0,001}, suggesting that drier zomes are
associated with more fragmented forest structures. Fragmentation, in tum, had a negative effect on AGB (#=-0.223,
7<= 0.001), indicating that increased frazmentation reduces biomass (Figure 3a, Table 88). The effect of AT on species
richness was weak but positive (§ = <0064, p = 0.03), while the path from richness to AGE was non-significant (§ =

{0,007, p < 0.572).

The nonlinear SEM (GAM-based) revealed consistent structural relationships but captured flexible nonlinear effects
among predictors (Figure 3b). Smooth term: indicated significant nonlinear dependencies between AI and
fragmentation (edf =3.94, F=23.92, p=0.001), Al and richness (edf=3.27, F=5.63, p=0.001), and Al and AGE_cal
(edf=3.77, F=21.05, p = 0.001), and frazmentation and AGB_cal (edf =423, F=3841, p = 0.001). In contrast, the

richness-AGE path was non-significant (p = 0.26).

Model evaluation showed that nonlinear SEM achieved higher explanatory power for AGB cal (R° = 0.83) but a
weaker fit overall (Fisher’s C = 226.34, p = 0.001; AIC = 8130.84) compared with the lmear SEM (AIC = 4178 44).
This tradeoff reflects the improved local flexibility but reduced global parsimony of nonlinear smoothers. Collectively,
both models highlight that andity drves biomass directly and indirectly throuzh frazmentation, with biodiversity
contributing marginally to AGB vanation (Table 4; Tables 58-59).

3.3. Functional forms of fragmentation effects

Spatial GAMs, incleding individual metrics, confirmed significant nenlinear effects of all five metrics on AGE (zdf =
3-7; Table 3). AREA MN showead the strongest contribution (AAIC = 386, ADev = 0.043), followed by ED (AAIC =
268.51, ADev = 0.051), L3I (AAIC = 256.44, ADev=0.030), MSI (AAIC = 136.77, ADev = 0.020), and NP (AAIC =
71.21, ADev = 0.009). In contrast, biodiversity predictors were not significant (Richness: p=0.052). Partial effects for

the five individual metrics are provided in Figure 4.
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4. Discussion

4.1. Aridity as dominant driver of above-ground biomass decline
Our study shows that drier arezs support less AGB, with AGE declining svstematically from humid to semi-arid zones.

Felative to the humid forest, AGB was reduced by ~63%: in the sub-humid zone, ~81% in the drv sub-humid zone, and
~07% m the semi-and zone (Figure 2; Table 3). This supports our hypotheais that decreazing Al (aridification) reduces
AGE, which 1= consistent with the theory and evidence that water availability, shaped by both precipitation and
evapaoratrve demand, 13 a key drover of forest productivity and biomass aceumulation [54-19, 33]. In and and semi-arid
zones, mtermittent water avallability restricts photosynthesis and plant growth, leading to reduced biomass
zccumulation [38]. Conversely, humid and sub-humid forests in Ghana benefit from high rainfall and moisture
availability, which support high photosymthetic rates, dense forest structures, and elevated carbon storage [37]. Scheffe
post hoc tests confirmed that these blomass differences among aridity zones were statistically significant, underscoring
that the relationship between andity and AGE is both systematic and ecologically distinct across moisture regimes.
Similar pattemns of anidity-driven biomass decline have been observed across fropical regions, including the Amazon
Basin, Central Africa, and Northem Australia, where increasimg dryness and drought have frequently weakened forest
carbon sinks [38-39, 60]. These findings reinforce the assertion that the mechanizms driving AGB reduction in Ghana,
such as limited water availability and structural degradation, reflect findamental ecological processes operating
throughout the tropics. With climate projections forecasting imcreased aridification in tropical regions [61], these

rezults have significant implications for forest carbon dynamies.

4.2. Fragmentation as mediator of aridity impacts on above-ground biomass
Our SEM results demonstrated the effect of aridification on biomass not enly directly but also indirectly through its

influence on fragmentation. Specifically, higher aridity (lower AI) was associated with greater fragmentation, which
mn tum decreased AGB. Fragmentstion (Frag PC1) captured landscapes dominated by small, iregularly shaped
patches with high edge densitv and shape complexity (INF, ED, LS positive loadings; AREA MM and MSI negative
loadings). Thiz indicates that drier zones are not only less productive but also structurally more degraded. The
mediating role of fragmentation 2dds an essential laver to understanding carbon dynamics in Ghana's forest. Numerous
studies have demonstrated that fragmentation exacerbates biomass loss beyond that attributable to deforestation alone.
By mereazing edge exposure, fragmentation accelerates demccation, tree mortality, and microclimatic stress [62-63].

Patch 1zolation further disrupts seed dispersal, regenerafion, and species persistence, undemmining long-term forest
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stability. In tropical Affica, fragmentation has been linked to reduced carbon storage in both humid forest and savanna-
forest mosaics [64-63), consistent with our findings that fragmentation compounds aridity-driven biomass decline.

In Ghana, the duzl pressures of climate stress and structural degradation are especially acute in the forest-savanna
transition belt, where agricultural expansion (notably cocoa and food crops) has imtensified patch proliferation and
edge effects [48]. More recently, artizanal mining, kmown as “galameey.” and industrial gold mining have emerged as
addrtional drivers of forest fragmentation, converting contigneus forests into small, irregular patches with high edze
density, even within protected areas [66-67]. Together, these land-use pressures compound the climatic stress captured
i our SEM pathways, reinforcing that fragmentation mediates climate impacts by making forests less resilient to
andification. This mterpretation 15 consistent with evidence showing that frapmented tropical forests are
disproportionately vulnerable to climate extremes, such as drought [23], and that structural disturbances, such as

zelective logging, can lead to long-term carbon losses that further weaken forest resilience [68].

4.3. Limited role of biodiversity in mediating ariditv—biomass relationships
Species richness and evenness did not significantly mediate the effects of andity on AGB m either SEMs or GAM.

This suggests that computational diversity plays a minor role under strong climatic stress. Instead, abiotic drivers
(zndification) and structural factors (frapmentation) appesred to dominate biomass dvnamics. This outcome 1z
consistent with evidence that biodiversity-biomass relationships are strongly context-dependent, varying in strength
and direction depending on climate, resource availzbility, and structural condittons [69-70, 71]. In tropical forests,
species richness often enhances biomass through mechanizms such as complementarity and facilitation [70]. However,
i dry or tranzitional ecosystems, biodiversity effects are usually weak or absent becanse water limitations or structural
conetraints restrict growth, regardless of species richness [72].

Another possible explanation lies in the biodrversity dataset used. Our species nchness measures were derived from
occurrence-based GBIF records, which capture species presence rather than abundance. As a result, we could not
capture specias evenness but only relied on species richness, which is not 2 great measure of blodiversity. In contrast,
above-ground biomass 15 often disproportionately driven by a few large individuals or dominant species, sometimes
referred to as the “big tree effect™ [73]. Thiz demographic skew means that biomass and diversity relationships are
typically stronger when abundance-weighted diversity metrics, such as baszl-area-weighted Shannon or Simpson
mdices, are available [74-753]. This mismatch between presence-only diversity metrics and abundance-driven biomass

likely weakened statistical links in SEM and GAM analysis. Future research could address this limitation by integrating
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zbundance-based forest invenmtory with remote-sensing products, which could allow mere rigerous testing of
biodiversity-biomass pathways.

4.4. Functional responses of biomass to fragmentation mefrics

Spatial GAMs provided functional insights nto how individual frapmentation metrics mfluenced AGE across Ghana’s
landscape. Among the five metrics, AREA NN exhibited the most substantial contributions with a ummodal response
peaking at intermediate patch sizes. This suggests that moderately zized patches may maximize carbon storage by
balancing interior habitat and edge effects, whereas extensive patches reduce AGB. Similar unimodal or um-shaped
relationships between patch size and ecosystem fimction have been observed in other tropical regions, where moderate
fragmentation temporarily enhances heterogeneity before degradation dominates [76-77].

In contrast, the NP showed a negative effect on AGE, particularly at high patch densities. This suggests that excessive
patch subdivision reduces the availability of the core forest interior, replacing forest with small, isolated patches that
are more exposed to edges. The loss of interior habitat minimizes the capacity of forests to maintain large, biomass-
rich trees and heightens vulnerability to disturbances. These findings are consistent with studies from the Amazon and
Southeast Asia, where increasing patch mumber accelerated biomass decline by amplifying fragmentation-driven
processes such as edge mortality, drought sensitivity, and fire susceptibility [78-79, 80]. For ED, a weak unimodal
response was obssrved. At low to moderate levels of edge creation, biomass appears to merease shichtly, which may
reflect the role of forest edges in enhancing light penetration and nutrient tumover, thereby stimulating the growth of
fast-growing pioneer species [78]. These findings are consistent with studies from the Amarzon and Southeast Asia,
where increasing patch number zccelerates biomass decline by amplifying fragmentation-driven processes, such as
edge mortality, drought sensitrvity, and fire susceptibility [79-80]. The L3I exhibited a negative relationship with AGB
n our models. More regularly shaped patches have larger perimeter-to-area ratios, which expose proportionally greater
portions of the forest to edge influences. This reduces the effective area of the forest core, thereby reducing overall
biomass [76). Similar patterns have been documented m both tropical and temperate systems, where complex patch
shapes are azsociated with heightened edge effects, altered species composition, and reduced carbon storage [81-82].
Finally, the mean shape index (MSI) showed the weakest and meonsistent effect from the GAM models for this study.
This suggests that shape connectivity alone may not exert strong control over biomass unless coupled with patch size
or edge extent. In other words, nregular shapes may only matter for AGE when patches are fragmented enough that

edge effects dominate [83]. Previous studies have shown that patch shape complexity 13 often a secondary driver of
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ecological processes compared to patch areas and commectivity [84-35]. Our findings, therefore, highlight MBST as 2 less
robust predictor of biomass compared to AREA WN, NP, or LSL

4.5. Anthropogenic land-use pressures and forest fragmentation

The cheerved pattemns of AGE less and fragmentation are not only climate-driven but also shaped by long-standing
anthropogenic activitizs. In humid and sub-lumid zones, cocos expansion, oil pabm cultivation, and subsistence
agriculture remain dominent drivers in Ghana [86]. Cocea farming has been linked to extensive forest encroachment
i Ghana and Cote d'Tvoire, accounting for more than 13% of total forest loss in the region [7]. In drier zones, fuelwood
harvesting, charcoal production, and shiftmg culbvation drive fragmentation and hinder regeneration [24]. Tllagal
artizanal mining “galamsey”) has emerged as an additional drrver of deforestation and landscepe degradation in
Ghana, particularly within forest reserves and nipanan zones [66-67]. These activities not only remove forest cover but
also degrade soll and water resources, compounding fragmentation effects. Weak govemance, msecure land tenure
systems, and reliance on wood energy (with over 70% of rural households relying on fuelwood and charcoal) [87]
further exacerbate patch proliferation and biomass decline. These socio-ecological dynamics compound climatic stress
and help explain pronounced AGE reductions observed along Ghana's anidity gradient.

4.6. Management and policy implications under climate change

Our findings carry important implications for forest management and climate policy. Transitional and dry forests,
which exhibited the stespest biomass declines, should be priontized for ecological monitoring and adaptive
mterventions. While humid forests remain Ghana®s most carbon-rich ecosystems, they are increasingly threatened by
fragmentation, induced through climate and anthropogenic activities, requiring policies that maintain large, connected
forest patches and minmmize edge proliferation. In semi-and regions, where biomass 15 mherently low, restoration
strategies should emphasize multifinctional land use, such as agroforestry, rather than unrealistic expectations of large
carbon sink potential [88].

At the national level, theze mzsghts align with the prionties of Ghana’s Forest Plantation Strategy (2018-2021) [89]
and the Green Ghana Imitiative, both of which emphasize forest restoration and commectivity. However, ther
effectivensss iz ncreasingly challenged by the activities of illegal artisanal minmng, which has become one of the
leading drivers of forest degradation and watershed destruction in Ghana [90]. These activities undermine ecosystem
recovery and reduce the snccess of reforestation efforts. Addressing this threat requires integrated strategies that zo

beyond tree planting, mncluding strict enforcement of mining regulations, community-based monitering, and the
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provision of altemative livelihoods [20]. Embedding these measures inte national frameworks such 2s REDD+ and the
Green Ghana Initiative will be critical to ensure that gains i forest restoration are not hampered by continuous mining-
related degradation. Fegionally, Ghana’s experience aligns with the African Forest Restoration Initiative (AFR100), a
pan-Affican effort to restore 100 million hectares of degraded land by 2030. Ghana has pledged to restors 2 million
hectares under AFR100 [91], but challenges such as artisanal mimng, agricultural expansion, weak governance, and
climatic stresses leading to forest frapmentation continue to impede restoration efforts. These findings also alizn with
the goals of the United Nations Decade on Ecosystem Festoration (2021-2030), highlighting that tropical transiticnal
znd dry forests are partieularly vulnerable to climate change and land-use pressures [92]. These global perspectives
underscore the urgency of protecting forest ecosystems and maintaming landscape conmectivity across the tropics.
4.7. Limitations and future direction

A limitation of this study is the partial temporal mismatch among datasets: the aridity index reflects long-term averages
from 1970 to 2000, whereas biomass znd wvegetation records correspond to 2010, fragmentation (2023), and
biodiversity (2000-2013). While the space-for-time substitution framework provides a proxy for assessing climate-
biomass relationships, fiture research should incorporate time-explicit datasets to track ecological and climatic
changes directly. Another limitation 1s the presence of high curvature among smooth terms m the GAMs. Although
addreszed through PCA-based dimensionality reduction and the melusion of spatial smoothers, this 13sue underscores
the complexity of dizentangling imteracting structural variables. Moreover, biodiversity metrice derived from
occurrence-based GBIF data may underestimate fimetional diversity, limiting therr exploratory power relative to
biomass outcomes. Despite these limitations, SEM and GAN models explained a substantial amount of variance in
AGE, demonstrating the combined importance of climatic gradients and landzcape structure. Future studies should
extend this work by using dynamic modeling approaches that integrate temporal climatic variability, land-use change,
and biediversity composition. Such approaches will strengthen predictions of carbon storage resilience in the face of

accelerating aridity and fragmentation pressures.

5. Conclusions

This study demonstrates that aridification (1.2, decreasing AT) iz the dominant driver of boveground biomass variation
zcross (Ghana’s ecological zones, with biomass declinmg sharply from humid to semi-and forests. The 95% reduction
mn AGE between these extremes underscores the dominant influsnce of climatic water availability on controlling forest

carbon storage. Aridity effects were compounded by forest fragmentation, which mediated additional biomass loszes
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through reduction in petch size and increase in edge exposure. Spatial GANMs revealed that fragmentation effects were
nonlinear: AREA MM emerged as the strongest predictor, with NP, ED, and L5I contributing secondarily, exhibiting
consistently negative effects. MSI was the weakest predictor, suggesting that patch shape complexity alone has little

mfluence without interactions with size or edges.

From a management perspective, these findings emphasize the importance of forest management and conservation.
These findings underscore that effective forest management must extend beyond tree cover targets to encompass
landscape structurzl integrity. Conservation and restoration efforts should priovitize dry and transitional forests,
maintain large, comnected forests, and integrate multifunctional land uses, such as climate-resilient agroforestry, in
semi-arid arzas. Embedding such stratzgies into national frameworks, regional efforts, and global agendas will be
essential to sustain forest carbon stocks. Our study highlights that protecting moisture-sensitive carbon pools and
reducing fragmentation are crucial steps in maintaining the role of tropical forests as a global carbon sink in the face

of intensifying climate change.
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5. Discussion

5.1 Summary of addressed knowledge gaps and objectives

Forests are among the most critical terrestrial ecosystems, supporting biodiversity, storing
carbon, regulating the climate, and sustaining human livelihoods. However, they face threats
from deforestation, fragmentation, and climate change. Despite Ghana’s commitment to
national and international biodiversity targets, effective monitoring remains constrained by
several gaps: biodiversity programs are often fragmented and inconsistent; data accessibility
and sharing remain limited; traditional field-based inventories, though invaluable, are labor-
intensive, costly, and spatially restricted; and standardized biodiversity indicators for tracking
progress toward the global framework are lacking. Together, these challenges have created a
gap in scaling biodiversity monitoring to the national level while maintaining accuracy,
ecological relevance, and policy alignment. This thesis addressed these gaps through the EBV
framework, focusing on ecosystem structure, community composition, and species distribution.
By integrating RS, field-based observations centered on the EBV framework, the thesis
demonstrates how EBVs can be operationalized for biodiversity monitoring in Ghana. The key

features and objectives of the thesis are explained as follows:

a) Objective 1 is addressed in Paper I, which focused on estimating tree species diversity
using PlanetScope imagery in combination with field-based diversity indices. Falling
under the EBV habitat structure and species composition classes, the study
demonstrated strong relationships between spectral signals and field-measured diversity
indices. This addressed the gap between localized biodiversity and spatially continuous
monitoring.

b) Objective 2 is addressed in Paper I, which developed a proposed 1ISO 19144-2-based
national land cover legend and dataset for Ghana. It also assesses the challenges and
opportunities for its adoption within the EBV ecosystem structure class. This was done
through a structured expert survey of stakeholders from Ghana and the international
community, complemented by land cover classification using the random forest
approach on Sentinel-2 and Sentinel-1 data. The study highlights how harmonized land
cover frameworks can improve interoperability, accuracy, and adoption of standards in
tropical forest monitoring.

c) Objective 3 is addressed in Paper Ill, an approach for mapping the distribution and
abundance of dominant tree species in Ghana and evaluating their implications for
conservation prioritization under the EBV species distribution class. Presence-only
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d)

occurrence data from GBIF were combined with climatic, topographic, edaphic, and
land cover predictors in species distribution models (SDMs) using MaxEnt.

Objective 4 is addressed in Paper IV by examining the effects of climate change and
forest fragmentation on aboveground biomass under the EBV ecosystem structure class.
A space-for-time substitution approach was used, applying the Al as a proxy for climatic
stress across ecological zones. AGB estimates from ESA-CCI biomass products were
integrated with fragmentation metrics and biodiversity indicators, and both linear and
nonlinear approaches were tested.

The objectives and thesis are structured on the hypothesis, which is answered as follows:

a)

b)

d)

Hypothesis: There is a significant relationship between PlanetScope spectral variability
and field-measured tree species diversity indices.

Answer: Supported in Paper . Regression and correlation analysis showed that spectral
indices, especially those derived from red-edge and near-infrared (NIR) bands, were
strong predictors of H', D2, S, and H' indices, confirming the capacity of PlanetScope
imagery to predict tree species diversity.

Hypothesis: An ISO 19144-2-based land cover legend and dataset improve
classification accuracy, interoperability, and usability of land cover information.
Answer: Both experts engaged through the survey conducted, and the application of
land cover standards in generating a land cover legend and dataset demonstrated the
added value of standardized land cover data for improving accuracy and enhancing
interoperability.

Hypothesis: Species distribution models combined with abundance estimates can
identify priority areas for conservation.

Answer: while highlighting gaps in protected area coverage, SDMs and abundance
analysis produced reliable suitability and species richness maps, identifying hotspots
and priority conservation areas.

Hypothesis (H1a): Decreasing Al (aridification) reduces AGB, with humid zones
(higher Al) maintaining higher mean AGB than semi-arid zones.

Answer: Confirmed in Paper 1V, the ANOVA analysis performed demonstrated
significant differences in AGB across the different Al zones.

Hypothesis (H1b): Decreasing Al (aridification) has an indirect effect on AGB,
mediated by forest fragmentation and biodiversity.

Answer: Through SEM, the hypothesis was confirmed that Al has an indirect effect on
AGB, with this effect being mediated by forest fragmentation. However, biodiversity
did not emerge as a significant mediating factor in the relationship between Al and

AGB.
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Hypothesis (H2): AGB exhibits a nonlinear response to structural attributes of
fragmentation (Fragmentation metrics) with varying contributions across different
dimensions of fragmentation.

Answer: Through the GAM analysis again in Paper 1V, results revealed threshold and
unimodal responses between fragmentation metrics and AGB. GAMSs highlighted
nonlinear fragmentation effects.

5.2 Summary of used methodological approaches.

Before the application of the methodological approach in this thesis, a systematic literature
review was conducted using Web of Science and Scopus to synthesize the current state of
biodiversity monitoring at national and global levels, with a focus on the integration of RS, and
the Essential Biodiversity Framework and its application in some specific countries, such as
Finland. The Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA)
approach was employed, utilizing selected keywords to identify the most relevant studies,
thereby enabling the thesis to situate the methodological framework within ongoing research
efforts.

Field data collection was conducted at the BFR to obtain plot-level biodiversity information.
Field plots were established, whereby information on tree species was recorded and identified.
Species diversity indices, including H', D2, S, and J', were computed and linked with remotely
sensed metrics derived from PlanetScope imagery. Regression models and correlation analysis
were used to establish relationships between spectral indices (optical bands, NDVI, EVI, SAVI,
NDRE) and field-derived diversity measures (H', D2, S, and J'), bridging the gap between plot-
level observations and spatially continuous monitoring.

A structured questionnaire survey was developed and distributed to stakeholders in Ghana and
internationally, targeting experts in land cover mapping, biodiversity monitoring, and
geospatial standards. The survey examined the opportunities and challenges associated with
adopting 1ISO 19144-2 land cover standards, offering insights into interoperability, data sharing,
and institutional capacities. A national land cover legend was developed following the West
African Land Cover Reference System (WLCRS) and aligned with ISO 19144-2 standards to
complement the survey. The process involved selecting land cover classes relevant to Ghana’s
ecosystems through consultation with national stakeholders, ensuring that the legend reflected
ecological reality and policy needs. Training data for each class were collected through visual
interpretation of high-resolution imagery and expert knowledge with the Collect Earth online
(CEOQ) platform. Using this harmonized legend and training dataset, Sentinel-1 (VV/VH, as
well as ratios of these polarizations, and texture variables) and Sentinel-2 (spectral bands,
vegetation indices, and textural variables) imagery were used to perform a classification with

the Random Forest algorithm in Google Earth Engine. Hyperparameters were tuned using a
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grid search optimization to maximize classifier performance. Classification accuracy was
evaluated with respect to independent validation samples (30%), and accuracy parameters,
including overall accuracy, user’s and producer’s accuracy, and kappa coefficient.

Species distribution and abundance monitoring were conducted for three dominant tree species
using presence data from GBIF together with environmental predictors from bioclimatic
variables, soils, topography, and land cover layers. SDMs were fitted using the MaxEnt
algorithm with spatial blocking cross-validation to minimize autocorrelation, resulting in
continuous habitat suitability maps. Species abundance was estimated using ZIP models, which
handle excess zeros in ecological data. Bootstrap resampling was applied to quantify prediction
uncertainty. Species richness was mapped by summarizing binary presence-absence predictions
from the SDMs, with cells showing overlap of all tree species identified as hotspots. A
composite index was created to prioritize conservation by combining habitat suitability and
abundance predictions, with the top 10% of values designated as high-priority areas. These
results were overlaid with the data on Ghana's protected area networks (PAs) to evaluate
coverage and identify biodiversity hotspots outside the PA network.

Together, these approaches combined RS, field surveys, expert knowledge, and advanced
ecological modeling to operationalize EBVs for biodiversity monitoring in Ghana, ensuring
methodological rigor and policy relevance, ensuring that a standard set of EBV variables exists
for biodiversity monitoring in Ghana, and making progress toward achieving the Aichi Targets
and all biodiversity-related targets.

Multiple datasets were integrated at the plot level to investigate the effects of climate change
on AGB mediated by fragmentation and biodiversity. Tree species occurrence data were first
obtained from the GBIF database. For each occurrence point, climatic conditions were
characterized by extracting values from Al, which provides long-term estimates of aridity. AGB
estimates were obtained at the exact locations from the ESA-CCS global biomass datasets (100
m resolution, reference year 2020), ensuring consistency in spatial alignment with the climatic
dataset. Forest fragmentation metrics were derived from the National Land Cover Map
(reference year 2023). The database was reclassified into two categories: binary forest and non-
forest. Using the forest binary raster, fragmentation indices were computed with the
landscapemetrics package in R. The metrics included NP, ED, AREA_MN, LSI, and MSI,
capturing both path-level and landscape-level fragmentation patterns. To examine the effects
of climatic influences on biomass, the global aridity index dataset was used and grouped into
four aridity classes based on the UNEP aridity classification scheme: humid, sub-humid, dry-
sub-humid, and semi-arid aridity zones. A space-for-time substitution approach was employed,
where variation across aridity zones served as a proxy for projected temporal changes in

climate. Statistical differences in mean AGB among aridity zones were tested using ANOVA
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and Scheffé’s multiple comparison test to identify significant pairwise differences. The SEM
approach examined the pathways through which aridity (Al) influences aboveground biomass
(AGB). The SEM results assessed both the direct effects of Al on AGB and the indirect effects
mediated through fragmentation and biodiversity. Both linear SEMs and nonlinear SEMs were
tested to capture flexible, potentially threshold-based relationships. Model fit was assessed
using Fisher’s AIC and directed separation test. As a complementary approach, spatial GAMs
were fitted to explore the functional forms of fragmentation and biodiversity effects on AGB
while controlling for aridity.

5.2.1 Limitations of the methodological approaches

The methodological approach for the literature review was only focused on the review of
articles and did not consider conference proceedings, technical reports, or institutional
documents. As a result, some emerging practices and methods may have been ignored. Some
data-fusion modalities relevant to national-scale biodiversity monitoring were only partially
captured, including an extensive review on the multitemporal fusion of RS data, co-registration
adjustment practices with SAR datasets, and species occurrence (GBIF) data bias, among
others. The review of RS preprocessing steps emphasized general principles without
exhaustively assessing those consequential in tropical environments.

In Paper |, the estimation of tree species diversity relied mainly on optical RS from PlanetScope
in combination with field-derived indices (H', D2, S, and J'). While the approach demonstrated
strong relationships between spectral variability and species diversity, the methodology had a
limited scope. Other sensor types, such as LIiDAR or radar, were not included, and they could
capture complementary structural and non-optical vegetation properties. Similarly, the
environmental predictor set was restricted, meaning potentially important ecological gradients
were not fully incorporated. Another limitation was the relatively small sample size, since field
data collection was constrained by accessibility in the forest reserve. As such, model robustness
could be affected, and results may vary if larger datasets were available.

In Paper 11, one of the key components of the EBV framework implementation and I1SO 19144-
2-based national land cover standards is the need for broad collaboration and stakeholder
engagement with as many institutions and users of land cover data as possible, especially those
reporting to international frameworks. Although this study engaged stakeholders through
collaboration efforts with FAO, time and resource limitations meant that consultations were
predominantly online and restricted to a few institutions. Feedback from the survey also
highlighted the need for capacity development and training in applying the land cover legends
and standards, beyond the availability of manuals. The FAO has since initiated follow-up
engagements through the Soil Information and Resilience project (SoilFER). As part of this

process, | led a team in Ghana to initiate stakeholder engagement and collect training data for
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validating the land cover dataset. Nonetheless, continuous stakeholder consultations are
necessary for gathering feedback and ensuring long-term adoption. Furthermore, although the
photo interpretation approach with the CEO platform proved useful in generating training data,
the process relies extensively on local knowledge, which may not always be available. Further
applications in other countries should invest in systematic nationwide field data collection and
broader stakeholder consultations.

In paper 11, species distribution and abundance models were developed to map dominant
species using occurrence-based tree species records from GBIF and environmental predictors.
A key limitation lies in the spatial autocorrelation of GBIF data, which are concentrated in
accessible areas, leaving large regions under sampled. This bias reduces the representativeness
of the models and introduces uncertainty in less-sampled zones. Moreover, the models
inherently assume that presence data reflect the true ecological niches of species, while fine-
scale processes such as disturbance regimes and interactions are not accounted for. Abundance
estimation using ZIP models captured general patterns but showed variable predictive
performance, particularly in areas with sparse occurrence data.

Paper IV analyzed the effects of climate change and forest fragmentation on AGB using global
datasets: ESA-CCI biomass and validated with GEDI footprints, the Global Al, and Copernicus
land cover products. A limitation of this methodology is the partial temporal mismatch across
datasets: the Al is based on long-term climatic averages from 1970 to 2000, while the biomass
data reflect conditions around 2017 to 2020. This mismatch could introduce uncertainty,
although the datasets remain ecologically relevant. Additionally, fragmentation metrics were
derived from binary forest/non-forest classifications, which simplified complex land cover
characteristics and may overlook subtle yet ecologically important land use transitions. The
biodiversity component relied on limited field-based indices, which constrained the ability to
fully capture species-biomass interactions.

While these findings are informative, they must be interpreted cautiously, given data
limitations, and should be strengthened with expanded field surveys and long-term monitoring.
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5.3 Key findings

Implementing the EBV framework in Ghana provided an opportunity to address key
biodiversity monitoring challenges through expert consultation, RS, field surveys, and
advanced modeling. Results from the four research articles collectively demonstrate how
EBVs, ranging from ecosystem structure to community composition and species population,
can be operationalized to improve monitoring, reporting, and conservation planning in tropical
systems.

The most important results from the paper | are the established relationship between species
diversity and spectral information of the PlanetScope satellite data. Linking field-based indices
to PlanetScope showed that S and H' were the diversity dimensions most consistently captured
by spectral signals. Bands 6 (red) exhibited the strongest relationship (S: r =0.61, p< 0.001; H":
r = 0.58, p < 0.01), complemented by Band 2 (blue), while most vegetation indices (NDVI,
NDRE, SAVI, SRI), were negatively related to S and H', with NDRE strongest (r = —0.48, p <
0.05). Forward stepwise regression retained Bands 6 and 2 for both S (R? = 0.47; RMSE = 1.00;
AIC =85.15) and H' (R? = 0.42; RMSE = 0.17; AIC =—10.74), yielding spatial predictions that
revealed moderate, heterogeneous diversity with localized hotspots. D? and J' were not modeled
due to their weak or non-significant correlations, enforcing the point that S and H' are the most
significant diversity under these conditions (Aklilu Tesfaye & Gessesse Awoke, 2021; Conti et
al., 2021; Gyamfi-Ampadu et al., 2021).

The systematic analysis of land cover legends and classification approaches revealed
substantial inconsistencies between global and national datasets, often driven by semantic
ambiguities, coarse spatial resolution, and differences in land cover class definitions. (Mushtaq
et al., 2022). The study implemented an ISO-based national land cover legend to address these
issues, relying on the WALCRS and the international standards described in ISO 19144-2. The
process involved consultation with stakeholders and creating a land cover legend of 37 classes
tailored to reflect Ghana’s heterogeneous landscape, including plantations such as oil palm,
rubber, specific agroforestry systems, mining sites, and salt pans, which are absent from global
products. The subsequent RF classification of Sentinel-1 and Sentinel-2 imagery in GEE,
supported by systematic hyperparameter tuning and validation, produced a 2023 national land
cover dataset with an overall accuracy of 90%. Mining sites and built-up areas achieved the
highest accuracy, while savanna and cultivated lands showed expected confusion due to
spectral similarity. Importantly, this national product revealed significant discrepancies in
global datasets: built-up areas reported 3.9% by the Environmental Systems Research Institute
(ESRI) and 1.3% by MODIS, while the national dataset recorded 1.9% for built-up; cropland
estimates by ESRI were 3.8% and 10.9% for MODIS, contrasted sharply with 46.5% for the
national land cover (Njomaba, Mushtaq, et al., 2025). These divergence in land cover
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percentages mirrors findings from Herold et al. (2006) and Tsendbazar et al. (2016), who have
documented cropland differences of up to 30%, consistent with the overestimation of urban
areas in coarse products. Incorporating the WALCRS, Ghana's national land cover achieved
greater ecological relevance and interoperability, echoing the experience of the Gambia, where
the adoption of the WALCRS reduced cropland estimation errors by 22% compared to MODIS
(Gregorio et al., 2022). The results underscore the necessity of regionalized standards for
REDD+, greenhouse gas reporting, and SDG monitoring. Nevertheless, adoption challenges
remain for capacity building, language translation, and consistent documentation across
institutions. As highlighted by stakeholder feedback and presented in Paper Il, training and
continuous engagement are required to ensure long-term sustainability and usability of
standardized legends in West Africa.

The most important finding in paper 111 was the mapping of tree species distribution and the
estimation of population abundance of tree species across Ghana. Screening of 1,756 species
across 282 plots identified the three dominant species as Napoleaonaea leonensis (18.1% of
plots, Myrianthus serratus (13.8%), and Penianthus patulinervis (6.4%) for modeling. MaxEnt
models performed strongly (AUC 0.93 — 0.96; Kappa 0.72 — 0.82; TSS 0.76 — 0.85), with key
predictors including soil texture, slope, forest cover, and bioclimatic variables (BIO6, BIO19,
BI0O3). Abundance models (ZIP) showed the best fit for Penianthus patulinervis (Pseudo R? =
0.632), with uncertainty lowest in core abundance regions. Species richness was concentrated
in the south-western moist evergreen/transition belts, with higher richness inside PAs (mean =
0.102) than outside (0.019). A composite conservation index (suitability x abundance) mapped
23.3 Mha of hotspots, ~30% within current PAs and ~70% outside, indicating significant
protection gaps.

The most important finding in Paper IV was the use of SEM to provide deeper insights into the
causal pathways of aridity, fragmentation, biomass, and biodiversity. Results showed that
aridity affected AGB directly (wetter conditions supported higher biomass, while drier
conditions resulted in lower biomass) and indirectly, through fragmentation. Drier aridity zones
were associated with higher fragmentation metrics, significantly reducing AGB. This highlights
the mediating role of fragmentation in carbon loss, consistent with Brinck et al. (2017), who
demonstrated that dry tropical forests are particularly vulnerable to fragmentation under climate
and land-use pressures.

The GAMs also revealed nonlinear relationships between fragmentation metrics and AGB.
Among the five fragmentation metrics, AREA_MN exhibited the strongest contributions with
a unimodal response peaking at intermediate patch size. This suggests that moderately sized
patches may maximize carbon storage by balancing interior habitat and edge effects, whereas

large patches reduce AGB. Similar unimodal or hump-shaped relationships between patch size
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and ecosystem functions have been observed in the tropical regions, where moderate
fragmentation enhances heterogeneity before degradation dominates (Arroyo-Rodriguez &
Fahrig, 2014)

6. International Collaborations and Achievements

A strong international collaboration was established as part of this Ph.D. study. Paper Il was
conducted in collaboration with consultants and researchers from the Geospatial Unit of FAO.
This collaboration formed part of the SoilFER project, which aims to improve agricultural
livelihoods and build the resilience of agrifood systems in Central America and Sub-Saharan
Africa, specifically in Guatemala, Honduras, Zambia, Kenya, and Ghana. The Geospatial Unit
of FAO is engaged in two main components of the SoilFER project: (i) Development of
improved crop models to enhance agricultural productivity, (ii) Development of a global
decision-support platform for localized decision-making.

For Ghana, and in alignment with one of the objectives of this thesis, collaboration with FAO
led to the production of an 1SO-based national land cover legend and dataset. This dataset is
intended to serve as a core input for suitability modeling, which will, in turn, provide outputs
required to support the project’s decision-making and agricultural planning processes.

7. Conclusion and recommendations

This dissertation was premised on the need to define a standard set of biodiversity variables
from the EBVs framework that can be monitored in Ghana by integrating satellite RS data and
field-based observations. The work focused on two key EBV classes: Ecosystem structure (land
cover, forest fragmentation, and above-ground biomass) and species populations (species
diversity, distribution, and abundance). These variables were derived from multiple sources,
including RS datasets (PlanetScope, Sentinel-1, Sentinel-2, ESA Biomass, and Copernicus
Land Cover dataset), field inventories, global biodiversity repositories such as GBIF, and
ancillary global datasets (Al, bioclimatic variables, soils, and topography). This thesis
generated robust and nationally relevant biodiversity indicators by combining global datasets,
field observations, RS, and statistical and ecological modeling approaches. The outcomes
presented in papers I-1V demonstrate that RS and EBV-based monitoring can provide scalable,
reproducible, and cost-effective tools to support biodiversity management, conservation
planning, and national reporting obligations. The overall conclusion is that EBVs can be
operationalized in Ghana by integrating satellite and field-based data, providing a scientifically
sound pathway for long-term biodiversity monitoring and policy support.

In paper I, the study showed that high-resolution optical satellite data, such as PlanetScope, can
predict three species diversity with significant correlations to the visible spectral bands,
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particularly red and blue. The findings confirmed that optical spectral signals contain strong
ecological information linked to pigment content and canopy structure.

Paper Il demonstrated the operationalization of 1SO-based land cover standards in Ghana by
developing a national land cover legend and dataset based on the ISO 19144-2 framework and
the WALCRS. Using Sentinel-1 and Sentinel-2 with a Random Forest classifier, the study
achieved a higher classification accuracy (overall accuracy of 90% with robust user and
producer accuracies), loutperforming widely used global land cover products. Thus, it
confirmed the suitability of ISO-based standards for generating reliable, nationally relevant
land cover datasets. A structured stakeholder survey further complemented the technical
assessment by engaging experts. The survey revealed key challenges to adoption, including a
lack of proper documentation, cost implications, and complexity of standards, leading to
inconsistent use of terminologies. Nonetheless, stakeholders highlighted several meaningful
opportunities, notably the potential of standardized land cover products to support decision-
making and policy development, enhance data accuracy and reliability, and strengthen Ghana’s
capacity for monitoring, reporting, and verification in line with international standards.

In Paper Ill, species distribution and abundance models were developed for three dominant
forest tree species using GBIF and field occurrence data. MaxEnt models performed strongly,
while ZIP regressions mapped abundance and identified uncertainty patterns. Richness and
composite index revealed biodiversity hotspots in Ghana’s moist semi-deciduous and
transitional zones. This confirms the existence of major conservation gaps.

In paper 1V, the analysis confirmed that climate change, represented as aridity, has both direct
and indirect effects on AGB. Using a space-for-time substitution, the study demonstrated that
biomass declines systematically from humid to semi-arid zones, with transitional forests
showing the steepest declines. Fragmentation further mediated the indirect effects of aridity on
AGB through increased patch density, reduced patch size, and irregular configuration. These
findings highlight the importance of addressing both climatic and structural drivers of biomass
loss.

This dissertation demonstrates that EBVs can be operationalized in Ghana by integrating RS
data, field inventories, global repositories, and ecological modeling approaches and relying on
a minimum set of key essential biodiversity variables. Collectively, the dissertation establishes
one of the first nationally based EBV frameworks in Africa, producing scalable and
reproducible indicators under Ghana’s NBSAP and related international commitments. The
framework is relevant for national and regional efforts in biodiversity protection and provides
a transferable framework for other Sub-Saharan African countries to strengthen biodiversity

monitoring systems. However, future works should consider the following recommendations:
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i)

vi)

Enhanced ground-based validation and field data integration: While the image
interpretation approach using the CEO platform, combined with global biodiversity
repositories like GBIF, proved effective for training and validation in this study,
incorporating large-scale and long-term field data collection would enhance the
reliability of land cover data and biodiversity indicators. Acquiring systematic
ground-based inventories across ecological zones, including the establishment of
permanent field plots to conduct species abundance surveys, would improve
biomass estimation accuracy, strengthen species distribution and abundance
models, and reduce uncertainties associated with spatial biases in existing datasets.
Adoption of time-series analysis: extending beyond a single-year classification to
multi-year or decadal datasets will capture seasonal variability and long-term
biodiversity trends, including deforestation rates and land cover change trajectories.
Integration of multi-sensor datasets: combining optical, SAR, and LiDAR datasets
will help to reduce spectral confusion, improve biomass estimates, and better
capture forest complexity.

Strengthening stakeholder engagement: building local capacity, developing clear
documentation, and removing the technical and financial barriers to adopting land
cover standards will improve uptake by national agencies and practitioners.
Developing EBV translation protocols: creating protocols to harmonize national
EBVs with global biodiversity monitoring initiatives will facilitate interoperability
and ensure that the contributions of nations are aligned with international reporting
systems.

Prioritizing conservation gaps: Translating hotspot maps into policy actions by
expanding protection and connectivity in under-protected moist semi-deciduous and
transitional zones will redirect the focus of national biodiversity monitoring towards

those hotspots, ensuring effective forest management practices.
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