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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.

80-90
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Annotation

Terrestrial biodiversity has been declining due to the increasing human popubétich
converts biodiversity areas tgricultural land and settlements, and overexploits plants to
obtain medicine, wood for fuel, and building materi@lBmate change arttie introduction of
invasivealien specieflAS) are other factors that threat@ndiversity. Hencgfinding effective

ways to monitor changes in biodiversity is esseffittiah a forest management perspective.
TheEssential Biodiversityariable (EBV) approacfacilitates the easier, more consistent, and
efficient detection of ecological change compared atb hoc indicators. This thesis
operationalizeghe EBV frameworkfor monitoring forest biodiversity change &hana by
integrating multisensor remote sensi{®S) datasets §entinel2, Sentinell, Landsat, and
PlanetScope) with fieldata,and existing vegetation dattsfrom databases such as Giebal
Biodiversity Information Facilitf GBIF). It links spectral signafsom satellite datasete tree
species diversityassesses the adoption standardizé land-cover datasetsfor national
reporting, quantifies ecosystem extent and fragmentation, and models species distribution,
population abundance, asgeciegichness to reveal conservation gaps. The results are a tested
approach for detecting and mappi-forgst 2oneg di ver
providing earlier warnings and evidence to prioritize protection, restoration, and sustainable

forest management practices

The organization of this thesis is based on four scientific artitlesfirst of whichassesses
forestspeciesdi v er s i t y tropinal faedstausiray dlanetScopdata (Njomaba et al.,
2024). The second article\(omaba et al., 20)Focuseson adoptinglandcover standards for
sustainabledevelopment in Ghan&onsideringchallenges andpportunities Thethird article

of the thesis{jomaba et al., 20)5ocuses on mapping the distribution and estimating the
population abundance of dominant forest tree species in Ghana,impiications for
conservatiorprioritization. The fourth articlesubmittecand yet to be publishedxamines 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 frameworkaimdtines RS,
field-based observations, amtifferent ecological modelingand geospatial approaches
operationalize EBVs for forest biodiversity monitoring in Ghaf@e research advances the
approach to tracking biodiversity change in tropfcaésts It introduces innovative methods
for assessing species diversityapping land coverand analyzingrelationships between

ecosystem variables

Vi



Keywords: Remote sensing, Ghan8jodiversity, EssentiaBiodiversity Variables,Land
cover, Species distribution, Tropical forests, Fragmentation.
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Foreword

Forests are among the moaportantterrestrial ecosystemas theyprovidehabitas for a wide

range of species, regulate the climate, store carbon, and support human live#@odgone

of the countries witlrich natural ecosystems and a great wealth of biodiversity, is facing
challenges to ithabitat quality, species quantity, and diversiighough steps have been taken

to address the challenges related to the loss of essential biodiversity, the country still faces
numeroughallengesincluding anthropogenic activities ththteaterbiodiversity, such as land

use conversion, wildfires, and mining, among oth&th a landarea of approximately
238,533 km], Ghana hosts a vast waevelgregritw er s e
dry savannah woodlandslonitoring forestbiodiversity change across suah extensiveand
heterogeneous landscape pasaeerechallengesOver the years, fieldasecapproachebave
beenemployed to monitor changes in biodiversityhile the approach haseen invaluable,

they are labeintensive, costly, and spatially limited, makingtallengingto capture large

scale biodiversity dynamics.

RS has emerged as a powerful complement to field survaf§sring repeatable and cest
effective method¢o monitor forestecosystems at national and regional scddespitethe
advantagepresented by R3imitations still exist especiallyin tropicalareaswhere persistent

cloud caoreragehindersthe acquisition of optical imagels such contextscombining optical

with Synthetic Aperture RadafSAR) provides structural information that complements
spectral dataAdditionally, highresolution optical sources, such as PlanetSdapeger enable
detailed biodiversity mappingThese constraints raise assentialquestion: How can
biodiversity monitoring b&omprehensivand practical for largecale(countrylevel) forest
ecosystemssuch as Ghana?

The concept of EBVs providegrameworkthatenables a hybrid approachimbegrating mult

source remote sensing datasetth field-based observation8y focusing on a core set of
EBVssuch as species population, community composition, ecosystem structure, and function,

biodiversity can be streamlineéd capturethe most relevant dimensions of change.

XMl
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1.0 Introduction

1.1 State of the art and motivation

Biodiversity is the foundation of ecosystem functioniagd serviceslt encompasses the
variability among livingorganismsat geneti¢ species, and ecosystem leyedsd supports
essential ecological processes such as nutrient cycling, pollinationfosuoihtion water
regulation, and climate stabilizatigReid et al., 2008D 2 a z e t . Baotiversity rdvidles )
direct and indirect benefits for humagssich agprovidingfood, medicineandcultural valuey

while ensuring ecosystem resilience émelcontinued delivery of ecosystem servi¢esoper

et al., 2012Cardinale et al., 2012pespite itritical role, global assessmeihsve consistently
shownthat biodiversity is declining at an unprecedented rate.|liteegovernmentabcience

Policy Platform on Biodiversitgnd Ecosystem Servicd®BES, 2019stimated that over one
million species face extinctiotue toanthropogeni@ctivities. Laml use changdprest habitat
degradation, overexploitation, pollution, invasive species, and clidistigptionsare among
thedrivers ofspecies loss acrossanybiomes(Jaureguiberry et al., 2022)

Terrestrial biodiversity is of particulamportance and conceamong the broad biodiversity
domains(IPBES, 2019)According toGaston (2010) and Newbold et al.(2015) terrestrial
ecosystems support approximately 80%haefknown species on Eardndaccountfor mostof
theglobalprimary productivity Forestsin particular, represent the magteciesiich terrestria
ecosystemsproviding habitafor more tharB0 % of t he wor | dos(FAOger r est |
2020) They are essentiain 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 advantagderest ecosystemare among the mos
threatened FAO, 2020) According toa global forest assessment reportHdO, 2020 an
estimated 420 million hectares of forest were lost globally as a result of their conversion to other
land usesagricultural expansigriogging, infrastructure development, and fifdsnsen et al.,

2013 Haddad et al., 2015)Between 1990 and 2020, the net decrease in forest area was
approximatelyl78 million hectares.

In West Africa forestsare part of the GuineGongolian biodiversity hotspo{®alhi et al.,

2013) notedglobally for theirspecies richness arehdemism levelsTheseforestsextend
across countries such &t td@l voi r e, Li beri a, Sierriml Leone
ecosystem services including water regulation, soil protection, and carbon ¢kdyageet al.,

2000) Tropical forests are under severe pressure despite their ecological and economic
significane. Between 1990 and 2015, the regiost most ofits forest cover, mainly due to
agricultural expansion (notably cocoa and oil palm cultivation), timber extraction, fuelwood



harvesting, and miningMiakinde, 2016) The fragmentation of remaining forests has further

reduced biodiversity and ecosystem integfiitsurance et al., 2012)

Within this r egi on anthe bighfotest ant trans@dnal roasnspart or e s t
of the upper Guinean forestasystem, one of theorld's most threatened tropical forest
ecosystemsThe countrys forestsare home to an estimated 3,725 species, including, trees
mammals, birdsamphibians,and reptiles (Ministry of Environment, 201,6CBD, 2016)
However, G h aantor@sdsard rapally disappearing. According @&obal Forest

Watch, Ghana recorded a 60% increase in primary rainforest loss in 2016 compared to 2017
(Figure 1) the highestate globally(Pandit et al., 2018Yhis trendunderscorethe urgent need

for effective monitoring and conservation mechanisms.

DRC m 2%
Tanzania == 3%
Panama mmm 4%
Colombia s 0%
Liberia m— 12%
Suriname e 12%
Angola e 21%
Papua New Guinea me———— 22%
9 Z a Wt i— 60,
Ghana S (0%

Country

0% 10% 20% 30% 40% 50% 60% 70%
Percentage

Figure 1: Top 10 countries losing the most tropical primary rainforest in 2018 by pe
increase from 2017Source(Weisse & Goldman, 2020)

Ghanahassignedseveral 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 (NBSAR) amework for
implementing the Aichi Biodiversity Targets under the Global Strategic PlaBiddiversity
(20117 2020. The NBSAPenhances ecosystem resilience and restoration, promotes sustainable
agricultural, aquacultural, and forestry management systems, and maagtasgstem services
and carbon stock@linistry of Environment, 2016)Additionally, Ghana patrticipates wther
global initiatives such as th&®edwcing Emissions from Deforestation and Forest Degradation
(REDDH), aimed at reducingeforestation anébrest degradation emissiondile promoting
conservation and sustainable forest manage(@hbs et al., 2007)

Despite thesgolicy-driven efforts, the countrystill facessubstantial challenges, including

habitat degradation, unsustainable land use, illegal mining, wildfires, poachinghand
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introduction ofinvasive specieffori et al., 2024)A significantlimitation to addressing these
iIssues 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 fledded observatiorad datasets, which are
time-consuming, spatially limited, and often inconsistent across institufiettorelli,2016)

To addresshe global and national challenges, the Group on E@ttkervationdBiodiversity
ObservatiorNetwork (GEO BON) developed the conceptEBVs, a standardized framework
designed tdharmonize biodiversity monitoring across scate2013 EBVsarea minimum set
of complementary measurements that capture key dimensions of biodiversity crahgek
primary data collectionRS andin situ) to indicators and policy reportingereira et al., 2013
Haase et al., 2018The EBV frameworlorganizessariables 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
Speciedistribution ,
! Species
Population abundance lations
Population structure by age/size class popula
Phenology
Body mass
Natal dispersal distance Species
Migratory behavior traits
Demographic traits
Psychological traits
Taxonomicdiversity Community
Species interactions composition
Net primary productivity
Secondary productivity Ecosystem
Nutrient retention function
Disturbance regime
Habitat structure Ecosvstem
Ecosystem extent arffthgmentatiofland cover y
structure

Ecosystem composition by functional type

Although the EBV framework has been applied mainly at global or regional scales, its
operationalizatiomt the nationdevel remaindimited, especially in African countrigs Pr o e n - a
et al., 2017) For Ghana, implementing EBVs throughtegrating RS and fiet-based
observations presents an opportunity to overcome data limitatidsisdiversity monitoring
andimprove and support biodiversity policy and reporfragneworks In thisregard this study
operationalize a standard setf diodiversity variables under the EBV framework for Ghana,
focusing onthreekey EBV classesEcosystem structureommunity compositioifland cover,



forestfragmentation, and abozground biomags and speciepopulations(specieddiversity,

distribution, and abundance

The study sesmulti-sourcesatellite data (PlanetScope, SentiheBentinel2, ESA Biomass

and Copernicus Globabnd Covedata)andancillary environmental dataseiscluding Digital
Elevation Model (DEM) derived slope and aspect, global aridityxindeclimatic variables

and soil datasetxombined with fieldinventory dataand vegetation data derived from the
Global Biodiversity InformationFacility (GBIF). By integrating these data within a modeling

and monitoring framework, the study proddcsgcalable, reproducible, and polioglevant
indicators that reflect biodiversity patterns amch a n g e i fores@G fAte natichale for
selecting these EB\&ems from the factthath ey ar e directly aligned
NBSAP andprovide costeffective, spatiallyexplicit alternatives to traditionafield-based
monitoring methodsThe study alsaddressskey information gaps ispeciedevel monitoring,

|l and cover standardization, and ecosystem ch:
under the CBD, REDD+, and Sustainable Development Goals (SDGs 13 and 15). Ultimately,
this researcprovides a framework that enhances monitoring, reporting, and verification (MRV)

of biodiversity and ecosystem changeguiding conservation planning and ultimately
contributingto global efforts taeduce biodiversity los# systematic literature revieusedthe

Web of Science Core Collection to situate this research within the broader scientific.context
The review focusedn publicationghataddresshe effects of EBVs oacosystem structure and
species populations. Tab summarizes the search queries and number of pubheatio
identified, while Figure® and3 illustrate the temporal trends of glob@hanaianand Tropical

Africa-specific publications



Table 2: Search queries artle 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 "Eal Land cover, 3391
Structure observation" OR lidar OR "synthetic aperture rad fragmentation,
(Global) OR SAR And "land cover" OR "fores biomass
fragmentation” OR fragmentation OR "abovegrot
biomass" OR biomass OR AGB And biodivers* C
"ecosystem structure” OR "essentiblodiversity
variable*" OR EBV*
Ecosystem "remote sensing” OR satelite OR "Eal Land cover, 66
Structure observation" OR lidar OR "synthetic aperture rad fragmentation,
(Regional, OR SAR And "land cover" OR "fores biomass
Ghana) fragmentation” OR fragmentation OR "abovegrot
biomass" OR biomass OR AGB And biodivers* C
"ecosystem structure" OR "essentiblodiversity
variable*" OR EBV* And Ghana OR "West Africe
OR "tropical Africa"
Species "remote sensing” OR satellite OR "Eal Species 1527
populations  observation" OR lidar OR "synthetic aperture rad diversity,
(Global) OR SAR And "species distribution" OR "speci species
richness" OR ‘"species diversity" OR "spec distribution,
abundance" OR occupancy And biodivers* ( species
"species population* OR "esdsal biodiversity abundance
variable*' OR EBV*
Species "remote sensing” OR satellite OR "Eal Species 18
populations  observation" OR lidar OR "synthetic aperture rad diversity,
(Regional, OR SAR And "species distribution" OR "speci species
Ghana) richness" OR ‘"species diversity" OR "spec distribution,

abundance"” OR occupancy And biodivers* ( species
"species population* OR "essal biodiversity abundance
variable*" OR EBV* And Ghana OR "West Africe

OR "tropical Africa"
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The publication trends (Figur&and3) indicate that EBWelated researcis comparatively
higher globally,especiallysince 2010. Studies on ecosystem structure EBVs domiuhiie,
studies onspecies population EBVsave received less attention, although they are steadily
increasingn number For Africa and, by extension, Ghana, the number of studies on EBVs is
significantly lower, particularlyin the species population domain, underscoring the limited
nationatlevel implementationof 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 Ghtre,
study pursues the following specific objectives:
i) Estimde forest species diversity in tropical forests using PlaneScope satellitarahta
field-based diversity indicas Ghana

i) Assess thechallengesand opportunities for adopting thelnternationd Standards
Organization ISO) 19442 land cover standards in Ghana for harmonized land cover

mapping.

iif) Mapthe distribution and population abundance of dominant forest tree species in Ghana
andevaluateheir implications for conservation prioritization.

iv) Assesghe effects of climate chandaridification) and forest fragmentation on abeve
ground biomass (AGB).

1.3 Hypothesis
The following hypothesis guides thisesis:

I) There is a significant relationship between spectral variability derived from PlanetScope
imagery and fieldnmeasured tree species diversity indices, allowing robust prediction of
forest diversity.

i) An SO 191442-based land cover legend and dataset provides clearly defined land cover
classes, enhancing the accuracy, interoperability, and usability of land cover information
for forest monitoring.

iii) iv) Species distribution models combined with abundance estimates can identify priority
areas for conservation.

V) a. Hla:DecreasingAl (aridification) reducesAGB directly, with humid zones
(higher Al)maintaining higher mean AGB thaemtarid zones.

b. Hlb:DecreasindAl (aridification)has an indirect effect on AGB, mediated
by forest fragmentatioand biodiversity.

c. H2: AGB exhibits a notinear responseto structural attributes of
fragmentation (Fragmentation metricsjith varying contributions across

different dimensions of fragmentation



1.4Thesis Structure

The thesis is organized into chapteasldressing key EBVs and biodiversity monitoring
components, usinBS and fieldbasedapproachesThe first chapter presents a comprehensive
literature reviewthat provides an overview athe EBV framewdt and highlights relevant
literatureon RS applications for biodiversity assessmertis chaptemalsocovers land cover
mapping standards and interoperability, forest fragmentation metrics, and approaches for
mapping tree species distribution, abundance, and diversieysecond chapter describes the
methodology including information on the study area and the conceptual framework used in
the research. lalso outlines the minodological approaches for land cover mapping,
fragmentation analysis, species diversity modelargdthe statistical and geospatial analysis
techniques used for mod#dvelopmentevaluationand validation.

The third chapter presents the resaftthis thesis, which are three published and one submitted
articles There is anothechapter on the discussiowhich includes an overall review of the
articles' outcomes, focusing on key findings, knowledge gaps, and methoddiogiedions.
Furthermore, the thesis also comprises-chdpters on international collaborations and
additional achievements during the study. Lastly, the Conclusioremminmendationare

included to summarize theverall concept of the thesis, findings, and future scope.



2.0Literature Review

This cdhapter is organized as follows. Section 2.1 introduces the Essential Biodivensétile

(EBV) framework, its six classes, and the policy context that motivatasdardized
biodiversity indicatorsSection 2.2eviewshow RS supportghe operationalization 0EBVS,
outlining optical, Synthetic Aperture RadaSAR), Light Detection and Rangind-iDAR),
hyperspectral senso@dmulti-source data integration. Section 2.3 focuses on land cover as a
core EBVvariable undethe ecosystem structurEBV: Section 2.3.2resentdnternational
standards and interoperabilitection 2.2 summarizefRS advances for land covenapping

and machind ear ni ng met hods; and S e ¢ {cover reffors,. 3. 3
highlighting the need fahe adoption o&n ISGaligned nationadland cover legend and dataset.
Section 2.4 examines forest fragmentation and structural indicators, covering theoretical
concepts of fragmentatipmvidely used landscape metrickale effects, and implicatis for
biodiversity and policy. Section 2.5 addresses species populations, tree species distribution,
abundanceand diversity with Section2.5.1 summarizing optical/SAR/LIDAR contributions,

and Section 2.5.2 comparing key modeling approachgection 2.5.3details diversity

estimation from RS

2.1 The Essential Biodiversity Variable (EBVY Framework
The lack of standardized, consistent, scalable indicators across countries and regions has long
hinderediodiversity monitoringFollowing theestablishmendf the CBD in 1994, parties were
encouraged to strengthen biodiversity protection efforts and to deNBISAPs. Adoptingthe
Strategic Plan for Biodiversit§20117 2020 and its 20 Aichi Biodiversity targets further
emphasized the importance of deyhy robust indicators to assess progf€&SFGGOLD,
2017) However, national biodiversity monitoring systems often differ widelgh@ir design,
suffer from inconsistent data collection, and lack openly shared datasets, creating significant
challenges for tracking progressvardthe Aichi biodiversity targetéSchmeller et al., 2015)
The GEO BON was established to harmonize global, regional, and national biodiversity
observation systems to address these chaker@geO BON proposed the concept of EBVs as
a framework to guide biodiversity monitoring efforiSBVs arethe minimummeasurements
required to detect and document biodiversity change across spatial and temporgPsoziles
Bruford, et al., 2013a)This frameworkalso aims at integraing data from multiple sources
including in situ observations, citizen science, &S] into indicators that inform science and
policy (Haase et al., 2018)
Initially conceptualized in 201FEBVs are organized into six class@$genetic composition,
(i) species populationgiji) 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 ecosystdaeseet al., 2018) Like other
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Essential variables (EVs), such as the Essential Climate Variables (BZt¥g)climate science
community, EBVs are required to mette criteria of scientific robustness, feasibility,
scalability, and policy relevangKissling et al., 2018)

RS has been highlighted ascatical enabler othe EBV framework Pettorelli(2016)argued

that satelliteEO provides a uniqueapacity to deliver consistent and repeatable biodiversity
metrics ata larger scale, helping to overcome the limitations fa#ld-based approaches.
Advances in EO platforms, including the Landsat and Sentinel series, LIDAR missions such as
Global Ecosystenbynamics hvestigation(GEDI), and upcoming spaceine initiatives like
ESA6s Biomass mission, have expanded .g.he pot
land cover, fragmentation, and abey®und biomass) and species populati(@avender

Bares et al., 2020)

Despite these advances, challengstin defining and operationalizing a universally accepted
set of EBVs.There aredisageementgegarding which biodiversity variables ctaasibly be
monitored remotely how to integrate them with in situ observations, and how to ensure
continuity of observations across time and sp@&avendeBares et al., 2020}-urthermore,

while some countries and institutions haadoptedEBV-related indicatorssuch as South
Africads Nat i on a,mar®y trapidal countries,iintludingl Ghand, contimue &
lack standardized EB¥ligned monitoring frameworks.

Overall, the EBV framework has emerged as a cornerstone for biodiversity monitoring and
reporting, linking scientific advances RS and ecological observations withteénnational
policy needs under the CBD and IPBBE%ereira, Bruford, et al., 2013By emphasizing a
limited yet essential set of variables, EB\&fer a practical pathway for harmonizing
biodiversity data collection and ensuring that future monitoring efforts are scalable, cost

effective, and policyrelevant

2.2 Remote sensing for biodiversity monitoring

RShas become significantsource otechnologyin biodiversity monitoring because it enables
repeated, spatially consisteahdlargescale measurements of ecosystems and species habitats
(Wang & Gamon, 2019)Compared to field inventories, which are |labdensive, time
consuming, and spatially restricted, Rf®videsthe opportunityfor repeatable observations
critical for longterm monitoring(Nagendra, 2001)These advantagasake RS particularly
relevant for operationalizing EBVs, which reqisealable datetsacross spatial and temporal
scales.

RS technologies can broadly be categorized into passiaetive and laser
scanning/hyperspectral systems. Optical sensors, such as Landsat and-Zecapélre
reflected solar radiation ithe visible to shordwave infrared bandsf the electromagnetic

radiation spectrurrallowing vegetation indiceand phenological metrics to be deri@&itusch
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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 resoluti@@riffiths et al., 2014) SAR sensors,
such as Sentindl, overcomecloud limitations and providenformation on forest structure,
biomass, and moisture througteir microwave backscattgt ucas et al., 2010LiDAR and
hyperspectral systemispthairborneandspaceborngprovide finescale structural information

but are often limited bthe high acquisition cosand narrow coverag&assnacht et al., 2016)
Numerous studies have demonstrated the application of RS in biodiversity monikming.
instance, Landsat time series have been used to track forest distudna recovery across the
Carpathians, providing insights into habitat dynamics over three de(@déghs et al., 2014)

At a global scalethe Moderge Resolution Imaging Spectroradiomet@iODIS) and Landsat
data have supported the development of Essential Climate and Biodiversity Variables related to
net pimary productivity and land cover chanettorelli, 2016) More recently, Sentinél

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

al., 2016) while Sentinell SAR backscatter has been linked to tropical forest diversity and
structure(Hoffmann et al., 2022)in addition, airborne LIDAR campaigimve been used to
model forest biomass and canopy complexity as proxies for habitat diaitgr et al., 2017)

In recent yearsintegratingmultiple optical remote sensing data sourtesbecome a key
strategy(Pasetto et al., 2018 ombining optical SAR, and digital elevation data enhances
classification accuracies and alloice better modeling of biodiversity indicatgrsuch as
species distribution and biomg#&ersson & Lindberg, 2018)he increasingvailability offree
satellite data through programs like Copernicus and Lanmwsabtinedwith advances in cloud
computing platformsuch asGoogleEarth Engie (GEE) hasalso made it possible to process
large data volumes for national and regies@dlebiodiversity(Azzari & Lobell, 2017)

Despite these advancégyh spatial resolution data are still costly and limited in coverage, while
differences in forest structure, climate, and availability of reference ptatent makehe
acquisition and usage of RS data challengimullder et al., 2004)Neverthéess,integrating

RS with insitu and biodiversity repositories offers one of the most promising pathways to

achieve hanonized, repeated, and scalable biodiversity assessments.

2.3 LandCover Mapping, Standards, and Remote Sensing

Land cover is a fundamental EBV under ttlass ecosystem structure aisdthe basis for
understanding forest fragmentation, biomass, and habitat distrilfS8kaimore et al., 2021}t

is also linked tdwo centralSugainable Development Goals (&B), SDG13 (Climate Action)

and SDG15 (Life orLand), as well as frameworks such as REDD+ and Land Degradation
Neutrality (LDN) (Njomaba, Mushtaq, et al., 202%ccurate, standardized, and comparable

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

The growing demandfor a consistent land cover dagt across scales has spurred the
development of international standafffs Mensah et al., 2024 echnicalcommunities such

as the Open Geospatial Consortium (O@G@Y thelSO provide frameworks to ensure data
accuracy, interoperability, and policy relevafk®O/TC 211, 2022)Specifically, ISO/TC 211

on Geographic Information/Geomatics established the IS®44lS%eries, which defines
standardized approaches for land cover and land us#iclatson (1ISO 191442, 2012) A key
innovation within this framework is the Land Cover Meta Language (LCMhjch provides

a flexible, hierarchical system to describe land cover featured basstructural antlnctional
attributes (Mushtaq et al., 2024)LCML has been adopted by th@od andAgriculture

Or g ani zFRAD)iLana @oser Llegend Registry (LCLR), which currently hosts more than
30 subnational and national legends developed according to ISO stan{edshtaq et al.,
2024) Despite thignitiative, manycountries still lack standardized national land cover legends,
limiting global regiona) and nationatomparabilityof land cover datasetsyeakening the link
betweemational monitoring and international reporting framewofRetapov et al., 2022)
Several classification systems have been developed gloinallydingthe European CORINE
Land Cover, thdJnited States Geological Survéy SG Anderson Classification, and the
EAGLE framework(Njomaba, Mushtaq, et al., 2028)hile these systems support regional
needs, they aneot interoperable with each other, further underscoring the importance -of ISO

based harmonizatio(Seebach et al., 2011)

2.3.2 Remote Sensing Advances in Land Cover Mapping

Land observatiommissions have historically providegobal timeseries data since the 1970s,
enabling longterm land cover change analy¢§Wulder et al., 2022)The sentinel missions
under the European CopernicBsogramhave significantly improved spatial and temporal
resolutions, particularly with Sentin@d s mul t i s p e c t ir28rh)and Sentinellu me n t
(Drusch et al., 2012)

Machine learnin@pproaches, such as Random Forest (RF), Support Vector Machines, (SVM)
and deep learningmodels like Convolutional Neural Networks (CNN), hasehieved
classification accuracies above 90% in heterogeneous land¢btesell et al., 2018)These
methodsand cloud computing platforms, such as Google Earth Engivaglemonitoring of
national to regionascale land coveiAzzari & Lobell, 2017)

However, persistent challenges remain: spectrally similar classes as cropland and
grasslangdare difficult to distinguish, while highesolution imagery is still costly for operational
national monitoring (Herold et al., 2008)n SubSaharan Africa, additional challenges include
fragmented institutional responsibilities, limited adoption of international standards, and

reliance on global datasets that may not reflect national reglisesidbazar et al., 2016)
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2.3.3 Land CoverMonitoring in Ghana

In Ghana, national land cover mappiefforts began in the early 2000&;jth the Centerfor
Remote Sensing and Geographic Information Services (CERSGIS) and the Forestry
Commission producing subational datasets (e.g., 1990, 2000, 2010, 2012, 2015) under various
initiatives, including the Forest Preservation Progi@hana Forestry Commission, 2018)
These maps were often produ@dhe subnational, municipalnd district levels ancely on
existing global data, such as the ESA land cover (@§tanaba, Mushtaq, et al., 2025)

Despite these efforts, Ghana still lackstandardized national land cover reference system
aligned withthe 1ISO 191442 land cover standard&gain, mostmapsusevarying classification
schemesdefinitions of land cover classemd objectives, limiting their comparability across
time and with international datas€ts. Mensah et al., 2024Tonsequently, global products

s uc h a €limat&Ghange Initiative Land Cover and Copernicus Global Land Cover maps
are often used in national reporting, despite sometdivesging from locally produced maps
(Conchedda & Tubiello, 2021)

Developing a standardizé80O-based national land cover legend and dafasegshana would
bridge these gapanprove data interoperabilitgnd strengthen reporting to global conventions
Moreover, it would enhance the integration of land cover as an EBV for biodiversity monitoring

directly supporting Ghanadés SAP.mmi t ments unde

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 patchescigtical under theEcosystem StructurEBV sulrlass
(Pereira, Bruford, et al., 2013bffragmentation alters ecosystem integrity, reduces habitat
connectivity, and intensifies edge effeatspacting species populations, biodiversity resilience,
and ecosystem functioningiGOFGGOLD, 2017) Both anthropogenic activitiege.g., land
conversion, logging, mining, agriculture) and natural processes {eastorms climate
change contribute to fragmentatiafHaddad et al., 2015)

The IUCN Red List ecosystem criteria includebitat fragmentation and degradation as
indicators of declining ecosystems. Th&amework recognizes that ecosystems with more
isolated andragmented patches are more vulnerable and at a high risk of co(lepitle et al.,

2013) Understanding where and how fragmentation occurs, whether in ecosystem interiors,
edges, operipheries, is crucials ecological processes such as productivity, nutrient cycling,
and water regulation may not be uniformly distribufRdtters et al., 2000)A global analysis

by Ma et al(2023) found thatincreased fragmentatiaontributedto forest loss betweez000

and 2012, highlighting essential risks for biodiversity conservatiomeamagement.

RShasbeen applied in fragmentation analygigyviding repeatablandsynoptic coverage over

long periods. Using Landsat and RS d&taivonen et al(2023)analyzedorest fragmentation
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patterrs, combining spectrainformation with NDVI-based change detection. Similarly,
Carranza et a[2014) analyzed three decades of fragmentation in the dry Chaco using Landsat
imageryand applied the Fragmentation Statistics Softwaeeived (FRAGSTATS) metrics,
including percent forestover, edge density, mean patch size, and patch density. Their results
revealed forest loss and structural r&@gguration over time, underscoring the importance of
multi-temporal approachder fragmentation analysis

Beyond temporal monitoring, methodological considerations@pa crucial roleFynn &
Campbell(2019) explored how the spatial resolution of satellite images (Landsat,n8enti
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 imagesolutionin fragmentation studies. Commonly used
metricsare presented in TabB

Table 3. Forest fragmentation metrics, equations for computation, and their descriptions. Variables
include N = total number of patches, A = total landscape ares, teilal 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 frdnaruvbe & Atafq2018)andMcGargical et al(2023)

Fragmentation

metrics Equation Description

Total number of discrete forest
Number of patches W patches within the buffer. Higher N

(NP) vou indicates greater fragmentation.
Landscape Shape ~'O ™ B A, Quantifies shape complexity by
Index (LSI) R standardizing total edge length tc
landscape area; 0.25 corrects for re
geometry.
Mean Shape Index 5 Y0 0 "YO Average shape irregularity of fore:
(MSI) v 0 patches; higher values indicate mc
complex patch form.
Edge density (ED) .. B A.. Total length of forest edges (m) pe
00 5 wpmmm hectare of landscape area (A).
indicates the relative amount of ed
habitat.
Patch areamean 0 Y® g 6 'Y OQ & & Arithmetic means of forest patch

(Area_MN) areas. Reflects average patch size

connectivity.
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While global fragmentatioanalysisare informative, national and regional studies are required
to support policy. In Ghana, fragmentatiormainly drivenby agricultural expansion, illegal
mining, logging, and fir¢Bonsu & Bonin, 2023)A few regional studies have been conducted,
documenting therelationship betweenforest disturbance, biodiversity, and biomass. For
example Addo-Fordjour et al(2009)reported declines in woody biomassl species richness
with increasing forest disturbance, but withanbdeling fragmentation metric&imilarly,
Mensah et al(2017) found from their studieshat biodiversitypositively influences forest
productivity in Ghanahowever,these relationships were explored independentigpaitial
configurations With the role fragmentation plays in forest ecosystem integrity, assassing
impacts on biodiversityill supporteffective forest management practices.

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

Tree species composition and distribution are critical biodiversity indicamditeencing
ecosystem functioning, productivity, and habitat provigimekhi et al., 2017)The loss otree
specieslueto land use changmainly deforestation and fragmentatigposes seriouthreatso
ecosystem services and biodiversity conservdn& Subedi, 2015Wang & Gamon, 2019)
Monitoring tree species populations is therefokewindicatorfor biodiversity assessmengs
speciespopulation trends are central to EBVs and global monitoring framew@deira,
Bruford, et al., 2013ahowever traditional approaches such as field inventories remain costly,
laborintensive, and spatially restricted

2.5.1Remote sensing for Tree Species Distribution

Early work with Landsat data providéusightsinto forest type classificatigiout often failed

to capture detasl at the specidgvel due to mixed pixels and moderapatial resolution
(Griffiths et al., 2014)Medium-resolution sensorsuch as Senting, have recently advanced
tree species mapping due to their-eetje and Shortwave Infrared (SWIR) bands, which offer
frequentrevisit cycles.Immitzer et al.(2016) demonstrated the ability to separate seven
deciduousand coniferous species in Bavaria aml@solution using supervised classification.
Later, Hemmerlinget al.(2021) showed that incorporating multitemporal SentiBedatawith
Sentinefl further improved classification accuracy by exploiting phenological differences
betweenspecies. SimilarlyPersson & Lindberd2018) confirmed the value of Sentingl
satellite imageryor identifying species in boreal environments.

Radar and LiDAR sensoc®@mplemenbpticalimageryby capturingdetailedinformation about
forest structureFagua et al(2021)revealed thaBentinell radar backscatter correlates with
species diversity in tropical forestshile Bruggisser et al2021)found moderate correlations
between radabasedforest structure such as tree height, covemd diversityin temperate

forests. LIDAR has provehelpful for estimating vertical forest structyreeight, crown size,
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and stem densitynd it iscritical for biomass and carbon stock estimatiBargen et al., 20Q9
Steinmann et al., 2013)

2.5.2 Methodological Approaches: From MaxEnt to Ensemble Classifiers
Different statistical and machine learning approaches have been appireimodelng and
predictngtree species distribution and diversilsingRS and fieldbaseddata

i) Maximum Entropy (MaxEnt)MaxEntis one of the most popular species distribution
modelsand isprimarily helpful for presenceonly data.Chiang et al(2016)appliedthe
MaxEnt approachwith Landsat8 imagery and topographic variables in Mongolia to
generate probability maps of tree species distriputibhs approach successfully
identified speciesenvironmentrelationships but overestimatespeciesdistribution
highlighting the need for additional explanatory variables.

i) Random Forests (RF): An ensembiachindearningapproach thagffectively handles
high-dimensional spectral dathiu et al. (2018)combined Landsa®, Sentinel2, and
Digital Elevation Model DEM) data in subtropical China to classify four tree species
This achieved an accuracy&#.8%, withthe inclusion of terrain data furthienproving
the resultsAlberto et al.(2018)compared RF, SVM, and-nearest Neighbo(NN)
for Andes Mountain forestodelingand foundthat theRF approachperformswell,
particularly when integrating DEM variables with spectral data.

iii) Support Vector Machines (SVM)This approachis dfective in highdimensional
spectral spaces, particularly for Sentidednd hyperspectral data. Studieslbymitzer
et al.(2016)andHemmerling et al(2021)demonstrated thdhe SVM methodcaptures
more mine spectral and phenological differences between species, producing high
classification accuracy in hetgeneous forest environments.

iv) K-nearest Neighbor (KNN)This method is @imple classifier, used as a baseline in
several studiefAlberto et al., 2018)While capable of classifying forest types, KNN is

more sensitive to noisy data and less accurate in complex environments

2.53 Mapping Tree Species and Abundance

Beyond species classification, RS has been applied to estimate tree diversity indicesr®ich as
ShannorAWienerindex(H'), Simpso® s Di v e r(B2), $pgcied richthexS), and Species
evennes$J). The spectravariation hypothesis, that higher spectral heterogeneity corresponds

to higher biodiversity has underpinnednost research in this are@occhini et al., 2013)
Rampherietal2022)e st i mat ed t r ee diBlogbergNature Reserve8smg t h A"
remotely senseddata and bioclimatic variables linking results to communitpased
conservation effortsReyesPalomeque et al(2021)mapped f or est age <cl as

Yucatan Peninsula, relating age to structural and compositional attributesesifspecies
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diversity. Their study confirmed that Rfgrived forest age mapan providevaluable insights
into successional dynamics, which are critical for biodiversity conservation and effectise

management.
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3.0 Materials and methods

This chapter describes the study athe,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 framewag&stss and
monitor biodiversityin West Afric, this section emphasizes the proceddex®lopediuring

the research phase. The methodology wasi mar i 'y tested across Gh
spanning frondry savannah to moist evergreen for@stl a forest reserve area; howeviee,
frameworkcan be adapted tther tropical landscape§herefore, its application in different
ecological or climatic regions woutéquire recalibratioand streamlining datasets to country
basedndicatorsthatreflectlocal conditionsand policy Based on the outcomes of this study, it

is already possible to anticipate which EBV indicators are modgital for explaining
biodiversity change and carbdynamicsundervaryingenvironmental process@&s GhanaThe

EBV framework provided thefoundationfor organizing and harmonizing da&s for the

country, focusing onthreekey EBV variable: Ecosystem structure, community composition

(land cover, forest fragmentation, and abgveund biomass), and species populations (species
diversity, distribution, and abundancBS products, such as PlanetScope, Sehtin8entinel

2, and ESA Biomass datasetgrovided spatially explicit inputs that enabled scalable
assessments of land cover, fragmentation, and biorithsse were complemented by field

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

robustness of the modedad analysis

3.1 Study area

In line with the thesis objectives, this study was conducted at two spatial scalegtitbe
country and the Bobiri Forest Reserve (BFR) in the AsHRagion(Figure 4) Ghanais a
country inWestAfrica bordered by Burkina Faso to the nottiglvory Coasto thewest, Togo
to the east, and the Gulf of Guinea to sloeith (Figured). It coversan area of approximately
238,533 square kilometerEhe countryis ecologically diverse, ranging from tlgainea
savannah in the north to tineet evergreen forests in the soyfigure5), makingit an ideal
setting formonitoringbiodiversityand foresdynamics Ghana experiences a tropical climate
with mean annuakemperatures between 21 a 8 4 . 3and rainfall patterns ranging from
900 mm in the north to over 2000 mm in the so(Abbam et al., 2018Despite havingbout
15 % of its land under protection, widespread anthropogamissures such as agriculture,
logging, andmining continue to fragment forest landscapes and threaten biodiW&eigr,
2024)
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Forassessin{prest tree specialversity(Objective I) which required fielebasedbservations

and remote sensing optical information, the BFR was the study area where a field data campaign
was conductedHowever, for all three other objectivess#essment of land cover standards
(objectivell), the mapping of dominant tree spedesributionand theipopulationabundance
(objectivelll ), andthe evaluatiornof theeffects of climate change on AGB modulated by forest
fragmentation and biodiversity (objectiid), the study covered the entire country. This broad
coverageensuresonsi st ency in evaluating ecol ogi cal
heterogeneous landscapd$ie BFR, which is located approximately 25 km northeast of
Kumasiin the Ashanti Region of southern Ghaties between latitudesA80 6344’ N and

| ongi 15u1q\,5e2 2 dvendigapproximately 3R m(Njomaba et al., 2024%Bituated in the
semtdeciduous forest zone, tH&FR represents he countryo6s brisader
canopy is multilayered, averaging 40m with trees up to 60m tall, imgjual mixture of
evergreen andeciduous species such @sltis zenkeri, Triplochiton scleroxylon, Sterculia
rhinopetala, Negogordonia papaveriferamong othergDjagbletey, 2014) This reserve
experiences a bimodal rainfgiattern with the major seasoonccurring from April to July and

the minor season from September to November, yielding an annual total between 1,200 mm
and 1,750mm. Temperaturesemain highyearround, with mearmaximum yearlyvalues

ar o u n dTopographically, the resenfeatures a slightly undulating {8%) slope with
elevations ranging from 180 m to 145m above sea level. The soils vary from sandy to clay and
leached sandgyilt types, supporting a diverse rangevefetation(Djagbletey, 2014Addo-
Fordjouret al., 2009)

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

2 SE 8E 11
8N BOBIRI FOREST RESERVE

CRS: WGS 1984 Zone 30N | )| CRS: WGS 1584 Zone 30N | |

Figure 4: Study area. National map of Ghana with administrative regior
the Ashanti Region highlighted; inset of the Ashanti Region showing di:
and the location dBFR (top right); falsecolor composite of thBFR
(bottom right)
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within Africa (right).

3.2 Methods

3.3.1 Application of the Essential Biodiversity Variable (EBV) Framework

This studyoperationalizedhe EBV framework proposed lige Group on Earth Observation
Network (Pereira et al., 2033ettorelli, 2016)as an organizing principle for biodiversity

monitoring and assessment in GharizBVs provide a globally recognized structure for

harmonizing biodiversity measurements across sdidesield observationdR Sproducts and

policy-relevant indicatorgPereira et al., 201 3Fettorelli, 2016) GivenGhana's vast size and

ecological heterogeneityganging from savannas to sedeciduous forests and moist evergreen

forests, the EBV framework provided a practical means to focus on a limitegpyesentative

and essentiaet of measurable variables. These variables were selected accordingrathree

criteria:

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

ecological processd¢satarano st cr i

related to land cover, biomass dynamics, and species divérsayrding toJetz et al.
(2019) EBVs aredesigned to provide a standard set of essential nexasuts that
bridge raw biodiversity observations and polieyevant indiators. Their framework

for speciespopulation EBVsdistinguishinghetweerdistribution and abundance within

ti

c al

t o

&peaiallyhose

f or es

a spacdime-species cubere-echoesthe importance of capturing both ecosystem

structure and species populations as central dimensions of biodiversity mgnitorin

Applying this rationale, the selected EBVs in this study proviadastfoundation for
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assessing forest biodiversity change in Ghana while ensuring alignment with globally
recognized ecological prioritiemdframeworks

ii.  Feasibility of measurementgariables were included only whenaiable data sources
were available ahnappropriate scald-or instance, PlanetScope imagenableghe
estimation of species diversity at a high resolution of 3m, and the ESA Climate Change
Initiative (CCI) Biomass data provide nationally consistent estimates of AGEJ@na
resolution The Sentinell and Sentine? datasets provided higspatial resolution
imagery for land cover cla$igation. Similar approaches combining fielthsed
inventories withRSproductsare feasible in the other EBV applicatiaf#§ssling et al.,

2018 Pettorelli, 2016)

iii.  Policy and conservation utility: TleelectedEBVswerealso ewaluatedn terms ottheir
potential to informnational policy processes and conservation priorities in Ghana.
Forests are centréd G h a ncamnstments under thidational Biodiversity Strategy
and Action Plan(NBSAP II, 20162020) (Ministry of Environment, 2016)the
REDD+ Strategy(Forestry Commission, 2015and reporting obligations under the
CBD and theSDGs. EBVs focusing on land covegosystem extenand species
distribution directly address these policy needs by providing standardized and
repeatable indicators that can guide conservation prioritizasonvell asclimate
adaptation strategi€&eijzendorffer et al., 2016)

Based on these criteria, a set of EBVs was selected to operationalize the four research objectives
of this study Figure6 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, andtputs.
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Figure 6: Conceptual framework for applying the Essential Biodiversity Variables (EBVs) approe
biodiversity monitoring in Ghana. The framework links study objectives to EBV classesidinds

3.3.2 Data Collection and Sources

processes.

This study integrated multiple datasets to operationalize the EBV framewmriiningRS

products, biodiversity vegetation databases, and-fiakkd observations. Datas collectd

around the selected EBV classes: Ecosystem structonemunity compositionand species

populations.

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

Following establishep r ot oc ol s

for f orest i nventory,

pl o

commonly applied in tall shrub communities, while plot sizes of-2D®% 0 0 Oare m]

recommended for trees in forest ecosyst@vegpfumo et al., 201,6Viutowo & Murwira, 2012)

Based on this guidance28 m x 50 m plot

sizevasestablishedor 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 autocorre{@io& Subedi,

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

inaccessiblePlot coordinates were recorded using a Global Position System-(&b)ed

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

breast height (DBHP5cm 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
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assistance of field taxonomist, andheir nomenclature was checked against the World Flora
online databas@VFO, 2021)to ensure taxonomic accuracy. In total, 311 individual tofes

the most dominant species were sampled during the June 2023 carfifigige 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 impoetgsrevalence in the reserve, and

relevance to biodiversity assessmgjpmaba et al., 2024)
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»  Cola gigantia
» Funtumia elastica
* Hannoa klaineana
= Hymenostegia afzelii
N # Nesogordonia papaverifera
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Figure 7: Spatial distribution of sampled tree species withinBR&. The study boundary is in red,
with points representing individual trees.

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

To collect training and validation datar preparingaland cover legend, a definition needs to
be established from which the land cover classesbeaselectecand mappe (Njomaba,
Mushtaq, et al., 2025Defining the land cover legend is assentiaktep in the land cover
mapping process, as it provides a method to express the sooftenmap(Mushtaq et al.,
2022) The legend reflects how the semantic generalization of a specific geographic area has
been conceivedDe Simone et al., 2022 he categorization proceswinimizesrealworld
complexities where differentlandscapearea types are distributedertically. Since the
definition of classes is an arbitrary process by natnwegestablishing a legend for land cover
mappingmay lead to uncertainties that will affect the accuracy of the final land cover map. It
is thereforecrucialthat the definition of the land cover class meets two minimum requirements:
(i) clear and unambiguous class definitioasd(ii) a class boundary that does not overlap with

other legend classdslaub et al., 2015)The West African Land Cover Reference System
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(WALCRS) meets these requiremeri@regorio et al., 2022)The WALCRS meets these
requirements. The WLCRS is based on three levels, with the schema divided ittmado
categories: vegetated and neegetatedands The vegetated category is divided into natural
and cultivated, while the nevegetated category is divided into terrestrial wegetated and
water (FigureB). 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 lan feature§Mushtaq et al., 2024)n line with recommendations, the WALCRS,
which is defined using 1ISO 19144 LCMISO 191442, 2012) was usedo identify the land

cover classes, existisgibnationallegendsand datasetf®r developingan 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 organizedsingonline platformsto identify andagree on the land cover classollowed

by anin-persam workshop to validate the land cover clagbes had already beeatefined.
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Shrubs Dominated Open Open Open
Very Open Very Open Very Open
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Herbs
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Figure 8: West African Land CoveReference System (Gregorio et al., 2022)
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Training and validation data collectidor land cover classificatioweredonethrough phote
interpretation techniques using Collect Earth Online (CECBO, 2018) This allows for
integratng files that can be opened in Google Earth Pro with-nggolution imagery. Within

the CEO, a project was created using a 10m x 10m plot design, each containing five sample
points (FigureQa). 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 raalirce satelliteata (Sentinel

1 composites, Sentindlc omposi t es, Norwayds I nternationa
(NICFI) planet mosaics, Mapbox satellite, Google Earth, and OpenStreetMap) and to provide
high-performance computing services for lasggale data interpretation. The Google Earth
integration further enhanced the workflow by enabling users to export and visualize plots
directly inthe Google Earth Prgoftware(Figure9b). Google Earth Pro also provides a time
slider tool allowing users to navigate through imagery from differpatiods faciitating
temporal comparisons and seasonal assessmfadgionally, the Geedash widget within

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

the interpretation (Figurg0). 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 (Fiddrédr quality and
consistency,the collected samples were reviewed several times and-aresked with
ancillary datasets and existing land cover products. Wiliéilerences arose, interpretations
were refined. The final dataset was split into 70% training and 30% validation to support

classification and accuracy assessment.

TNy

19 March 2001 8 September 200 SRR 18 June 2003
? SN

Figure 9: (a) Collect Earth online platform with training data distributed across Glilan&oogle
Earth Pro visualization of plots with the time slider t(@EO, 2018)
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Figure 11: Spatial distribution of training and validation data.

3.3.2.3 Survey data collection (Objective 2, Paper II)

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

was conducted in 2024 to evaluate the challenges and opportunities associatatbptiting

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

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

di

fferent geographic scales, thereby

aansur

broader international context¥he studyaimed to gain comparative insights ingtobal
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progress and barriers to adopting land cover standards by engaging experts beyon@h@&hana
guestionnaire was created using Google Forms to ease accemssaraylobal participation

from a vast network of potential respondents, including representatives from government
agencies, academia, private institutions, and international organiz&ttensurvey was sent

to 800 individuals across 400 organizations. The survey included questions on familiarity and
use of LCML standards, adoption of alternativedl@aover standards, and experiencesaf

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

challenges.

3.3.24 Vegetation data(GBIF) (Objectives 3 and 4paperslil and V)
Vegetation data were obtained from the GBItips://www.gbif.org) (Asare, 2021) a

biodiversity data infrastructurthat providesopen access to species records contributed by
herbaria, research institutions, and citizen science initiatives. GBIF is particularly valuable in
West Africa, wherea large amount of vegetation data exists but is often scattered across
institutions and underutilizetoh ecologicalresearch The platformharmonizesecords using
standardied metadata structuresuch as Darwin Coregnsuring interoperability and
consistencycross datasets.

For this studyapproximately30,000 rawrecords of tree speci@gre initially downloaded for
Ghana(Figure 12). The datasets comprised informatibom multiple sourcesincluding
herbarium collections, field notes, and survey dat@omprehensive datdeaning proessing
workflow was appliedto ensure the reliability and consistenafythe dataset Records with
missing oordinates, uncertainxanomy, or locations outside Gh&@sanational boundaries
were excludedA temporal filter restricted the dataset to records collecteddszti2000and
2013,resulting in 9,716 unigue records.

All occurrencerecord points were spatially intersected with thational land cover data
prepared byNjomaba, Mushtaq, et al., 202%) retain only those within the forest land cover
class.This masking step excluded records located in-fovastareasthereby ensuring only
forestrelated records were used in subsequent analysi®duce spatial biasherent in GBIF
records, aspatial thinningprocedure was applied minimize clustering in heavily sampled
regions. Records withicertain buffer radii were applieRecords withirtheradii weremerged,
retaining a single representative occurrence per grid Thls process wagperformedto
evaluate the robustness of subsequent analysis and to address residual spatial autocorrelation.
Morants | diagnostics confirmed that the spatial thinning effectively reduced autocorrelation to
acceptabléevels

The resultinghinneddataset provided broadover age across Ghanabds ma
andformed the foundation fapecies richness, fragmentation, AGB, and species distribution
analysis Although GBIF dataare inherently limited by sgoling bias and inconsistent
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taxonomic resolution, theigorous filtering, spatial standardizatiprand validation steps
undertaken have ensured data quality suitisleobust ecological modelingGBIF provided
a reliable and cosgffective source of vegetation data that complemeRtgdnd fieldbased

datasets used in this thesis.

Ghana i
A GBIF Observer Country from Africa

Figure 12 Vegetation occurrence records for Ghana obtained tfhe/@BIF portal(Asare, 2021)

3.4 Remote sensing and environmental datase{®bjectives1, 2 3, and 4, papersl, I, 1l
and V)
Various RS and environmental datasets wexgsembledo provide information orGhana's
vegetation, biomass, climate, and site conditiddatellite products included mukensor
imagery from PlanetScop&entinel2, and Sentinell, which offered high and moderate
resolutiondata forextractingvegetation indices, spectiand, and texturalvariableanalysis.
These datasets were complemented by the ESAB{@Giass product&Santoro & Cartus, 2024)
AGB at 100 m resolutigrenabling consistent assessment of forest carbon staticnally.
Additionally, GEDI footprint data were usetb validate AGB estimates, providing an
independent benchmark for assessing the accuracy of the salefiited biomass layers.
Climate information was obtained frothe Global Aridity and PotentialEvapotranspiratio
Databas€Zomer et al., 2022Wwhich provides longermestimates of the aridity indederived
from precipitation and evapotranspiration balances. This dataset was critical for quantifying the
spatial variationin aridification that limits biomass accumulation and species distribgtion
Additional environmental predictors included th@ BIOCLIM variables BIO1-BIO19) from
the Worldclim v2.1 databaséBooth, 2025)which capturdong-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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Topographicvariables(elevation, slope, and aspect) were derived from the Shuttle Radar
Topographic Mission (STRM)DEM at ~1 kmresolution. Soilproperties(soil pH, organic
carbon densityand soil texture, including sand, silt, and clay) were obtained from the SoilGrids

database at 250 m resolution and resampled t&rfh to match the climate layers.

3.4.1 Satellite Image Processing

3.4.11 PlanetScope imageryObijective 1, Paper I)

The PlanetScope surface reflectance produicisorporate geometric, radiometrjc and
atmospheric corrections. Images were selected from May 2023 to coincide with field data
collection, ensuring standard quality, absence of cloud coverc@ngletecoverage of the

study area. Four clodfleeimagemosaicked 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)

3.4.12 Sentinet2 and Sentinell (Objective 2, Paper II)

Sentinef2 surface reflectance imagery coveridgtober 2022 to October 2023 was processed
in the GEE platform Cloud and shadow maskingere applied, and spectral indices, including
NDVI, NDBI, NDWI, and SAVI, were derived to enhance discrimination between land cover
classes, especialmilarvegetation types. Median composites were generated;raydevel
co-occurrence matrix (GLCM) texture features were calculated on NDVI images to capture
spatial patternsSentinell Ground Range Detected (GRD) data from ascending orbits (VV and
VH polarizations) were obtained for the same period. Backscatter métctsding mean,
standard deviation, percentiles, and VV/VH ratios, were extrateduremeasures were also
derived to characterize spatial heterogeneityich wasparticularly useful for distinguishing

forestsfrom agricultural mosaicg§Njomaba, Mushtagq, et al., 2025)

3.4.1.3 Remote sensing derivethformation (Objectives 3 and 4, papers Il and 1\}

Forobjectives 3 and 4, R&nd environmental produatigtasets were useddaantify AGB, Al
conditions, andforest fragmentationconditions at the plot level.Circular buffes were
established around each GBIF tree record to harmonize-lpased biodiversity records with
griddedRS layers All raster values intersecting these buffers were extractedplaitevel
summaries were generated through aggregafi@B was derivedrom theESA CCI Global
Biomass productv5.0.1, 100m resolution, 20), calibrated against GHDOootprint data to
correct regional bias and improve accura&$¢B values were aggregated to obtHie mean
biomass (Mg h&), representinghe ovendry mass of trees
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Aridity was extracted from th€&lobal Al dataset (196D 2000) while forest fragmentation
metricsi number of patchedNP), edge densityED), meanpatcharea AREA_MN), landscape
shape I(Sl), andmean shape indeMSI) were computed from reclassified forest/Horest
masks of the nathal land cover dataset @hanaThefragmentation metrics were standardized
using Principal Component Analysis (PCA)amduce a composite fragmentation index.

For the species dishution and abundance analysis (Objective B¥-derived ovariates
including thedigital elevation model (DEM) derived variables (elevation, slope, agpect),
climatic layers fromWorldClim, forest land cover, vegetation indices\d soil datasetwere
used as explanatory variables to model the spatial patterns of dotmaessppeciesA summary

of all RS and environmental datasatsed in this study, including their spatial and temporal
characteristics, variables, and applications, is presented in4.able

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

DatasetSouce  Year of Spatial Variables/ Description Application in the study
acquisition  resolution
PlanetScope 2023 3m B2, B3, B4,B5, B6, Assessing forestpecies
(Planet Labs B7, B8 NDVI, EVI, diversity (Objectivel, Paper I)
Inc.) SRI, SAVI, NDRE
Sentinel2 2023 10-20m (B2, B3, B4, B5, B6, Land cover classificatiom
(ESA B7, B8 B9, B11, B12 Ghana (Objectiv@, Paperll)
SWIR, NDVI, SAVI,
NDWI, NDBI; GLCM
texture
Sentinell 2023 10m (VV, VH, VVIVH, SD Land cover classificatiom
(Copernicus) of VV, SD of VH, 25th  Ghana Qbjective2, Paper ll)
percentile, 75th
percentile GLCM)
ESA CCI 2020 100m Aboveground biomass (Objective 4, Paper IV)
Biomass estimates (Mg/ha) Assessing AGB patterns,
linking AGB to Al/diversity
(Objective 4, Paper IV
GEDI 20192023 25m Foaprint level AGB  Independat validation of ESA
CCI AGB estimates
Al derived from
GlobalAl 19702000 ~1km(30 precipitation and (Objective4, Paperll)
baseline  arcseconds)  Evapotranspiration Assessing AGB patterns,
linking AGB to Al/diversity
WorldClim 197062000 ~1km(30  19bioclimaticvariables (Objective3, Paperll)
Bioclimatic baseline are seconds) (e.g., BIO1i BIO19) Mapping distribution &
variables Abundance
250m Soil texture carbon (Objective4, PapelV)
SoilGrids 0-30cm  (resampled to density pH,andbulk Mapping distribution &
(ISRIC) depth 1 km) density Abundance
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STRM
(NASA)

Static

~1 km (30
arcseconds) Elevation, slope, aspec

(Objective4, PaperV)
Mapping distribution &
Abundance
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3.5 Analysis

3.51 Estimating tree species diversity from PlanetScope da{®bjective 1, Paper I)

Diversity metricswere quantifiedusing the inventory data describedSection 3.3.2.1 and

Figure 7,0n a peiplot basis using four indices§ H', D2, andJ’) (Table 5). These metrics were

then relatedo PlanetScope spectral bands and vegetation indices through a stepwise linear
regressiorapproachModel choice was guided B/ , Root Mean Squared Er
Akaike Information Criterion Information Criterion (AIC); Pearson correlations provided
bivariate checkgNjomaba et al., 2024)

Table 5: Diversity indices used ithis study and their equations

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

Species richnes$\

nY i’)
Simpson indexDy) (Morris et al., 2014B5hannon, 1948)
O por n
Shannon index{) 0 hin (Morris et al., 2014)(Rocchini et al., 201:
Species Evennesd)  Uee n 1o (Carlo et al., 1998)
F0 07y

3.5.2 Land cover classification and accuracy assessme®bjective 2, Paper II)

The RF classifier was chosen for land covepping due tits nonparametric robustness and

strong performance with higtimensional predictors. RF builds an ensemble of decision trees
and products by majorityote The grid search tuned hyperparametérs final model used 500

trees, mtry = 6, unlimited depth, and a 70/30 train/validation @glijure B). For the input

features used imodel prediction the Sentinel2 reflectance bands and indices, Sertinel
backscatter and textures, and GLCM textures on NDVI were computed to enhance class
separability. Using the 30%validation data,the overall accuracypr oducer s6 and
accuracies, and Kappeere computedimage processing, classificaticend validation were

done in GEEandthescriptis published orthe GitHub repository(Njomaba, 2025)
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Figure 13: Distribution of training andalidation data.

3.5.3 Species distribution, abundance, richnesand conservation gaps(Objective 2,
Paper II1)

The Pearson correlation anhriancelnflation FactorVIF were used to perform a feature
selection, removing variables with VIF > 10 and highly correlaeiedghown in Tablé.

Table 6: Environmental variables used as predicteedected after conductingraulticollinearity

analysis.
Label Variable Unit
BIO3 Isothermality (BIO2/BIO7) x 100 %
BIO6 Minimum temperature of the colde ©°C
month
BIO13 Precipitation of the wettest montt mm
BIO19 Precipitation of the coldest quarte mm
Soil pH The (water) PH

I 1
Soil organic  Organic carborgontent in the soil T/ha
carbon density

Soil texture sanc Sand content in soll G/kg
Soil-texturesilt 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 @Bifained species names, geographic
coordinates, and source metadata. To enqusadity, duplicates and records with uncertain
geographiccoordinateswere removed. Given the known issues of spatlaktering in
aggregated biodiversity databases, a spatial thinning algorithm was applied at 1 km resolution
using thespThinpackage in R(Aiello-Lammens et al., 2015After cleaning andhinning, a

total of 9716 were retained.o align with forest monitoring standards in West Africa, the data
were aggregated into circular plai€have et al., 2003)The plot occupancy approach was
defined as the number and proportiorplifts wherea species occurs. This occupancy served
as a proxy for relative dominance, providing a spatially interpretablesure of prevalence
nationwide Although presencenly records cannot capture absolute abundance, occupancy
based dominance is widely applied in distributional studigsth & Leathwick, 2009) Based

on the plot occupancy assessmehe dominant species identified werdapoleaoneae
leonensis Myrianthus serratus and Penianthus patulinervis These species represent
ecologically distinct groups and were selected as focal specie®ofteling habitat suitability
and abundance

Habitat suitability fo the three dominant speciess modeled using MaxEnt, which estimates
a maximurentropy distribution constrained by environmental covariagesnplemented by
(Phillips et al., 2006in the equation

M 6 %‘Q(br‘] Qo SEESSEEsEEs

Where areenvironmental features, are weighdadZ is a normalizing constant.

Presencenly occurrencewvas partitioned into five spatial folds using blocking to minimize
spatial autocorrelation tBa Background points were sampled withi80 km buffer around
occurrences to ensure ecologically relevant contrasts. Models were fitted with default
regularization, and suitability predictions were generated across Gheaadaation metrics of

the modelwereperformedsuch as

Area under the curvéd(UC) with spatial crossalidation

True Skill Statistic (TSS) across thresholds §0QL9)

Omission andcommission diagnostics

Response curves for predictor variables

= 4 4 A4 -2

Jackknife tests for variable contributions
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Species abundance was estimated using theld#abed Poisson (ZIP) models applied to a 10
x 10 km grid. The ZIP drmulation accounts for excess zeros typical in patchy species
distributions with amodel adopted fron{Lambert, 1992)

p p - A 83355888883 ¢

Where =probability of excess zeros,= Poisson mearand is an indicator for zero counts.
Environmental covariates were included both the count and zeioflation components.
Models were compared using Ad Pseud®?. Predictions were bootstrapped (n = 50) to
generate uncertainty surfaces, summarized by mean, standard deviation, and coefficient of
variation.
Binary habitat suitability maps (applying thresholds percges based on evaluation metrics)
were summed to derive species richness m&pseman & Moisen, 2008)To prioritize
conservation, a composite conservation index was developed by integrating suitability and
abundancgfollowing the methods irOliver et al.(2015)

6 &€& Qi UAbhIDELNO QO ¢ 0 "DOTDE G ExEERIs 0

Cells in the top deciled90" percentile) of theomposite conservation inddistributions were
designated priority areas. These were overlaid Gtiana's protected area (PA)altd quantify
representation inside and outsklas, highlighting conservation gagdoppa &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)as used as a proxy for logrm climate stress and water
availability. Al values were subset to Ghaeatracted and aggregated within a 500m buffer
around each GBIF recardrollowing the UNEP classification scheme, Al values were
categorized into four aridity classésaple 7) servingas a spacéor-time substittion (Blois et

al., 2013)
Table7. Cl assi fication of Ghanads climate zones bas
coverage. The aridity (Al) thresholds follow tbiaited Nations Environmental ProgratdNEP)
aridity classification scheme. Values indicate t
Aridity index (Al) values Climate class (zones)
0.2 OAI <C Semiarid
0. 50AI <0. Dry subhumid
0. 650A1 <0 Subhumid
0. 80AI <1. Humid
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These classes represented Ghanadés ecol ogi cal

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

mean AGB across the four aridity zones. This assessed whether bi@tlasssdsystematically
with increasing aridity. Sche#®® s mul t i pl e compar i shoaprotedwset
given its robustness to unequal sample sizes and variaviods! formulation adopted from
(Fisher, 1935)

®w ’ R :zaeaccaciiiiiiacchy

WhereYijj is the aboveground biomass of glat aridity clasd, is the overall mean, is the

effect of the aridity class, anslthe error term.

Fragmentation metrics were derived from forest/famest rastersisingthelandscapemetrics

package in RMetrics derived are presentedTiable 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, LS| = landsadpeetrics follow
landscape ecological equations adopted fEoraruvbe & Atafo, 2018andMcGargical et al.,
2023

Fragmentation

. Equation Description
metrics

Number of patches Total number of patches the

(NP) Ouv 0 class/landscape.
Landscape Shape . B A, Overall shape complexity of
Index (LSI) Yo ) forest patches
Mean Shape Index 5 O 0 Y0 Average patch shape comple:
(MS) 0 0
Edge density (ED) .. B A.. Amount ofedge relative to th
00 5 wpmmm landscape area.
Patch area mean 0 'Y©® g b 'YOR G®d Typical patch area, reflecting
(Area_MN) habitat size
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All predictors were standardized usingaores before analysis. Multicollineari@nong the

five fragmentationmetrics (NP, ED, AREA_MN, MSI, LSl)was evaluated using pairwise
correlation and principal component analysis (PCA). Because these metrics were highly
intercorrelated(|r] > 0.8 for EDLSI and EDAREA_MN), PCA was applied to reduce
redundancy and derive an integrated fragmentation gradient. The first principal component
(Frag_PQ) explained the majority of total variance and was used as a con@mnentation
variable in subsequent models (Figa#®. After dimensionality reductioriyariance Inflation

Factor (VIF) diagnostics were performed the final set of model predictais ensure that the
combined predictors were not strongly collingdr predictors exhibited VIF € and tolerance

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

analysis.

(a) (b)

©
<

@
<

Variance explained
pPC2
o
=)

AREA_MN

w
<

S|

0% -1.0 T

PC1 PC2 PC3 PC4 PC5 -1.0 -0.5 0.0 05 1.0
PCA1

Figure 14: Principal Component Analysis of FragmentatMatrics

To assesthe direct and indireggathways through which Al influences AGBe implemented
both linear and nonlinear SEMSEMs were used to jointly estimate causal relationships among
Al, fragmentation (Frag_PC1), biodiversity)( and AGB, while accounting for spatial
structures.The linear SEM was implemented using fipeecewiseSEM package in R Studio,
with eachsubmodel fitted as aeneralized least squares (GLS) model thatuded an
exponential spatial correlation structuredmasn plot centroids (x, y).his approach accounts

for residual spatial autocorrelation while preserving parameter estindditesriables were
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standardized (scorespeforemodeling to allow comparison of patbefficientg(b). The model
structure was defined as:

"Oi Q» x 00

Y @Qkio O v

00 x 000 @ Y WQIi i

This structure reflects hypothesized causal pathways where aridity influences forest structure
and biodiversity, which in turn affect biomaascumulation Model fit was evaluated using
Fi sher ds C dnfoanttiorsCriteron (AlB)kaad Evalues for eaclendogenous
variabl e. Standardi zed path coefficients (b

extracted

To capture potential nonlinear relationshifisat the linear model could not represeat,
complementary nonlinear SEM was developed uie@GAM framework. Each sumodel was
fitted using thinplate regression splines with restrictedaximum likelihood (REML)
optimizationin the Aimgcw package The structure mirrored the linear SEM kagecified

smoothfunctions for key predictors:

0i® 60
Y QK i 60 o
56 x i 600G iYEHQI i

Where s (.) denotes smooth terared 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 Al C, Fi s h2gfor éashen@ogenaunadable.ar i anc e
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Generalized additive models (GAMS)

To explore nodinear relationships between AGB apdedictor variables, we used spatial

GAMs i mpl e memygdvpackaje Mhe mhirenodel took thdorm.

608 i 61 w {0l BNQ w | YAELQM w | dthQ yn ¥

Where s (.) denotes thiplate regression splines, k specifies the basis dimension controlling
smoothnessand s(x, y) represents a twdimensional spatial smoother applied to buffer
centroids to account for broatale autocorrelation. Models were fitted by REML with mild
penalization (2 = 1.4) and automatic smooth

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

spatial GAMs of the form:
608 | d4'Qoi AW O i ofw, &)

with predictors standardized. For each model, we extracted stawotlstatistics€df, F, p
val ue) and compared &Al C and a&eDev against a
quantify the added explanatargntribution of each metridodel diagnostics included residual

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

The detailed research results are presented in four sciemtifites In this section, the most
significant findings are synthesized, and the research questions poskd thesis are
addressed. The main goal of the thesis was to operationalizet& BMmsitorforest biodiversity

change in Ghana by integratii®S and fieldbased approache$o achieve thisthe study

adopted an exploratory framework that combined international land cover standardsR&ptical
datasets, a data assembly approach using the West African Vegetation Database, structural and
climatic variables, and ecologicahodeling These components provided an innovative
framework fornationatlevel biodiversity monitoringThe methods and framewoapplied in

this researclprovedvery promising for effectiig monitoring and assessimgpanges in forest
biodiversity. The frameworkenabled the focusing of key biodiversity indicators, considering
factors such as feasibility, data availabilitye | evance t o Ghanapmoky, bi odi v
andapplicability to management

The first objective of this thesjswhichassessek or est species diversity
forests using PlanetScope datas addressed ithe first published artie (Njomaba et al.,

2024). Theobjective, addressed the second articléNjomaba et al., 2025), focused on the
adoption of land cover standards for sustainable development in Ghana, considering both
challenges and opportunities. The third artickeldressing 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, 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 biodiversiiy,GhanaAll these objectives are linked to the three

main EBV variables class of community composition, ecosystem structare species
population.
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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
(B3mresolution)tpr edi ct f or est t BFRREreainventory datatcolleciech Gh a
from 35 plots, where taxonomic identification, DBH, and height measurements were used to
compute four diversity indicedd’, Do, S andJ. Corresponding spectral reflectance and
vegetation indicegVIs), Normalized difference vegetation ind@DV1), Enhanced vegetation
index(EVI), simple ratio indeXSRI), Soil adjusted vegetation indé$AVI), andNormalized
difference red edge indéNDRE), were extractedrom PlanetScope imagery and statistically
analyzed against the fielsthsed diversity measures. The results revealed significant
correlations betweeBandH' with spectral bands, particularly the i@hnd 6) and blue (Band

2), while D2 andJ' showedweakerrelationships Stepwise regression models confirmed the
predictive capacity of these bands, explaining 47% of the varianSeuml 42% inthe H'.
Predictive diversity maps were generated using these mathelwing clear spatial gradients

of species richness and Shannon diversity across the re3éevestudy demonstrates that
PlanetScope data can provide an efficient, scalable approach to mapping forest species diversity

in the tropics, complementing traditional fidddsedsurveys.
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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.
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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 |
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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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