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Abstract

Tropical forests in sub-Saharan Africa (SSA) harbor around one-third of the world’s
species but are becoming more fragmented due to the expansion of human settle-
ments and small-scale agricultural (SCA) areas. This study systematically reviewed
the approaches and methods used to analyze forest fragmentation and its impact
on biodiversity in SSA, with a focus on their suitability in SCA landscapes. The
main findings revealed that most studies in SSA employed generalized approaches
to assess fragmentation, failing to account for the distinct contributions of various
land cover changes. The other key findings indicate that the majority of studies (i)
depended on low-resolution remote sensing imagery, (ii) neglected to assess land-
scape metrics accuracy, and (iii) had limited focus on socioeconomic aspects. These
limitations impede precise and thorough evaluation of SCA’s contribution to forest
fragmentation. To address these gaps, we recommend the following: (i) adoption of
high-resolution images, (ii) integration of socioeconomic data, and (iii) rigorous val-
idation of landscape metrics. Concerning biodiversity implications, 55.2% (21 out
of 38) of the reviewed studies reported negative impacts, and 68.2% (26 out of 38)

exhibited a taxonomic bias toward avian and tree/plant species. We recommend the

Abbreviations: AVHRR, advanced very high resolution radiometer; CNN, convolution neural network; DL, deep learning; ED, edge density; GIS,
geographic information system; GEOBIA, geographic object-based image analysis; LiDAR, light detection and ranging; MODIS, moderate resolution

imaging spectroradiometer; NAIP, National Agriculture Imagery Program; RADAR, radio detection and ranging; REDD+, reducing emissions from
deforestation and forest degradation; SPOT, Satellite Pour I’Observation de la Terre; SCA, small-scale agricultural; SSA, sub-Saharan Africa.
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following: (i) enhanced utilization of remote sensing data for biodiversity monitoring,
(ii) greater emphasis on neglected taxa (e.g., small mammals and amphibians), and
(iii) focused conservation initiatives for small forest fragments, which are essential
for biodiversity conservation, and reducing emissions from deforestation and forest
degradation in SSA.

Plain Language Summary

The study found that small farm growing larger is the main reason animals and plants
are disappearing in parts of Africa. We wanted to find ways to measure how these
small farms break up forests and hurt wildlife, plants, and other living organisms.
We learned that many studies have used poor-quality pictures from space and other
general methods which miss important details found in small agriculture farms. Addi-
tionally, most studies on plants and animals in Africa have only focused on birds and
trees. They ignore other types of creatures such as bees and frogs. Therefore, the
study recommends (i) using better pictures from space and including information
about people to understand how small farms affect nature, (ii) studying animals that
are not often looked at, such as rats, rabbits, and frogs. Moreover, small patches of

forest left between farms are important. They give birds, frogs, and rabbits a place to

1 | INTRODUCTION

Forests are the dominant terrestrial ecosystem, covering
approximately 30% of our planet’s surface area (Arroyo-
Rodriguez et al., 2020). Tropical forests in sub-Saharan Africa
(SSA) provide habitat to one-third of the world’s species and
contain eight of the 34 global biodiversity rich areas (Archer
et al.,, 2018; Chapman et al., 2022; Primack, 2014). How-
ever, 10%—30% of tropical forest biodiversity, which includes
plants, mammal, bird, and amphibian species, is threatened
by both forest loss and fragmentation (Achiso, 2020; Per-
rings & Halkos, 2015). Up to 50% of the total biodiversity
in SSA is threatened due to continuous forest loss and frag-
mentation (Mohammed, 2020). Between 1990 and 2018, SSA
lost approximately 98.7 million ha of forested areas, creat-
ing approximately 44 million small forest fragments (Fischer
et al., 2021).

The primary drivers of such high forest fragmentation
values in SSA are small-scale agricultural (SCA) area and
settlement expansion, which pose a threat to the region’s
biodiversity (Chisanga et al., 2024; Perrings & Halkos,
2015; Phiri et al., 2019). Numerous studies in SSA have
quantified landscape/forest fragmentation using land cover
maps derived from Landsat satellite imagery (Dimobe et al.,
2017; Fitz et al., 2022; Kowe et al., 2020; Mulatu et al.,
2024; Ojoyi et al., 2016). These studies effectively mea-
sured the spatial and temporal impacts of land cover change

live and provide oxygen to breathe.

on landscape/forest fragmentation and observed an increase
in landscape fragmentation. Their findings have informed
landscape management strategies, which have focused on
improving landscape connectivity, developing corridors for
animals, and supporting ecological processes, such as polli-
nation (Newmark et al., 2017; Riggio & Caro, 2017; Tiang
et al., 2021). However, studies on landscape fragmentation in
SSA often generalize or amalgamate the impact of all land
cover changes on forest fragmentation. As a result, these stud-
ies fail to capture each land cover change driver’s unique
contribution to forest fragmentation, particularly relating to
SCA areas. Given that SCA is a dominant and expanding
driver of fragmentation in the region, this oversimplifica-
tion obscures critical insights needed for targeted forest
conservation strategies.

SCA-related expansion creates unique heterogeneous land-
scape patterns of several small agricultural fields with sizes
of less than 2 ha and even smaller isolated forest fragments
(Apraku et al., 2021; Siqueira et al., 2021; Wingate et al.,
2024). However, the dominant use of Landsat imagery’s in
SSA to measure landscape fragmentation often overlooks and
generalizes SCA fields and small forest fragments inside the
fields, hence limiting its applicability in such areas (Singh
et al., 2024). This demonstrates how traditionally used satel-
lite data, such as the use of Landsat images, in studying
landscape fragmentation, cannot accurately analyze forest
fragmentation in SCA landscapes. Other standard approaches



CHEELO ET AL.

used when conducting landscape fragmentation analysis that
influence the accurate assessment of forest fragmentation in
SCA areas are as follows:

(i) Landscape representation model (Rahimi et al., 2022).
(i) Image classification algorithm (Donkor et al., 2022;
Kanmani et al., 2023).
(iii) Accuracy of land cover maps (Frazier & Kedron, 2017,
Olofsson et al., 2014).

Landscape fragmentation significantly affects species such
as birds, animals, and microorganisms, which rely on forests
as their habitat (Fletcher et al., 2018; Haddad et al., 2015).
Accordingly, several studies have measured the impact of
landscape fragmentation on biodiversity (Kouagou et al.,
2019; Mohandass et al., 2014; Ochungo et al., 2022; Ojoyi
et al., 2016; Zungu et al., 2020). These included studies con-
ducted in landscapes surrounding forest reserves (Alohou
et al., 2017; Kouagou et al., 2019; Webala et al., 2019) and in
urban areas (Muderere et al., 2020; Zungu et al., 2020). Few
studies conducted in SSA included SCA areas in their study
(Mbora & Mutua, 2023; Mulwa et al., 2021). For example,
a study by Mbora and Mutua (2023) in Kenya examined the
impact of fragmentation in a landscape that included savanna
shrubs, woodland, and combined SCA areas and settlement
areas. Due to the analysis of SCA areas in landscapes with
other land covers, the impact on forest fragmentation specif-
ically related to SCA areas was not assessed and remains
limited.

While several global reviews on the impact of fragmen-
tation on biodiversity exist, they are geographically biased
toward countries in Europe, America, and Asia (Deikumah
et al., 2014; Fletcher et al., 2018; Tan et al., 2023) and are not
contextualized to SCA areas in SSA. This limits the applica-
bility of such global reviews to inform research on the impacts
of SCA-induced forest fragmentation on biodiversity in SSA.
Therefore, this review aimed to answer the following research
questions:

* What are the appropriate methods/approaches for mea-
suring forest fragmentation applicable to SCA areas in
SSA?

* What approaches/methods are relevant for assessing the
impact of forest fragmentation on biodiversity specifically
applicable for SCA-fragmented areas in SSA?

2 | CONCEPTUAL FRAMEWORKS

To provide a guiding framework to address our review’s two
research questions, we conceptualized the forest fragmenta-
tion process related to SCA area expansion (Figure 1). Figure
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Core Ideas

e In sub-Saharan Africa (SSA), landscape frag-
mentation is often studied using broad methods
and low-resolution images such as Landsat. Such
approaches are usually ineffective in small-scale
agriculture (SCA) areas in SSA.

* The adoption of high-resolution images, integra-
tion of socioeconomic data, and rigorous vali-
dation of landscape metrics are critical for the
accurate, detailed, and comprehensive assessment
of forest fragmentation in SCA areas.

* Biodiversity monitoring is enhanced by integrat-
ing remotely sensing data to complement the costly
and time-consuming field-based data-collection
approaches in SSA.

* The conservation of small forest fragments in SCA
areas is crucial for mitigating the impacts of for-
est fragmentation, biodiversity conservation, and
reducing emissions from deforestation and forest
degradation (REDD+) initiatives in SSA.

1 illustrates how SCA expansion drives forest fragmenta-
tion, and its impact on biodiversity. Typically, landscapes
begin with large, continuous forested areas with few surround-
ing SCA fields. However, rapid agricultural expansion has
fragmented these forests into smaller and isolated patches
(Collinge, 2009). Although fragmentation generally threat-
ens biodiversity (Perrings & Halkos, 2015), the remaining
small forest fragments still play a critical role in biodiversity
conservation (Ancrenaz et al., 2021; Siqueira et al., 2021).
They preserve landscape connectivity and provide habitats for
birds, small mammals, amphibians, and insects (Mulwa et al.,
2021; Siqueira et al., 2021; Wingate et al., 2024). In addi-
tion, small forest fragments offer ecosystem services such as
pollination, seed dispersal, and soil fertility (Ancrenaz et al.,
2021; Proesmans et al., 2019). They also provide local com-
munities with food, wood, medicinal herbs, shade, control on
water supply, and quality (Decocq et al., 2016). Thus, despite
fragmentation pressures, small forest patches remain vital for
biodiversity conservation, local community livelihoods, and
sustainable agriculture.

The conceptual framework (Figure 1) highlights the key
characteristics of SCA-fragmented landscapes. They con-
sist of several SCA fields and numerous small, complex
shaped forest fragments in and around agricultural fields,
driven by nonspatial factors such as population increase and
income. The expansion of the SCA leaves several small forest
fragments that provide benefits to biodiversity and local com-
munities. These identified characteristics provided us with
a framework to assess the approaches and methods used to
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FIGURE 1

analyze forest fragmentation and its impact on biodiversity
for their suitability for use in SCA landscapes found in SSA.

3 | MATERIALS AND METHODS

This study undertook a comprehensive review of existing
research on forest fragmentation and its impact on biodiver-
sity within SCA areas in SSA. To achieve this, a systematic
and structured approach was employed to identify, extract,
and analyze relevant studies from various databases. The
methodology was designed to ensure that the selected stud-
ies were both relevant and of high quality, thereby providing

Conceptual framework showing how small-scale agricultural expansion drives forest fragmentation.

robust insight into the topic under investigation. The following
subsections outline the detailed literature search, screening
process, extraction process, data classification, data analysis,
and interpretation.

3.1 | Search criteria and strategy

The search for studies used in this review was based on Google
Scholar, SCOPUS, Semantic Scholar, Environmental Science
Collection, Research4Life, and JSTOR databases. The search
aimed to identify studies addressing these two questions,
specifically studies that clearly specify their approaches or
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FIGURE 2 Study retrieval, screening, and inclusion.

methods used in (i) analyzing forest fragmentation and (ii)
analyzing the impact of forest fragmentation on biodiversity
in SSA. The main search strings were “Forest fragmentation
in Africa,” “impact of fragmentation on biodiversity from
Africa,” “habitat fragmentation in Africa,” “small-scale agri-
culture and effect in sub-Saharan Africa,” “landscape change
in sub—Saharan Africa,” “effect or impact of landscape frag-
mentation in Africa,” and “fragmentation AND biodiversity

in SSA AND Africa” on the original article title and abstract.

3.2 | Literature search, extraction, and
screening

Based on the search keywords above (in Section 3.1), 9713
articles were retrieved from the following databases and col-
lections: SCOPUS (456), Google Scholar (5600), Semantic
Scholar (574), Research4life (520), environmental collection
(1673), and JSTOR (890), as shown in Figure 2. SCOPUS

is one of the most widely accepted and comprehensive data
sources for research (Pranckuté, 2021). Google Scholar pro-
vides a valuable resource for researchers in regions such
as SSA, with poor access to scientific literature, ensuring
comprehensive coverage (Bramer et al., 2017; Singh et al.,
2023). Semantic Scholar, Research4life environmental col-
lection, and JSTOR databases supplemented SCOPUS and
Google Scholar databases. Studies from these databases were
retrieved between July and September 2024, covering publi-
cations from 1995 to 2024 with a focus on SSA. The inclusion
criteria comprised original, peer-reviewed articles in English
that addressed forest fragmentation in SSA. Articles were
excluded if they (i) focused on other continents (e.g., Asia,
Europe, and the Americas), (ii) examined themes unrelated
to forest fragmentation and its biodiversity impacts, or (iii)
discussed political fragmentation, grassland fragmentation,
water biodiversity, standalone land use and land cover, or
biodiversity studies. Figure 2 presents the literature search
and screening process, as depicted in the PRISMA-P flow
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diagram (Medeiros et al., 2021), offering a clear overview
of record identification, screening, eligibility assessment, and
inclusion.

33 |
process

Data classification and extraction

The studies selected for the review were divided into two
groups: (i) those addressing forest fragmentation, and (ii)
those examining its impact on biodiversity. For studies on
forest fragmentation, a data extraction list was generated to
capture critical methodological approaches, including coun-
try, year, landscape representation model (patch or surface-
based), landscape metrics, remote sensing imagery, image
classification algorithms, and accuracy assessment methods.

The landscape model was included in the data extrac-
tion list because of its influence on accurate representation
of fragmented landscapes. For instance, patch-based mod-
els are appropriate for discrete heterogeneous landscapes,
whereas surface/gradient models better represent continuous
landscapes (Rahimi et al., 2022). Remote sensing data theme
was included in the data extraction list because the spatial
resolution of remotely sensed images significantly affects the
accuracy and detail of fragmentation analysis (Fynn & Camp-
bell, 2019; Hernando et al., 2017). This is essential, particu-
larly for mapping SCA fields of less than 0.5 ha (Hampwaye
etal., 2007; Mosomtai et al., 2020) and small forest fragments
with individual trees (Siqueira et al., 2021). Furthermore,
SCA areas exhibit spectral characteristics similar to those of
bare soil and grassland, resulting in occasional misclassifica-
tion (Esch et al., 2014; Simwanda & Murayama, 2017). Given
these challenges, the data extraction list also included image
classification algorithms and accuracy assessment techniques
for land cover maps and landscape metrics.

A separate extraction checklist was employed for studies
on biodiversity impacts, which included author, year, country,
data collection methods (field or remote sensing), species
taxa, and reported biodiversity effects. The data collection
approach variable was included on the data extraction list
because SCA area expansion creates millions of small forest
fragments (Fischer et al., 2021), which requires efficient and
cost-effective data collection approaches (Rocchini et al.,
2016; Rossi et al., 2022; Shamaoma et al., 2022). The species
taxa and effect variables were included on the list informed
by prior reviews on the impact of forest fragmentation on
biodiversity (Deikumah et al., 2014; Fahrig, 2017; Teixido
et al., 2020).

3.4 | Quality assessment of studies

Following the creation of the data extraction list (Section 3.3),
each study was systematically reviewed and recorded in
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Microsoft Excel table. Studies which did not clearly specify
their methods or approaches were excluded from the analy-
ses pertaining to those particular methods, but were included
in other analyses where information on the methods used
was available. For example, studies on forest fragmentation
that utilized pre-classified land cover maps without speci-
fying the classification algorithm used (e.g., Gumede et al.,
2022; Smith et al., 2018) were excluded from the image clas-
sification algorithm analysis but included in other relevant
assessments.

Additionally, we created a Microsoft Excel checklist for
studies examining the effects of fragmentation on biodi-
versity, documenting details, such as country, data collec-
tion methods, landscape metrics, biodiversity indices, and
response themes. Likewise, studies that failed to report
methodological details were excluded from that method-
specific analyses but incorporated into other applicable eval-
uations where sufficient information was available. There-
fore, only studies that clearly described the methods and
approaches used were included in the respective review
sections.

3.5 | Data analysis and interpretation
Following the thematic classification of the studies, the data
were systematically summarized and recorded in a Microsoft
Excel spreadsheet. Regarding forest fragmentation, key vari-
ables included landscape representation models (patch or
surface), landscape metrics (composition and configuration),
and remote sensing data (e.g., Landsat and Sentinel-2) and
accuracy assessment techniques. To evaluate the impact of
fragmentation on biodiversity, extracted variables included
data collection methods (remote sensing or field-based),
biodiversity effects (positive, negative, neutral, and mixed),
and species (birds, trees/plants, mammals, small mammals,
microorganisms, insects, and amphibians). The resulting
graphs were interpreted narratively and contextualized to
assess their suitability for measuring forest fragmentation in
SCA areas, as well as their implications for biodiversity in
SSA.

4 | RESULTS AND DISCUSSION

This section examines a wide range of studies published
between 1995 and 2024 to identify the key approaches and
methods used in forest fragmentation studies across SSA.
Additionally, we reviewed a subset of studies that focused
on the impact of forest fragmentation on biodiversity. Sec-
tions 4.1 and 4.2 present our findings on the trends, applied
methods, and approaches used to study forest fragmenta-
tion and its impact on biodiversity in SSA. These results are
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further discussed to assess their applicability to SCA frag-
mented areas in SSA.

4.1 | Landscape fragmentation in SSA
4.1.1 | The geographic distribution and
biases

The geographic distribution (Figure 3) showed a strong con-
centration of studies in South Africa (28 studies). East Africa
was well-represented by Kenya (20 studies), Tanzania (10
studies), Ethiopia (nine studies), and Uganda (eight studies).
While West African countries such as Nigeria (five stud-
ies), Togo (four studies), Liberia (three studies), Senegal
(three studies), and Sierra Leone (two studies) were under-
represented. Other countries, such as Central Africa, Chad,
South Sudan, Congo, Somalia, and Eritrea had no studies
represented. Hence, future research should prioritize these
countries with a low number of studies to ensure a more

Soutlhern
Africa
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comprehensive understanding of forest fragmentation and its
impact across SSA. Additionally, taxonomic biases were evi-
dent in the reviewed studies (Figure 7; Section 4.2.3), with
a disproportionate focus on avian species (15 studies) and
tree/plant species (11 studies) compared to amphibians (one
study), small mammals (four studies), insects (three studies),
and other organisms (four studies). This aligns with prior
reviews that noted similar biases (Awoyemi & Ibéﬁez—Alamo,
2023; Deikumah et al., 2014; Fahrig, 2017; Fardila et al.,
2017; Tan et al., 2023), underscoring the need for broader
taxonomic coverage in fragmentation research.

4.1.2 | Generalized approach of analyzing
landscape fragmentation

Most landscape fragmentation studies reviewed in SSA
employed land cover maps derived from remotely sensed
imagery (Chileshe et al., 2023; Dimobe et al., 2017; Fitz et al.,
2022; Ojoyi et al., 2016; Yohannes et al., 2020). Although
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these land cover maps enable spatial and temporal analyses of
landscape fragmentation, they often fail to separate the effects
of SCA area expansion on forest fragmentation. Instead, land-
scape fragmentation is typically assessed and generalized at
larger scales using established boundaries, such as adminis-
trative units (Chileshe et al., 2023; Phiri et al., 2019; Shapiro
et al., 2016), watersheds (Badjana et al., 2015; Chisola et al.,
2020; Muleta & Biru, 2019; Murunga et al., 2024; Yohannes
et al., 2020), and forest reserves (Dimobe et al., 2017; Fitz
et al., 2022; Muluneh et al., 2021). A key limitation of this
approach is the amalgamation of SCA areas with other land-
cover/land cover/uses, concealing its unique contribution to
forest fragmentation. For instance, Fitz et al. (2022) analyzed
forest fragmentation in Cross River National Park but com-
bined agricultural areas with shrubs and disturbed forests,
complicating the assessment of the effect of forest frag-
mentation specifically attributable to SCA areas. Similarly,
Murunga et al. (2024) examined landscape metrics covering
the Koitobos River Basin in Trans-Nzoia, Kenya, without iso-
lating SCA areas from other agricultural systems. Therefore,
methodological developments are necessary to explicitly link
SCA area expansion to forest fragmentation, which is a key
driver of forest fragmentation in SSA (Laurance et al., 2014;
Perrings & Halkos, 2015).

4.1.3 | Methods for analyzing forest
fragmentation in SCA landscapes

Two complementary approaches can be explored to assess for-
est fragmentation specifically linked to SCA. The first method
involves geographic information system (GIS)-based analy-
sis using QGIS or ArcGIS to extract forest and agricultural
land cover classes, and then isolating SCA fields based on
size thresholds (2-10 ha) and morphological characteristics
such as irregular shapes (Apraku et al., 2021; Bey et al., 2020;
Trivedi et al., 2023). Additionally, the novel global agricul-
tural fields boundary data (Field of the World) extracted from
Sentinel-2 and image segmentation, which include SSA coun-
tries (South Africa, Kenya, and Rwanda), can be also explored
to identify SCA fields (Kerner et al., 2025). Once the SCA
fields are identified and extracted, they can be overlaid with
the forest class classified from remotely sensed imagery to
identify forest fragments associated with the SCA fields. Sub-
sequently, landscape metrics pertaining to forest fragments
specific to SCA can be calculated. The second approach
could combine local knowledge from agricultural officials
with visual interpretation of high spatial resolution imagery
to identify the location of SCA fields, followed by typical
forest fragmentation analysis in the identified area. Collec-
tively, these approaches can provide a focused evaluation of
forest fragmentation that is distinctively related to SCA areas,
thereby enabling methodological cross-validation.

CHEELO ET AL.

4.1.4 | Landscape fragmentation
representation models

Landscapes are typically spatially represented using patch-
based (discrete) or surface-based (continuous) models
(Gustafson, 2019). Patch-based models use land cover maps
as inputs and are suitable for representing discrete and
heterogeneous landscapes (Frazier & Kedron, 2017). On the
other hand, the surface-based models employ gridded data
such as vegetation indices and digital elevation models which
measure phenomena, which vary within a landscape (Frazier
& Kedron, 2017; Mondal, 2011). All reviewed studies
utilized patch-based models of landscape representation
(Chileshe et al., 2023; Dimobe et al., 2017; Fitz et al., 2022;
Mosomtai et al., 2020; Ocloo et al., 2024; Ojoyi et al., 2016).
This preference for patch-based models stems mainly from
the model’s simplicity and temporal tracking capabilities
(Frazier & Kedron, 2017; Rahimi et al., 2022), and is partic-
ularly suitable for analyzing forest fragmentation driven by
SCA. Patch-based models effectively delineate the distinct
boundaries associated with SCA expansion, in contrast to
surface models, which provide less interpretable results for
fragmentation analysis and hinder temporal comparisons
(Mondal 2011; Rahimi et al., 2022).

4.1.5 | Landscape fragmentation metrics
Landscape metrics are quantitative measures for analyzing
spatial patterns and structures in fragmented landscapes, par-
ticularly when using patch-based models (Arora et al., 2021;
Frazier & Kedron, 2017). Landscape metrics are categorized
into two main types: composition metrics (e.g., patch size and
Shannon’s diversity index) that measure the abundance and
diversity of habitat fragments, and configuration metrics (e.g.,
proximity index and contagion index) that assess their spatial
arrangement (Frazier, 2019; Frazier & Kedron, 2017). Our
review found that both composition (56.1%) and configura-
tion landscape metrics (43.6%) were utilized almost equally
in SSA, although there was a slight preference for composi-
tion metrics (Figure 4). This bias toward composition metrics
is noteworthy given recent critiques that they often fail to dif-
ferentiate forest fragmentation from habitat loss, which are
distinct but frequently conflated processes (Collinge, 2009;
Fahrig, 2017; Riva et al., 2024).

For instance, forest/habitat fragmentation involves break-
ing contiguous habitats into smaller, isolated fragments,
which reduces landscape connectivity and configuration
(Collinge, 2009; Riva & Fahrig, 2023). Habitat loss involves
area reduction or perforation of homogenous habitats/forests
without necessarily breaking them into small and iso-
lated fragments (Collinge, 2009; Riva & Fahrig, 2023).
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Understanding these distinctions is crucial for developing
effective targeted conservation strategies, as their impli-
cations on biodiversity differ significantly. By addressing
forest fragmentation and habitat loss separately, researchers
can develop targeted interventions that promote ecological
resilience. These targeted interventions can help to preserve
critical habitats and ensure the survival of various species,
ultimately contributing to the overall health of ecosystems.
Moreover, effective communication of these differences to
policymakers and the public is essential for fostering sup-
port for conservation efforts. Therefore, configuration metrics
are recommended for measuring actual forest fragmentation
related to SCA as well as for other heterogeneous landscapes
(Riva & Fahrig, 2023).

4.1.6 | Remote sensing data

Having established the limitations of current landscape met-
rics, we evaluated the use of remotely sensed data to
measure forest fragmentation. Our review found that for-
est fragmentation studies in SSA employed diverse optical
satellite imagery with varying spatial, spectral, and temporal
resolutions (Table 1). These include the following:

* Low-resolution imagery (greater than 30 m): moderate
resolution imaging spectroradiometer (MODIS), advanced
very high resolution radiometer (AVHRR), and project for
on-board autonomy-vegetation (PROBA-V).

* Medium-resolution (5-30 m): Landsat and Sentinel-2.

* High resolution (1-5 m): satellite pour 1’Observation de la
terre (SPOT), IKONOS, RapidEye, and PlanetScope (PS).

* Very high resolution (less than 1 m): Worldview.

Spatial resolution critically influences the ability to detect
SCA fragmentation, particularly fields <0.5 ha (Hampwaye
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et al.,, 2007) and isolated tree fragments (Siqueira et al.,
2021).  Although low-resolution (MODIS and AVHRR)
and medium-resolution imagery (Landsat and Sentinel-2) are
freely accessible, their low spatial resolution limits their appli-
cability to fine-scale fragmentation analysis in SCA areas
(Wingate et al., 2024). Conversely, high-resolution images
(e.g., PS [3 m], SPOT [1.5 m]) and very high-resolution sen-
sors (e.g., Worldview [30-50 cm]) offer enhanced detailed
mapping, enabling more accurate mapping of SCA fields and
associated small forest fragments.

Apart from optical imagery, two studies (Figure 5) inte-
grated optical imagery with active remote sensing (light
detection and ranging [LiDAR] and radio detection and rang-
ing [RADAR]) to measure forest fragmentation (Shapiro
etal., 2016, 2023). However, LIDAR imagery are rarely used
in forest fragmentation studies in SSA because of the high
cost and complexity of interpreting 3D forest fragmentation
metrics (Rahimi et al., 2022). Conversely, Sentinel-1 RADAR
data are useful in filling data gaps in cloud-prone regions
such as the Congo Basin (Shapiro et al., 2023). Furthermore,
the use of RADAR images can complement optical imagery
by reducing misclassification errors (e.g., by distinguishing
SCA fields from bare soil or grassland) (Choukri et al., 2024;
Dobrini¢ et al., 2020). For example, a study by Forkuor et al.
(2014) in Benin demonstrated that the combination of Rapid-
Eye with synthetic aperture radar improved the agricultural
area image classification accuracy by 10%—15%. This shows
that the integration of high-resolution imagery with RADAR
images can enhance fragmentation analysis, particularly in
SCA landscapes.

4.1.7 | Trade-off between low and high
spatial resolution imagery

Deciding on which satellite imagery to use involves deciding
between using freely available coarser resolution imagery and
costly high-resolution imagery. This decision mainly depends
on factors such as cost, size of the area to be covered, and
temporal and spatial resolution (Li & Roy, 2017). Coarser
imagery such as Landsat imagery (30 m) and MODIS (250 m)
are practical and cost-effective for large-scale forest fragmen-
tation assessments (Forget et al., 2018; Mosomtai et al., 2020).
They are also beneficial for global, regional, and national
applications, where precision in small object mapping is less
critical (Munawar et al., 2022). However, coarse-resolution
images have significant drawbacks when it comes to detecting
small objects. For example, the spatial resolution of Land-
sat (30 m) and MODIS (250 m) can mask smaller forest
fragments and limit the effectiveness of the analysis, particu-
larly in SCA landscapes where small objects are interspersed
with complex backgrounds (Singh et al., 2024). Studies
have demonstrated that small features or specific agricultural
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practices are often indistinguishable in lower resolution
imagery (Singh et al., 2024), leading to inaccurate assess-
ments of forest fragmentation. High-resolution imagery pro-
vides the granularity needed to effectively monitor small land-
scape features and allows for accurate assessments of detailed
land cover changes and forest fragmentation (Rampheri et al.,
2023).

Nevertheless, high-resolution imagery often comes with
substantial financial costs and reduced temporal resolution
due to limitations in satellite overpasses. For example, a new
image collection for Worldview costed $27.50 per km? in
2020, which is beyond the budgets of most SSA countries
(Duporge et al., 2021). Moreover, the availability of images
can be sporadic, which may result in gaps in the temporal
analysis of forest fragmentation, which is essential for cap-
turing historical changes (Munawar et al., 2022; Singh et al.,
2024). The detailed mapping of small objects is crucial in
SCA landscapes; hence, the spatial resolution of imagery
carries more weight than the rich historical image archives,
temporal resolution, and cost. Hence, the most affordable or
available high-resolution imagery such as SPOT, Worldview,
and PS (3 m) should be used to ensure detailed and accu-
rate measurement of forest fragmentation in SCA landscapes.
Moreover, PS images are becoming more affordable for use in
SSA, costing approximately $1.50 per km? (Apollo Mapping,
2022). However, in situations where research funds are still
not available, Sentinel-2 (10 m) imagery can be used as a fair
compromise, especially that it is underutilized in landscape
fragmentation studies in SSA as shown in Figure 5. Because
Sentinel-2 is freely available, it has a higher spatial, temporal,
and spectral resolution than the most used Landsat imagery in
the region.

Remote sensing satellite imagery types used for forest fragmentation studies in sub-Saharan Africa (SSA).

4.1.8 | Land use/cover classification methods
Research on forest fragmentation in SSA predominantly
employs land cover maps classified using satellite imagery.
Different image classification algorithms are typically used
to produce the land cover maps used in forest fragmenta-
tion analysis in the SSA (Figure 6). Our review observed
that maximum likelihood algorithm was the most used image
classification algorithm in forest fragmentation analysis (36
studies) in the region. This was followed by random forest
(14 studies), support vector machines (five studies), K-nearest
neighbor (four studies), density slicing algorithm (three stud-
ies), and nearest neighbor classification (two studies). The
other algorithms include ISODATA (one study), regression
tree (one study), rule-based classifier (one study), and moving
window analysis (one study) (Figure 6).

Despite not being the most commonly used image classifi-
cation algorithm in forest fragmentation studies in SSA, the
random forest classifier (Kanmani et al., 2023) and support
vector machine (Donkor et al., 2022; Thamaga et al., 2022)
usually outperform other pixel-based classifiers in terms of
image classification accuracy. For example, Kanmani et al.
(2023) compared the image classification accuracy of differ-
ent algorithms in a study in India. They observed that the
random forest algorithm achieved the highest image clas-
sification accuracy of 92%, outperforming the maximum
likelihood algorithm at 85% and the maximum distance and
K-nearest neighbor classifiers, both at 81%. Similarly, Donkor
et al. (2022) compared the accuracy of different image classi-
fication algorithms in a study conducted in a cocoa plantation
in Ghana and observed that the support vector machine algo-
rithm achieved the highest image classification accuracy of



12 of 24 Agrosystems, Geosciences & Environment  fcsss

CHEELO ET AL.

Remote sensing imagery image classification algorithms used in
forest fragmentation studies from SSA

ISODATA algorithm 13
Regression Trees (CART) 1
Rule-based classifier [
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FIGURE 6 Types of image classification algorithm used in small-scale agricultural (SSA) to analyze forest fragmentation.

86.47%, outperforming both the artificial neural network at
85.15% and random forest algorithms at 84.04%. Therefore,
employing random forest and support vector machine clas-
sifiers for classifying SCA areas is recommended to ensure
the production of highly accurate land cover maps necessary
for the accurate assessment of forest fragmentation. Recently,
the use of random forest in landscape fragmentation analysis
in becoming more common in SSA (Onaolapo et al., 2022;
Salem & Tsurusaki, 2024; Traoré et al., 2024).

Although not used in any of the reviewed studies on forest
fragmentation, deep learning (DL) has recently gained con-
siderable attention (Bosco et al., 2021; Lynda et al., 2021;
Uwizera et al., 2022). This is because of the recent push
toward the use of artificial intelligence approaches. DL has
been tested in SSA, including in SCA areas and promises
improved image classification results (Lynda et al., 2021; Rus-
towicz et al., 2019). For instance, Lynda et al. (2021) tested
the accuracy of DL and convolution neural network (CNN) in
SCA areas in Ghana and South Sudan using PS, Sentinel-1,
and Sentinel-2 images. In this study, CNN algorithm achieved
an overall accuracy of 69.7% in Ghana and 85.3% in South
Sudan test sites. Uwizera et al. (2022) tested DL in East Africa
to classify economic areas for urban planning, and achieved
an accuracy (Fl-score) of 99%. Despite the ability of DL
to improve image classification, DL algorithms are not yet
widely used as mainstream approaches in image classification
in forest fragmentation studies in SSA. DL’s high require-
ments, such as its reliance on high computation capacity, high
quality (spatial and spectral) images, technical expertise, and

limited availability of training data, hinder its wider use in
SSA (Lynda et al., 2021).

4.1.9 | Geographic object-based image
analysis

Geographic object-based image analysis (GEOBIA) is
another method used to classify remotely sensed imagery into
land cover maps that are used as input in forest fragmentation
analysis. GEOBIA image classification approach clusters pix-
els into meaningful objects or features based on their spectral,
spatial, and contextual characteristics rather than individual
pixel spectral values alone (Gevaert et al., 2016; Matarira
et al., 2022; Shamaoma et al., 2006). This allows for a more
accurate classification of complex heterogeneous landscapes
such as highly fragmented SCA landscapes. Despite the abil-
ity of the GEOBIA image classification approach to improve
image classification, it has only been used by a few studies to
produce land cover maps used as inputs in forest fragmen-
tation analysis in SSA (Muderere et al., 2020; Ndao et al.,
2021; Nyamugama & Kakembo, 2015). For example, Mud-
erere et al. (2020) integrated GEOBIA image classification
approach while classifying SPOT (5 m) imagery in a study
in Zimbabwe to produce land cover maps with an 89.7%
image classification accuracy. Similarly, Ndao et al. (2021)
incorporated the GEOBIA classification approach to clas-
sify heterogeneous agricultural landscapes in Senegal and
achieved an accuracy of 88%. Although GEOBIA offers
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significant advantages for the accurate image classification
of complex heterogeneous SCA landscapes, its application
remains limited in SSA. This highlights the need for the
broader adoption of GEOBIA to enhance forest fragmentation
analysis in SCA landscapes.

4.1.10 |
maps

Accuracy assessment of land cover

The accuracy assessment of land use and land cover maps
used in forest fragmentation analysis is essential for achieving
credible and dependable results. It provides important infor-
mation on the accuracy and reliability of land cover maps
before they can be used in various applications, such as defor-
estation and forest fragmentation assessment (Olofsson et al.,
2014; Stehman & Foody, 2019). The error confusion matrix
and Kappa coefficient assessment approaches are commonly
used to measure the accuracy of land cover maps before they
are used for any application (Olofsson et al., 2014; Stehman &
Foody, 2019). The error confusion matrix compares the clas-
sified land cover map against the reference data to determine
the number of correctly classified pixels for each land cover
class (Gunathilaka & Fernando, 2022). Based on the error
matrix results for each land cover class, the overall accuracy of
the land cover map is calculated as the ratio of correctly clas-
sified pixels to the total number of sampled pixels. The kappa
coefficient is a statistical measure used to measure the reli-
ability of the agreement between classified land cover maps
and reference data (Olofsson et al., 2014; Stehman & Foody,
2019). Even with extreme care, the classification of land cover
maps is rarely 100% accurate. However, the aim of remote
sensing analysis is typically to produce land cover maps with
an overall accuracy that meets the acceptable minimum accu-
racy threshold between 65% and 85% (Dzurume et al., 2022;
Sibanda et al., 2016).

Subsequently, landscape fragmentation analysis primarily
utilizes land cover maps, which are typically not 100% accu-
rate, but fall within acceptable accuracy thresholds. This
accuracy assessment information must be reported to demon-
strate the credibility of land cover maps before they can
be used in any analysis (Olofsson et al., 2014). Following
this requirement, the majority of studies on forest frag-
mentation in SSA have assessed the accuracy of their land
cover maps (Adepoju & Salami, 2017; Chibeya et al., 2021;
Mohamed et al., 2021; Ndao et al., 2021; Ochungo et al.,
2022). However, several other studies have not reported accu-
racy assessment results for the land cover maps used in
their forest fragmentation analysis (Chapman et al., 2022;
Chapungu et al., 2014; Chileshe et al., 2023; Lemenkova,
2024; Muderere et al., 2020; Ojoyi et al., 2016). Failure
to report the accuracy assessment results of the land cover
maps used in fragmentation analysis undermines the credi-
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bility of their fragmentation analysis. Without information on
the image classification accuracy, there is no way to deter-
mine the credibility of forest fragmentation results derived
from such land cover maps. This could potentially lead to
incorrect conclusions regarding forest fragmentation results
(Frazier & Kedron, 2017), and therefore could not be reliable
for landscape conservation planning.

4.1.11 | Accuracy assessment for landscape
fragmentation metrics

Although numerous studies in SSA have reported the accu-
racy on land cover maps used for fragmentation analysis
(Adepoju & Salami, 2017; Chibeya et al., 2021; Mohamed
et al,, 2021; Ndao et al.,, 2021; Ochungo et al., 2022),
the accuracy of fragmentation landscape metrics remains
undetermined. Frazier and Kedron (2017) in their review
identified this as a weakness in landscape fragmentation
studies that used land cover maps in their analysis. Assessing
the accuracy of landscape metrics is important for reporting
uncertainty and enhancing the validity and credibility of
fragmentation results, especially in SCA areas. This occurs
because SCA-related fragmentation creates small forest
fragments that may be missed, generalized, or misclassified
as other land cover types. This can result in varying or
inaccurate forest fragmentation analysis (Hernando et al.,
2017; Fynn & Campbell 2019).

For example, Fynn and Campbell (2019) compared edge
density (ED) and largest patch index landscape metrics
calculated from land cover maps classified from different
remotely sensed imagery with varying spatial resolutions
in Blacksburg, VA. The remotely sensed imagery assessed
were Landsat (30 m), Sentinel-2 (10 m), national agricul-
ture imagery program (NAIP [0.25 m]), and unmanned aerial
system (UAS [0.03 m]). In this study, substantial differ-
ences in the ED landscape metric values were observed:
0.55 for Landsat, 0.70 for Sentinel-2, 256.99 for NAIP, and
346.97 for UAS. The results showed that higher spatial res-
olution imagery, such as UAS and NAIP imagery, yielded
higher detailed ED values, whereas coarser spatial resolu-
tion imagery, such as Landsat, produced lower ED values.
However, these remote sensed imagery capture ED at vary-
ing spatial scales and are relevant for different purposes.
For example, Landsat captures ED at a coarse scale, which
is relevant for analysis conducted at large scale, such as at
global (Haddad et al., 2015), national (Shapiro et al., 2016),
district (Chileshe et al., 2023). In contrast, UAS imagery
captures ED at a fine scale, which is suitable for detailed
local-scale analysis. This demonstrates that using high spa-
tial resolution remote sensing imagery is necessary to obtain
local detailed forest fragmentation patterns (Wickham & Riit-
ters, 2019). This is especially important for analyzing forest
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fragmentation related to SCA expansion, which creates forest
fragments which are small, have complex shapes and edges,
and where detailed detecting of edges is required.

However, obtaining very high spatial resolution imagery
necessary for detailed and accurate assessment of forest frag-
mentation, is often unfeasible in SSA due to cost constraints
(Lynda et al., 2021). Therefore, it is important to develop
approaches for measuring the accuracy of landscape metrics,
regardless of the remotely sensed imagery used, provided that
the imagery meets the accuracy requirements of the study.
One possible approach to measure the accuracy of landscape
metrics would be to compare landscape metric values derived
from classified forest fragments (from land cover maps) with
those calculated from manually digitized versions of the same
forest fragments. The differences between these two sets of
landscape metric values can be calculated using the root mean
square error and standard deviation as indicators of accuracy.
This approach will contribute to increasing the validity and
credibility of forest fragmentation results, especially in SCA
areas, where more detailed fragmentation analysis results are
necessary. Without clear accuracy measures, the calculated
landscape metrics can misrepresent the actual landscape frag-
mentation patterns (Frazier & Kedron, 2017). This can lead to
erroneous conclusions regarding the state of forest fragmenta-
tion, resulting in ineffective land management strategies and
biodiversity conservation efforts.

4.1.12 | Limited focus of forest
fragmentation research on socioeconomic
factors

Research on forest fragmentation in SSA has predomi-
nantly utilized spatial data, such as land cover maps to
analyze fragmentation patterns and temporal trends (Fitz
et al., 2022; Lemenkova, 2024; Mohamed et al., 2021; Ojoyi
et al., 2016; Shapiro et al., 2016). Although this approach
has enabled valuable assessments of landscape changes, it
focuses only on the spatial aspects of forest fragmenta-
tion. Recent studies on forest fragmentation in the region
have continued to prioritize spatial aspects of fragmenta-
tion through the use of landscape metrics, such as patch
size and patch density (Lemenkova, 2024; Mulatu et al.,
2024; Olayiwola & Salau, 2024). For instance, Olayiwola
and Salau (2024) assessed fragmentation in Nigeria using
land cover derived landscape metrics, but ignored the socioe-
conomic factors driving fragmentation. Few studies have
incorporated nonspatial data obtained through interviews to
complement spatial analysis in their examination of forest
fragmentation (Chapungu et al., 2014; Murunga et al., 2024).
However, these studies did not conduct an in-depth analysis
of the statistical influence of socioeconomic factors on forest
fragmentation.

CHEELO ET AL.

Moreover, socioeconomic factors such as population,
income, land ownership, agricultural practices, and govern-
ment policies affect forest fragmentation patterns (Mayele
et al., 2024). Therefore, the influence of such socioeconomic
factors on forest fragmentation should be investigated to
understand how they affect forest fragmentation in SSA. The
integration of socioeconomic data with landscape metrics will
require the collection of socioeconomic data using GIS-based
tools, such as the open data kit (ODK) and KoboToolbox.
These mobile GIS data collection tools offer efficient ways
to collect spatially referenced socioeconomic data (Nowak
et al., 2020), which can be spatially linked to forest fragmen-
tation landscape metrics. Linking such data with landscape
metrics would enable researchers to assess the relationships
between socioeconomic factors and spatial fragmentation pat-
terns. This integrated approach will provide in-depth insights
into how socioeconomic dynamics drive forest fragmenta-
tion in SSA. This supports the development of more effective
and context-specific management strategies for biodiversity
conservation in SCA landscapes.

4.2 | Impacts of forest fragmentation on
biodiversity in SSA

4.2.1 | Impacts of forest fragmentation

The impacts of forest fragmentation on biodiversity have been
extensively studied in SSA (Kouagou et al., 2019; Mohan-
dass et al., 2014; Ochungo et al., 2022; Ojoyi et al., 2016;
Zungu et al., 2020). Table 2 show a few selected study on
the impact of forest fragmentation on biodiversity reviewed.
Forest fragmentation predominantly exerts negative impacts
on biodiversity by isolating species habitats and disrupting
critical ecological processes such as nutrient cycles, pollina-
tion, and seed dispersal (Fletcher et al., 2018; Haddad et al.,
2015). Our review observed a similar trend, with more than
half of the studies reporting negative effects (21 out of 38)
of forest fragmentation on biodiversity (Anyango et al., 2024;
Ojoyi et al., 2016; Webala et al., 2019; Zungu et al., 2020).
For instance, Anyango et al. (2024) found negative correla-
tion between ED metric and tree species richness indices in
Kenya. Similarly, Zungu et al. (2020) observed a negatively
correlation between patch size metrics and mammals species
richness indices in an urban South African landscape. In light
of these findings, conservation efforts in SSA have largely pri-
oritized large forest fragments in forest reserves and national
parks (Allan et al., 2017; Tang & Adesina, 2022).

A few studies in our review reported mixed effects (3 out
of 38), noting both negative and positive effects of frag-
mentation on biodiversity (Ehlers Smith et al., 2018; Mbora
& Mutua, 2023; Mulwa et al., 2021). For instance, Mulwa
et al. (2021) reported a negative correlation between the ED
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TABLE 2

Author

Muderere et al.

(2020)

Zungu et al.
(2020)

Mulwa et al.
(2021)

Anyango et al.
(2024)

Ehlers Smith
et al. (2018)

Study objective
Influence of landscape
structure on the
diversity of avifauna
species in tropical
urban areas of
Northeastern
Zimbabwe.

Effects of landscape
context on mammal

richness in the urban
forest mosaic.

How
disturbed/degraded
landscape affects birds
communities.

)

Relationship between
the edge density of the
forest fragments and
the tree species
richness.

Investigates the habitat
avian taxonomic and
functional diversity
changes across
gradient.

Methods

Data were collected in grassland
areas, forest areas, and built-up
areas. Used size, shape, and
isolation distance as landscape
metrics and species diversity
indices. The relation was
determined using multivariate
analysis techniques.

Used remote-triggered camera
traps to map presence and absence
of mammals and determined the
occupancy of mammals in 28
forest patches. The relationship
was determined using multivariate
analysis.

Sampled near natural blocks,
degraded forest plantation, and
agricultural land. The clumpiness
and cohesion landscape metrics
and species richness and
abundance were used.

Studied the effect in SCA areas,
used edge density and tree species
richness.

Used patch size landscape metrics,
taxonomical, and functional
diversity.
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Summary of key studies on impact of fragmentation on biodiversity in small-scale agricultural (SSA).

Key finding

Land use/land cover composition
influences the abundance of
avifauna species in tropical urban
landscapes. Forested areas had low
species abundance.

Larger patches close together
supported higher species richness
than small ones. Thus, indicating
negative impact of landscape
fragmentation.

Avifauna species diversity of
woodland specialists was
negatively correlated with the edge
density metric of the
low-urbanization forested. The
disturbed forest fragments had
higher (positive effects) species
richness. Importance of preserving
small forest patches.

Reduction in the number of tree
species richness with increase in
patch density (negative impact).

Decrease in avian diversity with
decrease in patch size. However,
the study noted diversity of
generalist avian species was as
higher in small forest fragment <9
ha.

metric and specialist bird species diversity indices but higher
bird species richness in disturbed forest fragments in Kenya.
Similarly, Ehlers Smith et al. (2018) found reduced avian
diversity with decreasing patch size but noted that small frag-
ments (<9 ha) supported higher diversity of generalist bird
species compared to larger patches. These findings underscore
the importance of often-overlooked small forest fragments
in maintaining biodiversity, particularly in highly fragmented
landscapes. Protecting small forest fragments is crucial for
the survival of various species because they serve as essential
remaining habitats and corridors for wildlife, enabling move-
ment and genetic exchange (Mulwa et al., 2021; Siqueira et al.,
2021; Wingate et al., 2024).

Despite their ecological significance, small forest frag-
ments, often found in SCA landscapes, are rarely recognized
or prioritized for protection (Wingate et al., 2024). Yet, they
serve as critical stepping stones for enhancing landscape con-

nectivity and supporting ecosystem services (Mulwa et al.,
2021; Riva & Fahrig, 2022; Siqueira et al., 2021; Wingate
et al.,, 2024). By recognizing the value of smaller habi-
tats, conservation efforts can create a network of protected
areas consisting of both small and large forest fragments that
facilitate species movement and gene exchange in highly frag-
mented SCA landscapes. This interconnectedness supports
individual species and strengthens the ecosystem’s resilience
to adapt to environmental changes and human impacts across
the region. Furthermore, the protection of small forest frag-
ments will contribute toward halting biodiversity loss and
meeting the sustainable development goal (SDG) 15 on bio-
diversity and ecosystem protection (Huan & Zhu, 2022).
Additionally, the protection of small forest fragments, which
act as carbon sink, will contribute to the reduction of emis-
sions from deforestation and degradation (REDD+) (Decocq
et al., 2016; Dimobe et al., 2025; Wingate et al., 2024).
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4.2.2 | Methods for data collection on
biodiversity in fragmented landscapes

Studies on the impact of fragmentation on biodiversity in SSA
have traditionally used field-based data-collection methods
(Anyango et al., 2020; Gumede et al., 2022; Kouagou et al.,
2019; Webala et al., 2019). However, field-based data collec-
tion methods are time-consuming and costly (Rocchini et al.,
2016; Rossi et al., 2022; Shamaoma et al., 2022). In contrast,
remote sensing imagery provides a cost-effective and effi-
cient alternative for large-scale assessments, particularly in
fragmented SCA landscapes where small forest patches dom-
inate (Rocchini et al., 2016; Rossi et al., 2022; Shamaoma
et al., 2022). Several studies in the region have used remotely
sensed imagery, such as SPOT and Rapid Eye, to derive
landscape metrics for evaluating the effects of forest frag-
mentation on biodiversity (Gumede et al., 2022; Muderere
et al., 2020; Mulwa et al., 2021; Ojoyi et al., 2016; Zungu
et al., 2020). For instance, Muderere et al. (2020) used SPOT
imagery to quantify patch ED, patch size, and shape com-
plexity, enabling an analysis of fragmentation impacts on bird
species in the urban tropical landscapes of Northeastern Zim-
babwe. Remotely sensed imagery provided a cost-effective
way of measuring landscape metrics, especially for studies
that required measuring landscape metrics for more than 100
forest fragments (Smith et al., 2018).

Despite its potential, none of the reviewed studies extended
the use of remotely sensed images to estimate species richness
and diversity. This represents a missed opportunity to enhance
biodiversity monitoring by integrating remote sensing tech-
nology with field-based data-collection approaches. Recent
advances in remote sensing data-collection techniques have
demonstrated the feasibility of such approaches. For instance,
Shamaoma et al. (2023) achieved 87% classification accuracy
in mapping five dominant tree species in Zambia’s Miombo
woodlands using UAS. Nkya et al. (2024) successfully applied
PS and UAS imagery to classify tree species in Tanzania’s
Tongwe Forest Reserve (achieving 72% accuracy). These
studies highlight the effectiveness of UAS and PS imagery for
tree species mapping in SSA. However, their applications have
so far been limited to forest reserves, leaving untested poten-
tial in SCA landscapes, where forest fragmentation is most
pronounced.

4.2.3 |
research

Taxa studied in forest fragmentation

The effects of forest fragmentation on biodiversity in SSA
have mostly been assessed using studies on birds/avians (15
studies) and trees/plants (11 studies) as response species
(Figure 7). Avian species have attracted significant attention
because of their vulnerability to habitat fragmentation and
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essential ecological functions in pollination and seed dispersal
(Awoyemi & Ibéﬁez-Alamo, 2023; Fardila et al., 2017; Wang
et al., 2023). In the same vain, research on plant/tree species
has been prioritized because they form the structural founda-
tion of ecosystems, providing essential resources such as food
and habitat for various organisms (Kalaba et al., 2010; Ross
et al., 2018; Syampungani et al., 2021).

Nevertheless, considerable knowledge gaps exist regarding
the effects of forest fragmentation on other ecologically rel-
evant species such as small mammals (four studies), insects
(three studies), amphibians (one study), and microorgan-
isms (Figure 7). These species perform important ecological
functions as follows:

* Small mammals facilitate seed dispersal, soil aeration, and
serve as key prey species (Chaplin-Kramer et al., 2015;
Imakando et al., 2023).

* Amphibians act as bioindicators, contribute to nutrient
recycling, and regulate insect populations (Schneider-
Maunoury et al., 2016; Thompson & Donnelly, 2018).

* Insects assist in pollination, decomposition, and soil fertil-
ity (Savilaakso et al., 2009).

* Microorganisms are crucial for nutrient recycling and
organic matter decomposition (Kéllén et al., 2012).

The current study bias toward prominent birds/avian and
plant/tree species neglects the ecological importance of
smaller organisms that often survive in fragmented agri-
cultural landscapes. Considering that several understudied
species mostly reside in small forest fragments within agri-
cultural landscapes, focused studies on their responses to
fragmentation are necessary. Such research would provide
essential insights for formulating successful conservation
strategies in SCA systems, in which small forest fragments
function as crucial biodiversity refuges.

4.2.4 | Strategies used to mitigate impacts of
forest fragmentation

The impacts of forest fragmentation on biodiversity in SSA
are predominantly negative (Anyango et al., 2024; Muderere
et al., 2020; Mulwa et al., 2021; Zungu et al., 2020). Vari-
ous strategies have been implemented to mitigate the negative
impacts of forest fragmentation, with the aim of reestablish-
ing ecological integrity and enhancing species and ecosystem
resilience (Cushman et al., 2018; Riggio & Caro, 2017).
Some of the strategies employed include the establishment of
ecological corridors, forest habitat restoration plans, and sus-
tainable land-use practices (Ajibade et al., 2023; Kalaba et al.,
2010; Syampungani et al., 2021). Ecological corridors have
been implemented to improve the landscape connectivity and
species movement between forest fragments (Shapiro et al.,
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2016). Whereas forest habitat restoration strategies reestab-
lish vital habitats for various species to enhance biodiversity
and ecosystem functioning (Newmark et al., 2017). How-
ever, both ecological corridors and restoration strategies have
mainly been implemented around protected areas such as for-
est reserves and national parks (Cushman et al., 2018; Riggio
& Caro, 2017). Thus, similar interventions should be imple-
mented in other landscapes, such as SCA landscapes, where
forest fragmentation is high.

Nonetheless, certain sustainable farming methods, such as
agroforestry and conservation agriculture, have been imple-
mented in SCA in SSA to promote biodiversity (Chirwa et al.,
2024; Habanyati et al., 2020). These sustainable agricultural
farming practices have been implemented to reduce degra-
dation and mitigate the negative impacts of climate change
(Ajibade et al., 2023; Bogale & Bekele, 2023; Syampun-
gani et al., 2021). Sustainable land-use practices also have
the potential to be implemented in spatial patterns that mit-
igate the negative impacts of forest fragmentation in SCA
areas. However, the potential of these sustainable farming
practices to alleviate the impacts of forest fragmentation
on biodiversity due to SCA expansion has seldom been
examined.

5 | CONCLUSION

This review highlights the importance of tailored approaches
for accurate assessment of SCA-induced forest fragmenta-
tion across SSA. The results underscored the limitations of
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using general methods such as low-resolution remote sensing
images and landscape fragmentation analyses based on amal-
gamated land cover types. As such approach and methods fail
to capture the unique spatial patterns and ecological effects
of SCA-driven forest fragmentation in SSA. In addition, the
review emphasized the importance of incorporating socioeco-
nomic factors into forest fragmentation analyses to grasp the
fundamental causes and develop context-specific conserva-
tion strategies. Regarding forest fragmentation implications,
there has been a disproportionate focus on field-based data
collection approaches and the use of avian and tree species in
biodiversity studies. This has resulted in significant knowl-
edge gaps regarding the effects of forest fragmentation on
small mammals, amphibians, and insects, which are cru-
cial for ecosystem functioning and resilience. To address
the identified limitations of the methods used to analyze
fragmentation and its impacts, we recommend the following
methods/approaches as appropriate for SCA landscapes found
in SSA:
Short term

Using high-resolution imagery and object-based classifi-
cation approach to accurately assess forest fragmen-
tation in the level of detail suitable for SCA areas
(Donkor et al., 2022; Mulwa et al., 2021; Ndao et al.,
2021; Wingate et al., 2024).

Integration of socioeconomic data in forest fragmentation
analysis collected using mobile GIS data collection
tools such as the ODK and KoboToolbox (Nowak
et al., 2020). This will facilitate the analysis of the
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spatial relationships between socioeconomic factors
and fragmentation patterns.

Long-term

* Prioritizing the under-researched species, such as small
mammals, amphibians, and insects. These rarely studied
species are sensitive to environmental changes and inhabit
small forest fragments found in SCA. Hence, appropriate to
be used when analyzing the impacts of forest fragmentation
on biodiversity (Killén et al., 2012; Savilaakso et al., 2009).

Research

* Develop approaches that uniquely identifies SCA expan-
sion’s contribution to forest fragmentation in SSA. This
could yield different results from the current approaches
that analyze fragmentation based on all land-use types
present in the study area.

* Develop statistically robust approaches to measure the
accuracy of landscape metrics used in forest fragmentation
assessments. This will enhance the robustness of for-
est fragmentation assessments, thereby providing effective
guidance for developing landscape management strategies
appropriate for SCA areas in SSA.

Policy

* Increased funding to research institutions in SSA to enable
procurement of high-resolution imagery such as SPOT
(3 m) and Worldview (30 and 50 cm). This will facil-
itate an in-depth and accurate assessment of the forest
fragmentation necessary for SCA areas.

* Integrate policies which promotes small forest fragment
conservation within SCA landscapes strategies such as the
existing community-led Community Forest Management
Area (CFMA). CFMAs are community-driven projects
within the REDD+ strategy, aimed at reducing defor-
estation (Pelletier et al., 2016). Besides, protecting small
forest fragments supports SDGs 13 and 15 on biodiversity
protection and climate change mitigation.

This review emphasizes the importance of adopting inno-
vative robust methodologies to measure forest fragmenta-
tion induced by SCA expansion and its implication on
biodiversity. Therefore, laying a foundation for improved
conservation planning to sustain the resilience of SSA
ecosystems amid the growing SCA expansion and climatic
challenges.

AUTHOR CONTRIBUTIONS
Gillie Cheelo: Conceptualization; formal analysis; investi-
gation; methodology; visualization; writing—original draft.

CHEELO ET AL.

Hastings Shamaoma: Methodology; supervision; writing—
review and editing. Charles Bwalya Chisanga: Supervision;
writing—review and editing. Jules Christian Zekeng: Super-
vision; writing—review and editing. Stephen Syampungani:
Conceptualization; funding acquisition; resources; supervi-
sion; writing—review and editing.

ACKNOWLEDGMENTS

This research was funded by the Oliver R Tambo African
Research Chair Initiative (ORTARChI), an initiative of
Canada’s International Development Research Centre
(IDRC), South Africa’s National Research Foundation
(NRF), and the Department of Science and Innovation (DSI),
in partnership with the Oliver & Adelaide Tambo Foundation
(OATF) and National Science and Technology Council,
Zambia.

CONFLICT OF INTEREST STATEMENT
The authors declare no conflicts of interest

ORCID

Gillie Cheelo ® https://orcid.org/0000-0002-0792-0307
Hastings Shamaoma ‘© https://orcid.org/0000-0001-6634-
7697

Charles Bwalya Chisanga ‘® https://orcid.org/0000-0002-
7388-5415

Jules Christian Zekeng © https://orcid.org/0000-0002-0826-
4137
Stephen Syampungani
5807

https://orcid.org/0000-0003-2629-

REFERENCES

Achiso, Z. (2020). Biodiversity and human livelihoods in protected
areas: Worldwide perspective—A review. SSR Institute of Interna-
tional Journal of Life Sciences, 6(3), 2565-2578. https://doi.org/10.
21276/SSR-11JLS.2020.6.3.6

Adepoju, K. A., & Salami, A. T. (2017). Geospatial assessment of forest
fragmentation and its implications for ecological processes in tropical
forests. Journal of Landscape Ecology, 10(2), 19-34. https://doi.org/
10.1515/jlecol-2017-0002

Ajibade, S., Simon, B., Gulyas, M., & Balint, C. (2023). Sustainable
intensification of agriculture as a tool to promote food security: A bib-
liometric analysis. Frontiers in Sustainable Food Systems, 7, 1101528.
https://doi.org/10.3389/fsufs.2023.1101528

Allan, J. R., Grossmann, F., Craig, R., Nelson, A., Maina, J., Flower,
K., Bampton, J., Deffontaines, J. B., Miguel, C., Araquechande, B.,
& Watson, J. E. M. (2017). Patterns of forest loss in one of Africa’s
last remaining wilderness areas: Niassa National Reserve (northern
Mozambique). Parks, 23(2), 40-50. https://doi.org/10.2305/IUCN.
CH.2017.PARKS-23-2JRA.en

Alohou, E. C., Gbemavo, D. S. J. C., Mensah, S., & Ouinsavi, C.
(2017). Fragmentation of forest ecosystems and connectivity between
sacred groves and forest reserves in Southeastern Benin, West Africa.
Tropical Conservation Science, 10, 1-11. https://doi.org/10.1177/
1940082917731730


https://orcid.org/0000-0002-0792-0307
https://orcid.org/0000-0002-0792-0307
https://orcid.org/0000-0001-6634-7697
https://orcid.org/0000-0001-6634-7697
https://orcid.org/0000-0001-6634-7697
https://orcid.org/0000-0002-7388-5415
https://orcid.org/0000-0002-7388-5415
https://orcid.org/0000-0002-7388-5415
https://orcid.org/0000-0002-0826-4137
https://orcid.org/0000-0002-0826-4137
https://orcid.org/0000-0002-0826-4137
https://orcid.org/0000-0003-2629-5807
https://orcid.org/0000-0003-2629-5807
https://orcid.org/0000-0003-2629-5807
https://doi.org/10.21276/SSR-IIJLS.2020.6.3.6
https://doi.org/10.21276/SSR-IIJLS.2020.6.3.6
https://doi.org/10.1515/jlecol-2017-0002
https://doi.org/10.1515/jlecol-2017-0002
https://doi.org/10.3389/fsufs.2023.1101528
https://doi.org/10.2305/IUCN.CH.2017.PARKS-23-2JRA.en
https://doi.org/10.2305/IUCN.CH.2017.PARKS-23-2JRA.en
https://doi.org/10.1177/1940082917731730
https://doi.org/10.1177/1940082917731730

CHEELO ET AL.

Ancrenaz, M., Oram, F., Nardiyono, N., Silmi, M., Jopony, M. E. M.,
Voigt, M., Seaman, D. J. L., Sherman, J., Lackman, I., Tracholt, C.,
Wich, S. A., Santika, T., Struebig, M. J., & Meijaard, E. (2021).
Importance of small forest fragments in agricultural landscapes
for maintaining orangutan metapopulations. Frontiers in Forests
and Global Change, 4, 560944. https://doi.org/10.3389/ffgc.2021.
560944

Anyango, E., Oindo, B., & Abuom, P. (2020). Influence of forest
fragmentation on tree species diversity in the detached portions of
Kakamega Forest, Kakamega County, Kenya. East African Schol-
ars Journal of Education, Humanities and Literature, 3(4), 129-149.
https://doi.org/10.36349/EASJEHL.2020.v03i04.019

Anyango, E., Oindo, B. O., Namasaka, J., Nyongesa, C., & Onoka,
G. (2024). The relationship between the edge density of the forest
fragments and the tree species richness in the detached fragments
of Kakamega Forest. International Journal of Humanity and Social
Sciences, 2(2), 28-47. https://doi.org/10.47941/ijhss.1746

Apollo Mapping. (2022). A HUGE archive—3-m PlanetScope satellite
imagery with a 250 sq km minimum order. https://apollomapping.
com/blog/a-huge-archive-3-m-planetscope-satellite-imagery-with-
a-250-sq-km-minimum-order-5

Apraku, A., Morton, J. F., & Apraku Gyampoh, B. (2021). Climate
change and small-scale agriculture in Africa: Does indigenous knowl-
edge matter? Insights from Kenya and South Africa. Scientific
African, 12, €00821. https://doi.org/10.1016/j.sciaf.2021.e00821

Archer, E., Dziba, L., Mulongoy, K. J., Maoela, M. A., Walters, M.,
Biggs, R. O., Salem, M.-C. C., DeClerck, F., Diaw, M. C., & Dunham,
A. E. (2018). The regional assessment report on biodiversity and
ecosystem services for Africa: Summary for policymakers. IPBES.

Arora, A., Pandey, M., Mishra, V. N., Kumar, R., Rai, P. K., Costache,
R., Punia, M., & Di, L. (2021). Comparative evaluation of geospa-
tial scenario-based land change simulation models using landscape
metrics. Ecological Indicators, 128, 107810. https://doi.org/10.1016/
j-ecolind.2021.107810

Arroyo-Rodriguez, V., Fahrig, L., Tabarelli, M., Watling, J. L,
Tischendorf, L., Benchimol, M., Cazetta, E., Faria, D., Leal, I. R.,
Melo, F. P. L., Morante-Filho, J. C., Santos, B. A., Arasa-Gisbert,
R., Arce-Peiia, N., Cervantes-Lopez, M. J., Cudney-Valenzuela, S.,
Galan-Acedo, C., San-José, M., Vieira, I. C. G., ... Tscharntke, T.
(2020). Designing optimal human-modified landscapes for forest bio-
diversity conservation. Ecology Letters, 23(9), 1404—1420. https://
doi.org/10.1111/ele.13535

Awoyemi, A. G, & Ibéﬁez—Alamo, J. D. (2023). Status of urban
ecology in Africa: A systematic review. Landscape and Urban Plan-
ning, 233(January), 104707. https://doi.org/10.1016/j.landurbplan.
2023.104707

Badjana, H. M., Helmschrot, J., Selsam, P., Wala, K., Fliigel, W.-A.,
Afouda, A., & Akpagana, K. (2015). Land cover changes assessment
using object-based image analysis in the Binah River watershed (Togo
and Benin). Earth and Space Science, 2(10), 403—416. https://doi.org/
10.1002/2014EA000083

Bey, A., Jetimane, J., Lisboa, S. N., Ribeiro, N., Sitoe, A., & Meyfroidt,
P. (2020). Remote sensing of environment mapping smallholder and
large-scale cropland dynamics with a flexible classification system
and pixel-based composites in an emerging frontier of Mozambique.
Remote Sensing of Environment, 239(November 2019), 111611.
https://doi.org/10.1016/j.rse.2019.111611

Bogale, G. A., & Bekele, S. E. (2023). Sustainability of agroforestry
practices and their resilience to climate change adaptation and mit-

Agrosystems, Geosciences & Environment %5

19 of 24

igation in sub-Saharan Africa : A review. Ekolégia, 42(2), 179-192.
https://doi.org/10.2478/eko-2023-0021

Bosco, M. J., Wang, G., & Hategekimana, Y. (2021). Learning multi-
granularity neural network encoding image classification using
DCNNs for eastern Africa community countries. /[EEE Access, 9,
146703-146718. https://doi.org/10.1109/ACCESS.2021.3122569

Bramer, W. M., Rethlefsen, M. L., Kleijnen, J., & Franco, O. H. (2017).
Optimal database combinations for literature searches in systematic
reviews : A prospective exploratory study. Systematic Reviews, 6(1),
245. https://doi.org/10.1186/s13643-017-0644-y

Chaplin-Kramer, R., Ramler, I., Sharp, R., Haddad, N. M., Gerber, J.,
West, P., Mandle, L., Engstrom, P., Baccini, A., Sim, S., Mueller, C.,
& King, H. (2015). Degradation in carbon stocks near tropical forest
edges. Nature Communications, 6(1), 10158. https://doi.org/10.1038/
ncomms10158

Chapman, C. A., Abernathy, K., Chapman, L. J., Downs, C., Effiom,
E. O., Gogarten, J. F., Golooba, M., Kalbitzer, U., Lawes, M. J.,
Mekonnen, A., Omeja, P., Razafindratsima, O., Sheil, D., Tabor, G.
M., Tumwesigye, C., & Sarkar, D. (2022). The future of sub-Saharan
Africa’s biodiversity in the face of climate and societal change. Fron-
tiers in Ecology and Evolution, 10, 790552. https://doi.org/10.3389/
fevo.2022.790552

Chapungu, L., Takuba, N., & Zinhiva, H. (2014). A multi-method anal-
ysis of forest fragmentation and loss: The case of ward 11, Chiredzi
District of Zimbabwe. African Journal of Environmental Science and
Technology, 8(2), 121-128. https://doi.org/10.5897/ajest2013.1556

Chibeya, D., Wood, H., Cousins, S., Carter, K., Nyirenda, M. A., &
Maseka, H. (2021). How do African elephants utilize the landscape
during wet season ? A habitat connectivity analysis for Sioma Ngwezi
landscape in Zambia. Ecology and Evolution, 11(21), 14916-14931.
https://doi.org/10.1002/ece3.8177

Chileshe, R. A., Zulu, 1. E., Cheelo, G., Munshifwa, E. K., Jain, N.,
& Mushinge, A. (2023). Rethinking urban sprawl: Moving towards
sustainable urban planning practice in Zambia In U. Chatterjee, N.
Bandyopadhyay, M. D. Setiawati, & S. Sarkar (Eds.), Urban com-
mons, future smart cities and sustainability (pp. 301-320). Springer
International Publishing. https://doi.org/10.1007/978-3-031-24767-
5_14

Chirwa, P. W., Syampungani, S., Mwamba, T. M., Kouami, K., Amusa,
T. O., Kamwi, J. M., Babalola, F. D., Mng’omba, S. A., Yusuf, A. A,
Kabwe, G., Assedé, E. S. P, Sileshi, G. W., Thangata, P., & Chama,
L. (2024). Securing multifunctional landscapes in Africa: What is the
future policy, research and development direction? In P. W. Chirwa, S.
Syampungani, & T. M. Mwamba (Eds.), Trees in a sub-Saharan multi-
functional landscape (pp. 329-349). Springer Nature Switzerland.
https://doi.org/10.1007/978-3-031-69812-5_14

Chisanga, C. B., Phiri, D., & Mubanga, K. H. (2024). Multi-decade
land cover/land use dynamics and future predictions for Zambia:
2000-2030. Discover Environment, 2(1), 38. https://doi.org/10.1007/
s44274-024-00066-w

Chisola, M. N., van der Laan, M., & Bristow, K. L. (2020). A landscape
hydrology approach to inform sustainable water resource manage-
ment under a changing environment. A case study for the Kaleya
River Catchment, Zambia. Journal of Hydrology: Regional Studies,
32, 100762. https://doi.org/10.1016/j.ejrh.2020.100762

Cho, M. A., Malahlela, O. E., & Ramoelo, A. (2015). Assessing the
utility WorldView-2 imagery for tree species mapping in South
African subtropical humid forest and the conservation implications:
Dukuduku forest patch as case study. International Journal of Applied


https://doi.org/10.3389/ffgc.2021.560944
https://doi.org/10.3389/ffgc.2021.560944
https://doi.org/10.36349/EASJEHL.2020.v03i04.019
https://doi.org/10.47941/ijhss.1746
https://apollomapping.com/blog/a-huge-archive-3-m-planetscope-satellite-imagery-with-a-250-sq-km-minimum-order-5
https://apollomapping.com/blog/a-huge-archive-3-m-planetscope-satellite-imagery-with-a-250-sq-km-minimum-order-5
https://apollomapping.com/blog/a-huge-archive-3-m-planetscope-satellite-imagery-with-a-250-sq-km-minimum-order-5
https://doi.org/10.1016/j.sciaf.2021.e00821
https://doi.org/10.1016/j.ecolind.2021.107810
https://doi.org/10.1016/j.ecolind.2021.107810
https://doi.org/10.1111/ele.13535
https://doi.org/10.1111/ele.13535
https://doi.org/10.1016/j.landurbplan.2023.104707
https://doi.org/10.1016/j.landurbplan.2023.104707
https://doi.org/10.1002/2014EA000083
https://doi.org/10.1002/2014EA000083
https://doi.org/10.1016/j.rse.2019.111611
https://doi.org/10.2478/eko-2023-0021
https://doi.org/10.1109/ACCESS.2021.3122569
https://doi.org/10.1186/s13643-017-0644-y
https://doi.org/10.1038/ncomms10158
https://doi.org/10.1038/ncomms10158
https://doi.org/10.3389/fevo.2022.790552
https://doi.org/10.3389/fevo.2022.790552
https://doi.org/10.5897/ajest2013.1556
https://doi.org/10.1002/ece3.8177
https://doi.org/10.1007/978-3-031-24767-5_14
https://doi.org/10.1007/978-3-031-24767-5_14
https://doi.org/10.1007/978-3-031-69812-5_14
https://doi.org/10.1007/s44274-024-00066-w
https://doi.org/10.1007/s44274-024-00066-w
https://doi.org/10.1016/j.ejrh.2020.100762

20 of 24 Agrosystems, Geosciences & Environment  fcsss

Earth Observation and Geoinformation, 38, 349-357. https://doi.org/
10.1016/j.jag.2015.01.015

Choukri, M., Laamrani, A., & Chehbouni, A. (2024). Use of Optical
and Radar Imagery for Crop Type Classification in Africa: A Review.
Sensors, 24(11), 3618. https://doi.org/10.3390/s24113618

Collinge, S. (2009). Ecology of fragmented landscapes. Johns Hopkins
University Press. https://doi.org/10.1353/book.3364

Cushman, S. A., Elliot, N. B., Bauer, D., Kesch, K., Bahaa-el-din,
L., Bothwell, H., Flyman, M., Mtare, G., Macdonald, D. W., &
Loveridge, A.J. (2018). Prioritizing core areas, corridors and conflict
hotspots for lion conservation in southern Africa. PLoS ONE, 13(7),
¢0196213.

Decocq, G., Andrieu, E., Brunet, J., Chabrerie, O., De Frenne, P., De
Smedt, P., Deconchat, M., Diekmann, M., Ehrmann, S., Giffard, B.,
Mifsud, E. G., Hansen, K., Hermy, M., Kolb, A., Lenoir, J., Liira,
J., Moldan, F., Prokofieva, I., Rosenqvist, L., ... Wulf, M. (2016).
Ecosystem services from small forest patches in agricultural land-
scapes. Current Forestry Reports, 2(1), 30-44. https://doi.org/10.
1007/s40725-016-0028-x

Deikumabh, J. P., McAlpine, C. A., & Maron, M. (2014). Biogeograph-
ical and taxonomic biases in tropical forest fragmentation research.
Conservation Biology : The Journal of the Society for Conservation
Biology, 28(6), 1522-1531. https://doi.org/10.1111/cobi.12348

Dimobe, K., Zoungrana, B. J.-B., Yoni, M., & Thiombiano, A. (2025).
Agroforestry’s contribution to sustainable soil fertility, livelihoods
and carbon sequestration in sub-Saharan Africa : A systematic
review. International Journal of Agriculture and Biosciences, 14(3),
436-446.

Dimobe, K., Goetze, D., Ouédraogo, A., Forkuor, G., Wala, K.,
Porembski, S., & Thiombiano, A. (2017). Spatio-temporal dynamics
in land use and habitat fragmentation within a protected area ded-
icated to tourism in a Sudanian savanna of West Africa. Journal
of Landscape Ecology, 10(1), 75-95. https://doi.org/10.1515/jlecol-
2017-0011

Dobrinic, D., Medak, D., & Gasparovic, M. (2020). Integration of
Multitemporal Sentinel-1 and Sentinel-2 Imagery for Land-Cover
Classification Using Machine Learning Methods. The International
Archives of the Photogrammetry, Remote Sensing and Spatial Infor-
mation Sciences, XLIII-B1-2020. 91-98. https://doi.org/10.5194/
isprs-archives- XLIII-B1-2020-91-2020

Donkor, E., Jnr, E. M. O., Adu-Bredu, S., Andam-Akorful, S. A.,
Kwarteng, E. V. S., & Yevugah, L. L. (2022). Application of paramet-
ric and non parametric classifiers for assessing land use/land cover
categories in cocoa landscape of Juaboso and Bia West districts of
Ghana. Journal of Geoscience and Environment Protection, 10(11),
265-281. https://doi.org/10.4236/gep.2022.1011018

Duporge, 1., Isupova, O., Reece, S., Macdonald, D. W., & Wang,
T. (2021). Using very-high-resolution satellite imagery and deep
learning to detect and count African elephants in heterogeneous land-
scapes. Remote Sensing in Ecology and Conservation, 7(3), 369-381.
https://doi.org/10.1002/rse2.195

Dzurume, T., Dube, T., Thamaga, K. H., Shoko, C., & Mazvimavi,
D. (2022). Use of multispectral satellite data to assess impacts of
land management practices on wetlands in the Limpopo Transfron-
tier River Basin, South Africa. South African Geographical Journal,
104(2), 193-212. https://doi.org/10.1080/03736245.2021.1941220

Ehlers Smith, D. A, Si, X., Ehlers Smith, Y. C., Kalle, R., Ramesh, T., &
Downs, C. T. (2018). Patterns of avian diversity across a decreasing
patch-size gradient in a critically endangered subtropical forest sys-

CHEELO ET AL.

tem. Journal of Biogeography, 45(9), 2118-2132. https://doi.org/10.
1111/jbi.13245

Esch, T., Metz, A., Marconcini, M., & Keil, M. (2014). Combined use
of multi-seasonal high and medium resolution satellite imagery for
parcel-related mapping of cropland and grassland. International Jour-
nal of Applied Earth Observation and Geoinformation, 28, 230-237.
https://doi.org/10.1016/j.jag.2013.12.007

Fahrig, L. (2017). Ecological responses to habitat fragmentation per se.
Annual Review of Ecology, Evolution, and Systematics, 48(1), 1-23.
https://doi.org/10.1146/annurev-ecolsys-110316-022612

Fardila, D., Kelly, L. T., Moore, J. L., & McCarthy, M. A. (2017).
A systematic review reveals changes in where and how we have
studied habitat loss and fragmentation over 20 years. Biological
Conservation, 212, 130-138. https://doi.org/10.1016/j.biocon.2017.
04.031

Fischer, R., Taubert, F., Miiller, M. S., Groeneveld, J., Lehmann, S.,
Wiegand, T., & Huth, A. (2021). Accelerated forest fragmenta-
tion leads to critical increase in tropical forest edge area. Science
Advances, 7(37), eabg7012. https://doi.org/10.1126/sciadv.abg7012

Fitz, J., Adenle, A. A., & Ifejika Speranza, C. (2022). Increasing signs
of forest fragmentation in the Cross River National Park in Nigeria:
Underlying drivers and need for sustainable responses. Ecologi-
cal Indicators, 139, 108943. https://doi.org/10.1016/j.ecolind.2022.
108943

Fletcher, R. J., Didham, R. K., Banks-Leite, C., Barlow, J., Ewers, R. M.,
Rosindell, J., Holt, R. D., Gonzalez, A., Pardini, R., Damschen, E. 1.,
Melo, F. P. L., Ries, L., Prevedello, J. A., Tscharntke, T., Laurance,
W. F,, Lovejoy, T., & Haddad, N. M. (2018). Is habitat fragmentation
good for biodiversity?. Biological Conservation, 226, 9-15. https://
doi.org/10.1016/j.biocon.2018.07.022

Forget, Y., Linard, C., & Gilbert, M. (2018). Supervised classification
of built-up areas in sub-Saharan African cities using Landsat imagery
and OpenStreetMap. Remote Sensing, 10(7), 1145. https://doi.org/10.
3390/rs10071145

Forkuor, G., Conrad, C., Thiel, M., Ullmann, T., & Zoungrana, E.
(2014). Integration of optical and synthetic aperture radar imagery for
improving crop mapping in Northwestern Benin, West Africa. Remote
Sensing, 6(7), 6472—-6499. https://doi.org/10.3390/rs6076472

Frazier, A. (2019). Landscape metrics. Geographic Information Science
& Technology Body of Knowledge Vizualization and Search. https://
doi.org/10.22224/gistbok/2019.2.3

Frazier, A. E., & Kedron, P. (2017). Landscape metrics: Past progress and
future directions. Current Landscape Ecology Reports, 2(3), 63-72.
https://doi.org/10.1007/s40823-017-0026-0

Fynn, I. E. M., & Campbell, J. (2019). Forest fragmentation analysis from
multiple imaging formats. Journal of Landscape Ecology, 12(1), 1—
15. https://doi.org/10.2478/jlecol-2019-0001

Gevaert, C. M., Persello, C., Sliuzas, R., & Vosselman, G. (2016).
Classification of informal settlements through the integration of 2D
and 3D features extracted from UAV data. ISPRS Annals of the
Photogrammetry, Remote Sensing and Spatial Information Sciences,
111-3, 317-324. https://doi.org/10.5194/isprs-annals-111-3-317-2016

Gumede, S. T., Ehlers Smith, D. A., Ngcobo, S. P., Sosibo, M., Ehlers
Smith, Y. C., & Downs, C. T. (2022). The influence of forest charac-
teristics on avian species richness and functional diversity in southern
Mistbelt Forests of South Africa. Global Ecology and Conservation,
34, €02047. https://doi.org/10.1016/j.gecco.2022.e02047

Gunathilaka, M. D. K. L., & Fernando, S. (2022). Accuracy assessment
of unsupervised land use and land cover classification using remote


https://doi.org/10.1016/j.jag.2015.01.015
https://doi.org/10.1016/j.jag.2015.01.015
https://doi.org/10.3390/s24113618
https://doi.org/10.1353/book.3364
https://doi.org/10.1007/s40725-016-0028-x
https://doi.org/10.1007/s40725-016-0028-x
https://doi.org/10.1111/cobi.12348
https://doi.org/10.1515/jlecol-2017-0011
https://doi.org/10.1515/jlecol-2017-0011
https://doi.org/10.5194/isprs-archives-XLIII-B1-2020-91-2020
https://doi.org/10.5194/isprs-archives-XLIII-B1-2020-91-2020
https://doi.org/10.4236/gep.2022.1011018
https://doi.org/10.1002/rse2.195
https://doi.org/10.1080/03736245.2021.1941220
https://doi.org/10.1111/jbi.13245
https://doi.org/10.1111/jbi.13245
https://doi.org/10.1016/j.jag.2013.12.007
https://doi.org/10.1146/annurev-ecolsys-110316-022612
https://doi.org/10.1016/j.biocon.2017.04.031
https://doi.org/10.1016/j.biocon.2017.04.031
https://doi.org/10.1126/sciadv.abg7012
https://doi.org/10.1016/j.ecolind.2022.108943
https://doi.org/10.1016/j.ecolind.2022.108943
https://doi.org/10.1016/j.biocon.2018.07.022
https://doi.org/10.1016/j.biocon.2018.07.022
https://doi.org/10.3390/rs10071145
https://doi.org/10.3390/rs10071145
https://doi.org/10.3390/rs6076472
https://doi.org/10.22224/gistbok/2019.2.3
https://doi.org/10.22224/gistbok/2019.2.3
https://doi.org/10.1007/s40823-017-0026-0
https://doi.org/10.2478/jlecol-2019-0001
https://doi.org/10.5194/isprs-annals-III-3-317-2016
https://doi.org/10.1016/j.gecco.2022.e02047

CHEELO ET AL.

sensing and geographical information systems. International Journal
of Environment Engineering and Education, 4(3), 76-82. https://doi.
org/10.55151/ijeedu.v4i3.73

Gustafson, E. J. (2019). How has the state-of-the-art for quantification
of landscape pattern advanced in the twenty-first century? Land-
scape Ecology, 34(9), 2065-2072. https://doi.org/10.1007/s10980-
018-0709-x

Habanyati, E. J., Nyanga, P. H., & Umar, B. B. (2020). Factors contribut-
ing to disadoption of conservation agriculture among smallholder
farmers in Petauke, Zambia. Kasetsart Journal of Social Sciences,
41(1), 91--96. https://doi.org/10.1016/j.kjss.2018.05.011

Haddad, N. M., Brudvig, L. A., Clobert, J., Davies, K. F., Gonzalez, A.,
Holt, R. D., Lovejoy, T. E., Sexton, J. O., Austin, M. P., Collins, C. D.,
Cook, W. M., Damschen, E. 1., Ewers, R. M., Foster, B. L., Jenkins,
C. N, King, A. J., Laurance, W. F,, Levey, D. J., Margules, C.R., ...
Townshend, J. R. (2015). Habitat fragmentation and its lasting impact
on Earth’s ecosystems. Science Advances, 1(2), e1500052. https://doi.
org/10.1126/sciadv.1500052

Hampwaye, G., Nel, E., & Rogerson, C. M. (2007). Urban agriculture
as local initiative in Lusaka, Zambia. Environment and Planning C:
Government and Policy, 25, 553-573. https://doi.org/10.1068/c7p

Hernando, A., Velazquez, J., Valbuena, R., Legrand, M., & Garcia-Abril,
A. (2017). Influence of the resolution of forest cover maps in evalu-
ating fragmentation and connectivity to assess habitat conservation
status. Ecological Indicators, 79, 295-302. https://doi.org/10.1016/j.
ecolind.2017.04.031

Huan, Y., & Zhu, X. (2022). Interactions among sustainable develop-
ment goal 15 (life on land) and other sustainable development goals
: Knowledge for identifying global conservation actions. Sustainable
Development, 31(1), 321-333. https://doi.org/10.1002/sd.2394

Imakando, C. I., Fernandez-Grandon, G. M., Singleton, G. R., &
Belmain, S. R. (2023). Vegetation cover and food availability shapes
the foraging activity of rodent pests in and around maize fields. Agri-
culture, Ecosystems & Environment, 347, 108363. https://doi.org/10.
1016/j.agee.2023.108363

Kalaba, K. F., Chirwa, P., Syampungani, S., & Ajayi, C. O. (2010). Con-
tribution of agroforestry to biodiversity and livelihoods improvement
in rural communities of Southern African regions. In T. Tscharn-
tke, C. Leuschner, E. Veldkamp, H. Faust, E. Guhardja, & A. Bidin
(Eds.) Tropical rainforests and agroforests under global change (pp.
461-476). Springer. https://doi.org/10.1007/978-3-642-00493-3_22

Killén, J., Muller, H., Franken, M. L., Crisp, A., Stroh, C., Pillay, D.,
& Lawrence, C. (2012). Seagrass-epifauna relationships in a temper-
ate South African estuary: Interplay between patch-size, within-patch
location and algal fouling. Estuarine, Coastal and Shelf Science, 113,
213-220. https://doi.org/10.1016/j.ecss.2012.08.006

Kanmani, K., Padmanabhan, V., & Pari, P. (2023). Accuracy assess-
ment of different classifiers for sustainable development in landuse
and landcover mapping using Sentinel SAR and Landsat-8 data. EAl
Endorsed Transactions on Energy Web, 10, 1-9. https://doi.org/10.
4108/ew.4141

Kerner, H., Chaudhari, S., Ghosh, A., Robinson, C., Ahmad, A., Choi,
E., Jacobs, N., Holmes, C., Mohr, M., Dodhia, R., Ferres, J. M. L., &
Marcus, J. (2025). Fields of the world : A machine learning bench-
mark dataset for global agricultural field boundary segmentation.
Association for the Advancement of Artificial Intelligence, 39(27),
28151-28159.

Kouagou, M., Ahouandjinou, E. B. O., Biaou, S. S. H., Keita, N. T., &
Natta, K. A. (2019). Impact of fragmentation on tree diversity, density

Agrosystems, Geosciences & Environment %5

21 of 24

and structure of Pentadesma butyracea Sabine Clusiaceae popula-
tion in Benin (West-Africa). International Journal of Biological and
Chemical Sciences, 12(5), 1965. https://doi.org/10.4314/ijbcs.v12i5.
1

Kowe, P., Mutanga, O., Odindi, J., & Dube, T. (2020). A quantitative
framework for analysing long term spatial clustering and vege-
tation fragmentation in an urban landscape using multi-temporal
landsat data. International Journal of Applied Earth Observation
and Geoinformation, 88, 102057. https://doi.org/10.1016/j.jag.2020.
102057

Laurance, W. F., Sayer, J., & Cassman, K. G. (2014). Agricultural expan-
sion and its impacts on tropical nature. Trends in Ecology & Evolution,
29(2), 107-116. https://doi.org/10.1016/j.tree.2013.12.001

Lemenkova, P. (2024). Landscape fragmentation and deforestation in
Sierra Leone, West Africa, analysed using satellite images. Transyl-
vanian Review of Systematical and Ecological Research, 26, 13-26.
https://doi.org/10.2478/trser-2024-0002

Li, J., & Roy, D. P. (2017). A global analysis of Sentinel-2a, Sentinel-2b
and Landsat-8 data revisit intervals and implications for terres-
trial monitoring. Remote Sensing, 9(9), 902. https://doi.org/10.3390/
r$9090902

Lynda, N. O., Innocent C, E., Nnanna, N. A., & Aminu, A. A. (2021).
Application of deep learning in satellite image-based land cover
mapping in Africa challenges, emerging solutions and prospects:
A review. International Journal of Advanced Computer Science
and Applications, 12(9), 418-425. https://doi.org/10.14569/1JACSA.
2021.0120948

Maseko, M. S. T., Zungu, M. M., Ehlers Smith, D. A., Ehlers Smith, Y.
C., & Downs, C. T. (2020). Effects of habitat-patch size and patch
isolation on the diversity of forest birds in the urban-forest mosaic
of Durban, South Africa. Urban Ecosystems, 23(3), 533-542. https://
doi.org/10.1007/s11252-020-00945-z

Matarira, D., Mutanga, O., Naidu, M., & Vizzari, M. (2022). Object-
based informal settlement mapping in Google Earth engine using the
integration of Sentinel-1, Sentinel-2, and PlanetScope satellite data.
Land, 12(1), 99. https://doi.org/10.3390/1and 12010099

Mayele, J. M., Kolleh, J. B., & Saburi, J. E. (2024). The impacts and
causes of land fragmentation on farm productivity: Case review of
East African countries. Open Journal of Ecology, 14(05), 455-482.
https://doi.org/10.4236/0je.2024.145027

Mbora, D. N. M., & Mutua, M. N. (2023). The joint effects of forest habi-
tat area and fragmentation on dung beetles. Ecology and Evolution,
13(8), e10429. https://doi.org/10.1002/ece3.10429

Medeiros, A., Fernandes, C., Gongalves, J. F., & Farinha-Marques, P.
(2021). Research trends on integrative landscape assessment using
indicators—A systematic review. Ecological Indicators, 129, 107815.
https://doi.org/10.1016/j.ecolind.2021.107815

Mohamed, A., Worku, H., & Kindu, M. (2021). Quantification and
mapping of the spatial landscape pattern and its planning and manage-
ment implications a case study in Addis Ababa and the surrounding
area, Ethiopia. Geology, Ecology, and Landscapes, 5(3), 161-172.
https://doi.org/10.1080/24749508.2019.1701309

Mohammed, J. (2020). Challenges in Implementing biodiversity policy
in sub-Saharan Africa region. American Journal of Biological and
Environmental Statistics, 6(2), 24. https://doi.org/10.11648/j.ajbes.
20200602.12

Mohandass, D., Hughes, A. C., Campbell, M., & Davidar, P. (2014).
Effects of patch size on liana diversity and distributions in the tropical
montane evergreen forests of the Nilgiri Mountains, southern India.


https://doi.org/10.55151/ijeedu.v4i3.73
https://doi.org/10.55151/ijeedu.v4i3.73
https://doi.org/10.1007/s10980-018-0709-x
https://doi.org/10.1007/s10980-018-0709-x
https://doi.org/10.1016/j.kjss.2018.05.011
https://doi.org/10.1126/sciadv.1500052
https://doi.org/10.1126/sciadv.1500052
https://doi.org/10.1068/c7p
https://doi.org/10.1016/j.ecolind.2017.04.031
https://doi.org/10.1016/j.ecolind.2017.04.031
https://doi.org/10.1002/sd.2394
https://doi.org/10.1016/j.agee.2023.108363
https://doi.org/10.1016/j.agee.2023.108363
https://doi.org/10.1007/978-3-642-00493-3_22
https://doi.org/10.1016/j.ecss.2012.08.006
https://doi.org/10.4108/ew.4141
https://doi.org/10.4108/ew.4141
https://doi.org/10.4314/ijbcs.v12i5.1
https://doi.org/10.4314/ijbcs.v12i5.1
https://doi.org/10.1016/j.jag.2020.102057
https://doi.org/10.1016/j.jag.2020.102057
https://doi.org/10.1016/j.tree.2013.12.001
https://doi.org/10.2478/trser-2024-0002
https://doi.org/10.3390/rs9090902
https://doi.org/10.3390/rs9090902
https://doi.org/10.14569/IJACSA.2021.0120948
https://doi.org/10.14569/IJACSA.2021.0120948
https://doi.org/10.1007/s11252-020-00945-z
https://doi.org/10.1007/s11252-020-00945-z
https://doi.org/10.3390/land12010099
https://doi.org/10.4236/oje.2024.145027
https://doi.org/10.1002/ece3.10429
https://doi.org/10.1016/j.ecolind.2021.107815
https://doi.org/10.1080/24749508.2019.1701309
https://doi.org/10.11648/j.ajbes.20200602.12
https://doi.org/10.11648/j.ajbes.20200602.12

22 0f 24 Agrosystems, Geosciences & Environment  fcsss

Journal of Tropical Ecology, 30(6), 579-590. https://doi.org/10.1017/
50266467414000455

Mondal, P. (2011). Quantifying surface gradients with a 2-band
Enhanced Vegetation Index (EVI2). Ecological Indicators, 11(3),
918-924. https://doi.org/10.1016/j.ecolind.2010.10.006

Mosomtai, G., Odindi, J., Abdel-Rahman, E. M., Babin, R., Fabrice, P.,
Mutanga, O., Tonnang, H. E. Z., David, G., & Landmann, T. (2020).
Landscape fragmentation in coffee agroecological subzones in cen-
tral Kenya: A multiscale remote sensing approach. Journal of Applied
Remote Sensing, 14(04), 044513. https://doi.org/10.1117/1.JRS.14.
044513

Muderere, T., Murwira, A., Kativu, S., Tagwireyi, P., & Chiweshe,
N. (2020). The influence of landscape structure on the diver-
sity of avifauna species in tropical urban areas of Northeastern
Zimbabwe. Biodiversity, 21(4), 182-197. https://doi.org/10.1080/
14888386.2020.1842244

Mulatu, K., Hundera, K., & Senbeta, F. (2024). Analysis of land use/land
cover changes and landscape fragmentation in the Baro-Akobo Basin,
Southwestern Ethiopia. Heliyon, 10(7), e28378. https://doi.org/10.
1016/j.heliyon.2024.e28378

Muleta, T. T., & Biru, M. K. (2019). Human modified landscape struc-
ture and its implication on ecosystem services at Guder watershed
in Ethiopia. Environmental Monitoring and Assessment, 191(5), 295.
https://doi.org/10.1007/s10661-019-7403-6

Muluneh, M. G., Feyissa, M. T., & Wolde, T. M. (2021). Effect of forest
fragmentation and disturbance on diversity and structure of woody
species in dry Afromontane forests of northern Ethiopia. Biodiver-
sity and Conservation, 30(6), 1753-1779. https://doi.org/10.1007/
s10531-021-02167-x

Mulwa, M., Teucher, M., Ulrich, W., & Habel, J. C. (2021). Bird com-
munities in a degraded forest biodiversity hotspot of East Africa.
Biodiversity and Conservation, 30(8-9), 2305-2318. https://doi.org/
10.1007/s10531-021-02190-y

Munawar, S., Roder, A., Syampungani, S., & Udelhoven, T. (2022).
Place-based analysis of satellite time series shows opposing land
change patterns in the copperbelt region of Zambia. Forests, 13(1),
134. https://doi.org/10.3390/f13010134

Murunga, K. W., Nyadawa, M., Sang, J., & Cheruiyot, C. (2024).
Characterizing landscape fragmentation of Koitobos river sub-basin,
Trans-Nzoia, Kenya. Heliyon, 10(7), €29237. https://doi.org/10.1016/
j-heliyon.2024.e29237

Ndao, B., Leroux, L., Gaetano, R., Diouf, A. A., Soti, V., Bégué, A.,
Mbow, C., & Sambou, B. (2021). Landscape heterogeneity analy-
sis using geospatial techniques and a priori knowledge in Sahelian
agroforestry systems of Senegal. Ecological Indicators, 125, 107481.
https://doi.org/10.1016/j.ecolind.2021.107481

Newmark, W. D., Jenkins, C. N., Pimm, S. L., McNeally, P. B.,
& Halley, J. M. (2017). Targeted habitat restoration can reduce
extinction rates in fragmented forests. Proceedings of the National
Academy of Sciences, 114(36), 9635-9640. https://doi.org/10.1073/
pnas.1705834114

Nkya, S. E., Shirima, D. D., Masolele, R. N., Hedenas, H., & Temu,
A. B. (2024). Mapping dominant tree species of miombo woodlands
in Western Tanzania using PlanetScope imagery. Discover Applied
Sciences, 6(10), 528. https://doi.org/10.1007/s42452-024-06248-8

Nowak, M. M., Dziéb, K., Ludwisiak, £.., & Chmiel, J. (2020). Mobile
GIS applications for environmental field surveys : A state of the
art. Global Ecology and Conservation, 23, €01089. https://doi.org/
10.1016/j.gecco.2020.e01089

CHEELO ET AL.

Nyamugama, A., & Kakembo, V. (2015). Monitoring land cover changes
and fragmentation dynamics in the subtropical thicket of the Eastern
Cape Province, South Africa. South African Journal of Geomatics,
4(4), 397. https://doi.org/10.4314/sajg.v4i4.4

Ochungo, P., Veldtman, R., Abdel-Rahman, E. M., Muli, E., Ng’ang’a,
J., Tonnang, H. E. Z., & Landmann, T. (2022). Fragmented landscapes
affect honey bee colony strength at diverse spatial scales in agroeco-
logical landscapes in Kenya. Ecological Applications, 32(1), €02483.
https://doi.org/10.1002/eap.2483

Ocloo, M. D., Huang, X., Fan, M., & Ou, W. (2024). Study on the spatial
changes in land use and landscape patterns and their effects on ecosys-
tem services in Ghana, West Africa. Environmental Development, 49,
100947. https://doi.org/10.1016/j.envdev.2023.100947

Ojoyi, M. M. M., Odindi, J., Mutanga, O., & Abdel-Rahman, E. M.
E. M. (2016). Analysing fragmentation in vulnerable biodiversity
hotspots in Tanzania from 1975 to 2012 using remote sensing and
fragstats. Nature Conservation, 16, 19-37. https://doi.org/10.3897/
natureconservation.16.9312

Olayiwola, A., & Salau, W. (2024). Evaluation of land cover dynam-
ics and landscape fragmentation in Ijebu Ode, Nigeria. Journal of
Applied Science and Technology Trends, 5(01), 10-17. https://doi.org/
10.38094/jastt501180

Olofsson, P., Foody, G. M., Herold, M., Stehman, S. V., Woodcock, C.
E., & Wulder, M. A. (2014). Good practices for estimating area and
assessing accuracy of land change. Remote Sensing of Environment,
148, 42-57. https://doi.org/10.1016/j.rse.2014.02.015

Onaolapo, T. F., Okello, T. W., Adelabu, S. A., & Adagbasa, E. G. (2022).
Change in the urban landscape of the Drakensberg Mountain region,
South Africa : A case study of Phuthaditjhaba. Mountain Research
and Development, 42(3), R63-R74.

Osewe, E. O., Nita, M. D., & Abrudan, 1. V. (2022). Assessing the
fragmentation, canopy loss and spatial distribution of forest cover in
Kakamega National Forest Reserve, Western Kenya. Forests, 13(12),
2127. https://doi.org/10.3390/f13122127

Pelletier, J., Gélinas, N., & Skutsch, M. (2016). The place of commu-
nity forest management in the REDD+ landscape. Forests, 7(8), 1-24.
https://doi.org/10.3390/f7080170

Perrings, C., & Halkos, G. (2015). Agriculture and the threat to biodi-
versity in sub-Saharan Africa. Environmental Research Letters, 10(9),
095015. https://doi.org/10.1088/1748-9326/10/9/095015

Phiri, D., Morgenroth, J., & Xu, C. (2019). Long-term land cover change
in Zambia: An assessment of driving factors. Science of the Total
Environment, 697, 134206. https://doi.org/10.1016/j.scitotenv.2019.
134206

Pranckuté, R. (2021). Web of Science (WoS) and Scopus : The titans of
bibliographic information in today’ s academic world. Publications,
9(1), 12.

Primack, R. (2014). Essentials of conservation biology (6th ed.). Oxford
University Press.

Proesmans, W., Bonte, D., Smagghe, G., Meeus, I., Decocq, G.,
Spicher, F., Kolb, A., Lemke, I., Diekmann, M., Bruun, H. H.,
Waulf, M., Van Den Berge, S., & Verheyen, K. (2019). Small forest
patches as pollinator habitat: Oases in an agricultural desert? Land-
scape Ecology, 34(3), 487-501. https://doi.org/10.1007/s10980-019-
00782-2

Rahimi, E., Barghjelveh, S., & Dong, P. (2022). A comparison of discrete
and continuous metrics for measuring landscape changes. Journal of
the Indian Society of Remote Sensing, 50(7), 1257-1273. https://doi.
org/10.1007/312524-022-01526-7


https://doi.org/10.1017/S0266467414000455
https://doi.org/10.1017/S0266467414000455
https://doi.org/10.1016/j.ecolind.2010.10.006
https://doi.org/10.1117/1.JRS.14.044513
https://doi.org/10.1117/1.JRS.14.044513
https://doi.org/10.1080/14888386.2020.1842244
https://doi.org/10.1080/14888386.2020.1842244
https://doi.org/10.1016/j.heliyon.2024.e28378
https://doi.org/10.1016/j.heliyon.2024.e28378
https://doi.org/10.1007/s10661-019-7403-6
https://doi.org/10.1007/s10531-021-02167-x
https://doi.org/10.1007/s10531-021-02167-x
https://doi.org/10.1007/s10531-021-02190-y
https://doi.org/10.1007/s10531-021-02190-y
https://doi.org/10.3390/f13010134
https://doi.org/10.1016/j.heliyon.2024.e29237
https://doi.org/10.1016/j.heliyon.2024.e29237
https://doi.org/10.1016/j.ecolind.2021.107481
https://doi.org/10.1073/pnas.1705834114
https://doi.org/10.1073/pnas.1705834114
https://doi.org/10.1007/s42452-024-06248-8
https://doi.org/10.1016/j.gecco.2020.e01089
https://doi.org/10.1016/j.gecco.2020.e01089
https://doi.org/10.4314/sajg.v4i4.4
https://doi.org/10.1002/eap.2483
https://doi.org/10.1016/j.envdev.2023.100947
https://doi.org/10.3897/natureconservation.16.9312
https://doi.org/10.3897/natureconservation.16.9312
https://doi.org/10.38094/jastt501180
https://doi.org/10.38094/jastt501180
https://doi.org/10.1016/j.rse.2014.02.015
https://doi.org/10.3390/f13122127
https://doi.org/10.3390/f7080170
https://doi.org/10.1088/1748-9326/10/9/095015
https://doi.org/10.1016/j.scitotenv.2019.134206
https://doi.org/10.1016/j.scitotenv.2019.134206
https://doi.org/10.1007/s10980-019-00782-2
https://doi.org/10.1007/s10980-019-00782-2
https://doi.org/10.1007/s12524-022-01526-7
https://doi.org/10.1007/s12524-022-01526-7

CHEELO ET AL.

Rampbheri, M. B., Dube, T., Dondofema, F., & Dalu, T. (2023). Progress
in the remote sensing of groundwater-dependent ecosystems in semi-
arid environments. Physics and Chemistry of the Earth, Parts A/B/C,
130, 103359. https://doi.org/10.1016/j.pce.2023.103359

Riggio, J., & Caro, T. (2017). Structural connectivity at a national scale
: Wildlife corridors in Tanzania. PLOS ONE, 12(11), e0187407.

Riva, F., & Fahrig, L. (2022). The disproportionately high value of small
patches for biodiversity conservation. Conservation Letters, 15(3),
e12881. https://doi.org/10.1111/conl.12881

Riva, F., & Fahrig, L. (2023). Landscape-scale habitat fragmentation
is positively related to biodiversity, despite patch-scale ecosystem
decay. Ecology Letters, 26(2), 268-277. https://doi.org/10.1111/ele.
14145

Riva, F., Koper, N., & Fahrig, L. (2024). Overcoming confusion and
stigma in habitat fragmentation research. Biological Reviews, 99(4),
1411-1424. https://doi.org/10.1111/brv.13073

Rocchini, D., Boyd, D. S., Féret, J. B., Foody, G. M., He, K. S., Lausch,
A., Nagendra, H., Wegmann, M., & Pettorelli, N. (2016). Satellite
remote sensing to monitor species diversity: Potential and pitfalls.
Remote Sensing in Ecology and Conservation, 2(1), 25-36. https://
doi.org/10.1002/rse2.9

Ross, S.R. P, Garcia, F. H., Fischer, G., & Peters, M. K. (2018). Selective
logging intensity in an East African rain forest predicts reductions in
ant diversity. Biotropica, 50(5), 768-778. https://doi.org/10.1111/btp.
12569

Rossi, C., Kneubiihler, M., Schiitz, M., Schaepman, M. E., Haller, R.
M., & Risch, A. C. (2022). Spatial resolution, spectral metrics and
biomass are key aspects in estimating plant species richness from
spectral diversity in species-rich grasslands. Remote Sensing in Ecol-
ogy and Conservation, 8(3), 297-314. https://doi.org/10.1002/rse2.
244

Rustowicz, R., Cheong, R., Wang, L., Ermon, S., Burke, M., & Lobell, D.
(2019). Semantic segmentation of crop type in Africa: A novel dataset
and analysis of deep learning methods. In IEEE computer society con-
ference on computer vision and pattern recognition workshops, 2019,
June (pp. 75-82). IEEE.

Salem, M., & Tsurusaki, N. (2024). Impacts of rapid urban expansion
on peri-urban landscapes in the global south: Insights from landscape
metrics in Greater Cairo. Sustainability, 16(6), 2316. https://doi.org/
10.3390/5u16062316

Savilaakso, S., Koivisto, J., Veteli, T. O., & Roininen, H. (2009). Micro-
climate and tree community linked to differences in lepidopteran
larval communities between forest fragments and continuous forest.
Diversity and Distributions, 15(2), 356-365. https://doi.org/10.1111/
j-1472-4642.2008.00542.x

Schneider-Maunoury, L., Lefebvre, V., Ewers, R. M., Medina-Rangel, G.
F., Peres, C. A., Somarriba, E., Urbina-Cardona, J. N., & Pfeifer, M.
(2016). Abundance signals of amphibians and reptiles indicate strong
edge effects in neotropical fragmented forest landscapes. Biological
Conservation, 200, 207-215. https://doi.org/10.1016/j.biocon.2016.
06.011

Shamaoma, H., Chirwa, P. W., Ramoelo, A., Hudak, A. T. &
Syampungani, S. (2022). The application of UASs in forest manage-
ment and monitoring: Challenges and opportunities for use in the
Miombo Woodland. Forests, 13(11), 1812. https://doi.org/10.3390/
f13111812

Shamaoma, H., Chirwa, P. W., Zekeng, J. C., Ramoelo, A., Hudak, A.
T., Handavu, F., & Syampungani, S. (2023). Use of multi-date and
multi-spectral UAS imagery to classify dominant tree species in the

Agrosystems, Geosciences & Environment %5

23 of 24

Wet Miombo Woodlands of Zambia. Sensors, 23(4), 2241. https://doi.
org/10.3390/s23042241

Shamaoma, H., Kerle, N., & Alkema, D. (2006). Extraction of
flood-modelling related base-data from multi-source remote sens-
ing imagery. In N. Kerle & A. Skidmore (Eds.), Commission VII,
WG/7: Problem solving methodologies for less developed countries
(pp- 1-7). The International Society for Photogrammetry and Remote
Sensing.

Shapiro, A. C., Aguilar-Amuchastegui, N., Hostert, P., & Bastin, J.-F.
(2016). Using fragmentation to assess degradation of forest edges in
Democratic Republic of Congo. Carbon Balance and Management,
11(1), 11. https://doi.org/10.1186/s13021-016-0054-9

Shapiro, A., d’Annunzio, R., Desclée, B., Jungers, Q., Kondjo, H. K.,
Iyanga, J. M., Gangyo, F. 1., Nana, T., Obame, C. V., Milandou,
C., Rambaud, P., Sonwa, D. J., Mertens, B., Tchana, E., Khasa, D.,
Bourgoin, C. L., Ouissika, C. B., & Kipute, D. D. (2023). Small
scale agriculture continues to drive deforestation and degradation
in fragmented forests in the Congo Basin (2015-2020). Land Use
Policy, 134(January), 106922. https://doi.org/10.1016/j.landusepol.
2023.106922

Sibanda, M., Mutanga, O., & Rouget, M. (2016). Discriminating range-
land management practices using simulated HyspIRI, Landsat 8 OLI,
Sentinel 2 MSI, and VENuS spectral data. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, 9(9),
3957-3969. https://doi.org/10.1109/JSTARS.2016.2574360

Simwanda, M., & Murayama, Y. (2017). Integrating geospatial tech-
niques for urban land use classification in the developing sub-Saharan
African city of Lusaka, Zambia. ISPRS International Journal of
Geo-Information, 6, 102. https://doi.org/10.3390/ijgi6040102

Singh, K. K., Surasinghe, T. D., & Frazier, A. E. (2024). Systematic
review and best practices for drone remote sensing of invasive plants.
Methods in Ecology and Evolution, 15(6), 998—1015. https://doi.org/
10.1111/2041-210X.14330

Singh, V. K., Srichandan, S. S., Piryani, R., & Kanaujia, A., &
Bhattacharya, S. (2023). Google Scholar as a pointer to open full-
text sources of research articles : A useful tool for researchers in
regions with poor access to scientific literature. African Journal of
Science, Technology, Innovation and Development, 15(4), 450-457.
https://doi.org/10.1080/20421338.2022.2124689

Siqueira, F. F., de Carvalho, D., Rhodes, J., Archibald, C. L., Rezende,
V. L., & van den Berg, E. (2021). Small landscape elements double
connectivity in highly fragmented areas of the Brazilian Atlantic for-
est. Frontiers in Ecology and Evolution, 9, Article 614362. https://doi.
org/10.3389/fevo.2021.614362

Stehman, S. V., & Foody, G. M. (2019). Key issues in rigorous accuracy
assessment of land cover products. Remote Sensing of Environment,
231(December 2018), 111199. https://doi.org/10.1016/j.rse.2019.05.
018

Syampungani, S., Handavu, F., Chama, L., Ouma, K., Matakala, N.,
Sumba, C., Siachoono, S., Kapinga, K., & Chirwa, P. W. C. (2021).
Ecological intensification: Towards food and environmental secu-
rity in sub-Saharan Africa. In M. K. Jhariya, R. S. Meena, & A.
Banerjee (Eds.), Ecological intensification of natural resources for
sustainable agriculture (pp. 597-625). Springer. https://doi.org/10.
1007/978-981-33-4203-3_17

Tan, W. C., Herrel, A., & Rodder, D. (2023). A global analysis of habi-
tat fragmentation research in reptiles and amphibians: What have we
done so far? Biodiversity and Conservation, 32(2), 439—468. https://
doi.org/10.1007/s10531-022-02530-6


https://doi.org/10.1016/j.pce.2023.103359
https://doi.org/10.1111/conl.12881
https://doi.org/10.1111/ele.14145
https://doi.org/10.1111/ele.14145
https://doi.org/10.1111/brv.13073
https://doi.org/10.1002/rse2.9
https://doi.org/10.1002/rse2.9
https://doi.org/10.1111/btp.12569
https://doi.org/10.1111/btp.12569
https://doi.org/10.1002/rse2.244
https://doi.org/10.1002/rse2.244
https://doi.org/10.3390/su16062316
https://doi.org/10.3390/su16062316
https://doi.org/10.1111/j.1472-4642.2008.00542.x
https://doi.org/10.1111/j.1472-4642.2008.00542.x
https://doi.org/10.1016/j.biocon.2016.06.011
https://doi.org/10.1016/j.biocon.2016.06.011
https://doi.org/10.3390/f13111812
https://doi.org/10.3390/f13111812
https://doi.org/10.3390/s23042241
https://doi.org/10.3390/s23042241
https://doi.org/10.1186/s13021-016-0054-9
https://doi.org/10.1016/j.landusepol.2023.106922
https://doi.org/10.1016/j.landusepol.2023.106922
https://doi.org/10.1109/JSTARS.2016.2574360
https://doi.org/10.3390/ijgi6040102
https://doi.org/10.1111/2041-210X.14330
https://doi.org/10.1111/2041-210X.14330
https://doi.org/10.1080/20421338.2022.2124689
https://doi.org/10.3389/fevo.2021.614362
https://doi.org/10.3389/fevo.2021.614362
https://doi.org/10.1016/j.rse.2019.05.018
https://doi.org/10.1016/j.rse.2019.05.018
https://doi.org/10.1007/978-981-33-4203-3_17
https://doi.org/10.1007/978-981-33-4203-3_17
https://doi.org/10.1007/s10531-022-02530-6
https://doi.org/10.1007/s10531-022-02530-6

24 of 24 Agrosystems, Geosciences & Environment  fcsss

Tang, X., & Adesina, J. A. (2022). Biodiversity conservation of national
parks and nature-protected areas in West Africa: The case of Kainji
National Park, Nigeria. Sustainability, 14(12), 7322. https://doi.org/
10.3390/su14127322

Teixido, A. L., Gongalves, S. R. A., Fernandez-Arellano, G. J., Dittilo,
W.,1zzo0, T.J., Layme, V. M. G., Moreira, L. F. B., & Quintanilla, L. G.
(2020). Major biases and knowledge gaps on fragmentation research
in Brazil: Implications for conservation. Biological Conservation,
251(January), 108749. https://doi.org/10.1016/j.biocon.2020.108749

Thamaga, K. H., Dube, T., & Shoko, C. (2022). Evaluating the impact
of land use and land cover change on unprotected wetland ecosystems
in the arid-tropical areas of South Africa using the Landsat dataset
and support vector machine. Geocarto International, 37(25), 10344—
10365. https://doi.org/10.1080/10106049.2022.2034986

Thompson, M. E., & Donnelly, M. A. (2018). Effects of secondary forest
succession on amphibians and reptiles: A review and meta-analysis.
Copeia, 106(1), 10-19. https://doi.org/10.1643/CH-17-654

Tiang, D. C. F., Morris, A., Bell, M., Gibbins, C. N., Azhar, B., &
Lechner, A. M. (2021). Ecological connectivity in fragmented agri-
cultural landscapes and the importance of scattered trees and small
patches. Ecological Processes, 10(1), 20. https://doi.org/10.1186/
s13717-021-00284-7

Traoré, S., Zo-Bi, I. C., Piponiot, C., Aussenac, R., & Hérault, B. (2024).
Fragmentation is the main driver of residual forest aboveground
biomass in West African low forest-high deforestation landscapes.
Trees, Forests and People, 15, 100477. https://doi.org/10.1016/j.tfp.
2023.100477

Trivedi, M. B., Marshall, M., Estes, L., De Bie, C. A. J. M., Chang, L.,
& Nelson, A. (2023). Cropland mapping in tropical smallholder sys-
tems with seasonally stratified Sentinel-1 and Sentinel-2 spectral and
textural features. Remote Sensing, 15(12), 3014.

Uwizera, D. K., Ruranga, C., & McSharry, P. (2022). Classifying eco-
nomic areas for urban planning using deep learning and satellite
imagery in East Africa. SAIEE Africa Research Journal, 113(4),
138-151. https://doi.org/10.23919/SAIEE.2022.9945864

Wang, Y., Lu, X., Wang, R., Jia, Y., & Huang, J. (2023). Identification
of bird habitat restoration priorities in a central area of a megacity.
Forests, 14(8), 1689. https://doi.org/10.3390/f14081689

CHEELO ET AL.

‘Webala, P. W., Mwaura, J., Mware, J. M., Ndiritu, G. G., & Patterson, B.
D. (2019). Effects of habitat fragmentation on the bats of Kakamega
Forest, western Kenya. Journal of Tropical Ecology, 35(6), 260-269.
https://doi.org/10.1017/S0266467419000221

Wickham, J., & Riitters, K. (2019). Influence of high-resolution data on
the assessment of forest fragmentation. Landscape Ecology, 34(9),
2169-2182. https://doi.org/10.1007/s10980-019-00820-z

Wingate, V. R., Curatola Fernandez, G. F., & Ifejika Speranza, C. (2024).
Small forest patches in West Africa : Mapping how they are chang-
ing to better inform their conservation. Environmental Conservation,
51(4), 254-262. https://doi.org/10.1017/S0376892924000171

Wu, X. B, Thurow, T. L., & Whisenant, S. G. (2000). Fragmentation and
changes in hydrologic function of tiger bush landscapes, south-west
Niger. Journal of Ecology, 88(5), 790-800. https://doi.org/10.1046/].
1365-2745.2000.00491.x

Yohannes, H., Soromessa, T., Argaw, M., & Dewan, A. (2020). Changes
in landscape composition and configuration in the Beressa watershed,
Blue Nile basin of Ethiopian Highlands: Historical and future explo-
ration. Heliyon, 6(9), e04859. https://doi.org/10.1016/j.heliyon.2020.
e04859

Zungu, M. M., Maseko, M. S. T., Kalle, R., Ramesh, T., & Downs,
C. T. (2020). Effects of landscape context on mammal richness in
the urban forest mosaic of EThekwini municipality, Durban, South
Africa. Global Ecology and Conservation, 21, e00878. https://doi.
org/10.1016/j.gecco.2019.e00878

How to cite this article: Cheelo, G., Shamaoma, H.,
Chisanga, C. B., Zekeng, J. C., & Syampungani, S.
(2026). Assessing forest fragmentation and
biodiversity impacts in sub-Saharan Africa:
Methodological challenges and conservation
strategies for small-scale agricultural landscapes.
Agrosystems, Geosciences & Environment, 9, €70349.
https://doi.org/10.1002/agg2.70349


https://doi.org/10.3390/su14127322
https://doi.org/10.3390/su14127322
https://doi.org/10.1016/j.biocon.2020.108749
https://doi.org/10.1080/10106049.2022.2034986
https://doi.org/10.1643/CH-17-654
https://doi.org/10.1186/s13717-021-00284-7
https://doi.org/10.1186/s13717-021-00284-7
https://doi.org/10.1016/j.tfp.2023.100477
https://doi.org/10.1016/j.tfp.2023.100477
https://doi.org/10.23919/SAIEE.2022.9945864
https://doi.org/10.3390/f14081689
https://doi.org/10.1017/S0266467419000221
https://doi.org/10.1007/s10980-019-00820-z
https://doi.org/10.1017/S0376892924000171
https://doi.org/10.1046/j.1365-2745.2000.00491.x
https://doi.org/10.1046/j.1365-2745.2000.00491.x
https://doi.org/10.1016/j.heliyon.2020.e04859
https://doi.org/10.1016/j.heliyon.2020.e04859
https://doi.org/10.1016/j.gecco.2019.e00878
https://doi.org/10.1016/j.gecco.2019.e00878
https://doi.org/10.1002/agg2.70349

	Assessing forest fragmentation and biodiversity impacts in sub-Saharan Africa: Methodological challenges and conservation strategies for small-scale agricultural landscapes
	Abstract
	Plain Language Summary
	1 | INTRODUCTION
	2 | CONCEPTUAL FRAMEWORKS
	3 | MATERIALS AND METHODS
	3.1 | Search criteria and strategy
	3.2 | Literature search, extraction, and screening
	3.3 | Data classification and extraction process
	3.4 | Quality assessment of studies
	3.5 | Data analysis and interpretation

	4 | RESULTS AND DISCUSSION
	4.1 | Landscape fragmentation in SSA
	4.1.1 | The geographic distribution and biases
	4.1.2 | Generalized approach of analyzing landscape fragmentation
	4.1.3 | Methods for analyzing forest fragmentation in SCA landscapes
	4.1.4 | Landscape fragmentation representation models
	4.1.5 | Landscape fragmentation metrics
	4.1.6 | Remote sensing data
	4.1.7 | Trade-off between low and high spatial resolution imagery
	4.1.8 | Land use/cover classification methods
	4.1.9 | Geographic object-based image analysis
	4.1.10 | Accuracy assessment of land cover maps
	4.1.11 | Accuracy assessment for landscape fragmentation metrics
	4.1.12 | Limited focus of forest fragmentation research on socioeconomic factors

	4.2 | Impacts of forest fragmentation on biodiversity in SSA
	4.2.1 | Impacts of forest fragmentation
	4.2.2 | Methods for data collection on biodiversity in fragmented landscapes
	4.2.3 | Taxa studied in forest fragmentation research
	4.2.4 | Strategies used to mitigate impacts of forest fragmentation


	5 | CONCLUSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	ORCID
	REFERENCES


