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ABSTRACT

Urbanisation and population growth in West Africa have led to significant changes in
land use and land cover (LULC), raising environmental concerns. In view of this, the
study evaluated the impact of urban sprawl on ecosystem services in the District
Autonome du Grand Lome (DAGL) and Greater Accra Metropolitan Area (GAMA) from
1986 to 2023 and from 1991 to 2023 respectively, using geospatial techniques; the Google
Earth Engine platform and InVEST model. The findings indicate a decline in the verdant
landscape, with forested areas in DAGL declined from 24 % in 1986 to 3 % by 2023, and
from 34 % in 1991 to 2 % in 2023 in GAMA.. Grasslands also saw significant reductions,
while built up areas expanded dramatically rising from 18 % to 62 % in DAGL and from
10 % to 70 % in GAMA. The Urban Expansion Intensity Index (UEII) reflects rapid urban
growth, with DAGL at 1.19 % and GAMA at 1.88 %. Directional analyses revealed that
urban expansion predominantly occurs towards the north-west in DAGL and both north-
east and north-west in GAMA. In DAGL the total carbon storage significantly declined
from 3,604,852 Mg of C in 1986 to 1,367,113 Mg of C by 2023. The most substantial
loss in carbon storage was between 2001 and 2015. Similarly, in the GAMA, carbon
storage dropped from 16,574,522 Mg of C in 1991 to 4,120,702 Mg of C by 2023, with
major decrease between 2002 and 2017. More so, in DAGL, the runoff retention index
has remained low, fluctuating between 2.00 % in 1986 and 2.43 % in 2001, before
dropping to 2.01 % by 2023 with total runoff retention decreasing from 29,098,483 m?® in
1986 to 17,908,270 m? in 2023. In contrast, in GAMA region had a higher runoff
retention index of 14.75 % in 1991, and decreased to 9.66 % by 2023. Despite this initial
advantage, total runoff retention also declined significantly from 85,027,128 m?® in
1991 to 57,500,096 m? in 2023. The study also revealed a decrease in cooling capacity
from 0.60 % in 2001 to 0.30 % in 2023 in DAGL with direct correlation with the average
temperature increase from 26°C in 2001 to 29.5°C in 2023. In the same vein, cooling
capacity declined from 0.65 % in 2002 to 0.25 % in 2023 in GAMA with average
temperatures rising from 25.5°C in 2002 to 29.0°C in 2023. Going by all these negative
impacts of urban sprawl in both cities, it is therefore recommended that vertical and mixed
land use development with integrated ecological preservation approaches, should take
pre-eminence over horizontal development to achieve eco-development and more
resilient urban future.
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CHAPTER ONE

1.0 INTRODUCTION

1.1 Background to the Study

Urban sprawl is a significant consequence of rapid urbanisation, characterised by the
outward expansion of cities into the surrounding rural areas and defined by low-density
development patterns, which often result in various environmental challenges (Dabie,
2015). It involves significant land consumption with the conversion of natural landscapes,
open space, natural vegetation, and agriculture land into urban areas. This phenomenon
is driven by a combination of factors that includes population growth, migration,
economic opportunities, and inadequate urban planning (Ingwani et al., 2024). Such
changes have profound implications for ecosystem processes and services that are
essential for human well-being and urban resilience (Seto et al., 2012; Zhai et al., 2021;
ECA/AfDB, 2022). Consequently, these transformations seriously threaten the

sustainable development of cities (Hou et al., 2024).

Urban expansion and urbanisation have been shown to lead to a decline in Ecosystem
Services (ESs). Urban expansion and urbanisation have been shown to lead to a decline
in Ecosystem Services (ESs) globally. In north American cities like Atlanta, urban sprawl
exacerbates ecosystem service degradation through increased impervious surfaces and
habitat fragmentation, disrupting hydrological functions (Sun et al., 2018). In Ethiopia,
Addis Ababa’s rapid urbanisation caused an expansion of built-up areas, displacing
croplands and green spaces, resulting in annual ecosystem service value losses (Hailu et
al., 2024). To understand urban sprawl dynamics, it is essential to evaluate various
elements such as land use changes, population density shifts, and the transformation of
natural habitats into built environments (Dupras and Alam, 2015; Dupras et al., 2016;

1



Aswal et al., 2018; Korah et al., 2024). In both District Autonome du Grand Lomé
(DAGL) and Greater Accra Metropolitan Area (GAMA), rapid urban growth has led to
increased impervious surfaces and habitat loss, disrupting ecological processes and
diminishing biodiversity (Asabere et al., 2020; Somadjago et al., 2020; Amouzoukpo,
2021; Devendran and Banon, 2022). The evaluation of these trends can be conducted
through remote sensing and Geographic Information Systems (GIS), which allow for
detailed analysis of Land Use and Land Cover changes over time. This quantitative
approach provides insights into how urban expansion correlates with environmental

degradation and the decline of ecosystem services.

The necessity for evaluating urban sprawl trends is underscored by the growing
recognition of ecosystem services' critical role in urban resilience and sustainability. As
cities continue to expand, understanding how urban sprawl affects vital services becomes
increasingly important. The degradation of these services not only affects local
environments but also has broader implications for human well-being and climate
resilience (Kafy et al., 2022). Therefore, a comprehensive evaluation of urban sprawl
dynamics is essential for informing effective policies that mitigate adverse environmental
impacts while promoting sustainable urban development. Despite existing research on
urbanisation in West Africa, there is a notable gap in understanding the specific impacts
of urban sprawl on ecosystem services at a localised level. Previous studies have often
focused on broader regional analyses or economic dimensions without adequately

addressing ecological consequences.

In DAGL and GAMA, there is limited knowledge about how urban sprawl specifically
affects critical ecosystem services such as carbon storage, flood risk control, and urban

cooling. This knowledge gap highlights the need for research that connects urban



planning with ecological sustainability, particularly as rapid urbanisation threatens vital
ecosystems in these ecologically sensitive areas. Understanding the influence of urban
sprawl on ecosystem resilience is essential for developing adaptive strategies and

informing sustainable urban planning practices in Togo and Ghana.

1.2 Statement of the Research Problem

Urban expansion would align with sustainable development principles, balancing
population growth with environmental conservation. Urban planning would prioritise
controlled spatial growth, integrating green infrastructure to maintain ecosystem services
while ensuring equitable access to housing and economic opportunities. Moreover,
prioritise natural habitat preservation to prevent fragmentation and biodiversity loss,

ultimately reducing environmental degradation and fostering resilient cities.

Both DAGL and GAMA, which are the largest and most populated cities in Togo and
Ghana respectively, are experiencing rapid population increase primarily driven by urban
migration and natural population growth. They face significant challenges from this rapid
urbanisation, resulting in insecure tenure systems; unregulated land markets, inadequate
housing, environmental degradation as well as waste disposal problems, among others
(Seto et al., 2012; Patra et al., 2018; Devendran and Banon, 2022; ECA/A{DB, 2022).
The spatial growth of DAGL and GAMA stems from economic opportunities, housing
demand, and horizontal construction, yet proceeds without soil assessments, and without
following any urban development plans (Aholou, 2008; Guézéré, 2011; Biakouye, 2014;
Sorsy et al., 2023). This unregulated expansion, fuelled by rural migration towards
economic hubs (Amouzoukpo, 2021; Agbemedi, 2022), has eroded vegetation cover,
prioritising built-up areas over ecological preservation. For instance, in DAGL,

municipalities like Adetikope and Agoenyivé exhibit declining plant diversity due to



modern construction and agricultural land conversion, while Adetikope’s surge in
development intensifies environmental pressures (Takili et al., 2020; Amouzoukpo,
2021). Similarly, Bawa (2017) highlighted the replacement of farmland with
infrastructure, threatening food security and agricultural sustainability. In GAMA,
urbanisation has fragmented natural habitats through increased built-up land, reducing
green spaces (Asabere ef al., 2020; Puplampu and Boafo, 2021).

The implications of such changes are critical, as the loss of plant diversity not only
disrupts ecosystem functions but also diminishes the resilience of communities facing
climate change. However, studies on the implications of these changes for ecosystem
services in these metropolitan areas are limited. The gaps our study aimed to fill.

The current situation raises critical questions such as:

i. What is the trend in urban expansion and Land Use and Land Cover change in DAGL
and GAMA?

11. What is the distribution and variation of the selected ecosystem services in DAGL and
GAMA?

1ii. To what extent does urban sprawl correlate with ecosystem service degradation, in

these metropolitan areas?

1.3 Aim and Objectives of the Study

This study aims at evaluating the impact of urban sprawl development on ecosystem
services in Togo and Ghana towards the achievement of sustainable urban development
in both countries. Based on the aim of the study, the specific objectives are to:

1. assess the spatial and temporal changes in the expansion of urban areas and the change
in Land Use and Land Cover from 1986 to 2023 in DAGL and GAMA.

ii. examine the distribution and variation in the provision of the selected ecosystem

services from 1986 to 2023 in DAGL and GAMA.

4



iii. analyse the relationship between urban sprawl development and ecosystem service

degradation in DAGL and GAMA metropolitan areas.

1.4 Justification for the Study

Ecosystems provide a range of services that fulfil human needs and also contribute
to environmental sustainability. This study would make important contributions to
the scientific understanding of urban-ecosystem interactions in West Africa while
providing practical guidance for managing the impacts of urban expansion on

ecosystem services in these rapidly growing metropolitan areas.

While Togo and Ghana have established laws and policies to regulate urban
expansion and protect natural resources such as Togo’s Decree N° 67 228 on town
planning, Togo’s National Housing Strategy, Ghana’s Land Use and Spatial Planning
Act, 2016, and Ghana’s National Housing policy, their effectiveness in addressing
the challenges of rapid urbanisation are often limited. Both countries struggle with
the realities of informal settlements, prevalent in urban areas like DAGL and GAMA.
In Togo, there is a disconnect between urban policies and how land is actually used
by the population. This disconnects leads to uncontrolled development, largely driven
by customary landowners who operate without effective state oversight. As a result,
housing shortages worsen, and structural imbalances are exacerbated. Similarly, in
the Greater Accra Metropolitan Area (GAMA), the Strategic Plan highlights that the
natural environment cannot support continued urban growth without proper planning

and management of land use.

The outcomes of this study will provide policymakers with critical insights into the
tangible effects of urban sprawl, highlighting the urgent need for sustainable urban

planning practices to mitigate its impacts on ecosystem services. As urban expansion

5



poses significant threats to food security, habitat conservation, human health,
biodiversity, and carbon sequestration (Seto et al., 2012; Glineralp et al., 2018), the
findings will enable decision makers to identify areas for targeted interventions and
prioritise conservation efforts. The findings will guide urban planning and
management strategies, helping to mitigate the adverse effects of urban sprawl on
ecosystems in rapidly growing West African cities, particularly in the context of
climate change, thereby to empower planners and decision makers to make informed
choices regarding land use, infrastructure development, and environmental

protection.

The results of this research will provide essential insights for urban planners and
environmental managers working towards the achievement of Sustainable
Development Goal (SDG) targets such as make cities and human settlements
inclusive, safe, resilient and sustainable by the reduction of the adverse per capita
environmental effects of cities (Goal 11), take urgent action to combat climate change
and its impacts by integrating climate change measures into urban planning and
development (Goal 13), protect, restore, and promote sustainable use of terrestrial
ecosystems, and reverse land degradation and loss of biodiversity (Goal 15). The
outcomes are expected to enhance understanding of the relationship between
environmental health and poverty alleviation, as vulnerable populations often rely
heavily on ecosystem services for their basic needs. Furthermore, the study will
strengthen the capacity of environmental institutions in Togo and Ghana to mitigate
environmental degradation and adapt to climate change, ultimately contributing to
more effective land use policies and infrastructure planning that prioritise

sustainability and resilience.



The impact of urban development on ecosystem services, which are vital for human
survival and the preservation of natural resources in both urban and peri-urban
environments, is a critical area of study. The current research will provide a pathway
for further research on urban sustainability and ecosystem protection, offering

relevant insights for future urban and ecosystem modelling.

The insights from this research are expected to enhance scientific knowledge on the
relationship between urbanisation, land use change, and ecosystem services. It may serve
as a model for similar studies in other regions, facilitating comparative analyses and the
development of broader theories. Additionally, the insights gained could inform the
design of future research projects while identifying knowledge gaps that warrant further
investigation, ultimately guiding policymakers in making informed decisions that

promote sustainable urban development and effective environmental management.

1.5 Scope and Limitation

1.5.1 Scope of the study

The study focuses on the period 1986 and 2023 for DAGL and 1991 to 2023 for GAMA
to evaluate the impact of urban sprawl on ecosystem services, justified by the rapid
population growth and urban expansion in African cities over the last three decades
(Hope, 1998; Sylla, 2021). The selected timeframes align with census periods in both
countries and account for data quality issues, such as the lack of quality imagery before
1991 for GAMA. This research specifically examines critical ecosystem services like
carbon storage, flood risk control, and urban cooling, which are vital for residents' health
and security amid climate change. By analysing the dynamics of urban sprawl and its

effects on these services, the study aims to provide insights that inform sustainable urban



planning practices to mitigate adverse impacts and enhance resilience against climate

change.

1.5.2 Limitation of the study

This study is limited by differences in the temporal datasets between DAGL and GAMA,
which may affect the continuity, consistency, and comprehensiveness of the data analysis.
More so, the irregular satellite image coverage could lead to overlooked intermediate
changes. However, these limitations do not significantly impact the main findings of the

study. Instead, they provide important considerations for future research in these areas.



CHAPTER TWO

2.0 LITERATURE REVIEW

2.1 Conceptual Framework

Urban sprawl is a multifaceted phenomenon that refers to the uncontrolled expansion of
urban areas into rural landscapes, often characterised by low-density development,
excessive consumption of land and separation of land uses (Sinha, 2018). This process is
driven by various factors, including population growth, economic opportunities, and
inadequate urban planning (Mosammam ef al., 2016). The consequences of urban sprawl
extend beyond land use changes; it significantly impact ecosystem services (Ess), which
are the benefits that humans derive from natural ecosystems (Seto et al., 2012; Zhai et al.,
2021). The dynamics of urban sprawl and its implications for ecosystem services are
crucial for achieving sustainable urban development, especially in rapidly urbanising

regions like West Africa.

2.1.1 Ecosystem services (ESs)

Ecosystem services are critical benefits provided by natural ecosystems that support
human well-being and environmental health. These services are typically categorised into
three main types based on the CICES classification: Provisioning, Regulating and
Maintenance, and Cultural Services (Haines-Young and Potschin, 2018). Urban sprawl
significantly disrupts these services through habitat fragmentation and resource
overexploitation. In metropolitan regions such as DAGL and GAMA, ecosystem services
are under increasing pressure from rapid urbanisation. The destruction of green spaces
for housing and infrastructure development not only threatens biodiversity but also limits

essential services, with effects on human life and urban resilience (Leha et al., 2013). The



integration of ecosystem service assessments into urban planning is essential for

overcoming these challenges and ensuring sustainable city development.

2.1.2 Urban sustainability framework (USF)

The Urban Sustainability Framework (USF) was created by the Global Platform for
Sustainable Cities (GPSC) managed by the World Bank in partnership with the Global
Environment Facility (GEF) in 2018. The Urban Sustainability Framework (USF)
provides a comprehensive approach to managing the growth and development of urban
areas while maintaining environmental integrity and improving the quality of life for
urban residents. A city is sustainable by using two important methods such as (1) good
governance and integrated urban planning processes and (2) sound management of city
finances to ensure financial sustainability with outcomes called dimensions. The four
dimensions in this framework are: (1) robust economic growth, prosperity, and
competitiveness across all parts of the city; (2) protection and conservation of ecosystems
and natural resources into perpetuity; (3) mitigation of greenhouse gas (GHG) emissions
while fostering overall city resilience; and (4) inclusiveness and liability, mainly through

the reduction of city poverty levels and inequality (Figure 2.1).

The environment provides food, water, and other essential commodities. Healthy
ecosystems regulate the climate and attenuate the effects of extreme weather events, while
improving residents’ quality of life and well-being. The expansion of the city must be
carefully managed to preserve natural habitats, agricultural resources, and the ecosystem
services they provide. The dimension 2 of this framework especially focuses on
ecosystems and biodiversity conservation and restoration within and beyond the city
boundaries, air quality maintenance, water resource management, solid waste

management and consumption and production patterns. Such approach promotes a
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holistic and integrated method of addressing the environmental, social, and economic

challenges associated with rapid urbanisation.

Enabling
dimensions

Governance and W
integrated urban planning

" Fiscal sustainability |

Outcome
dimensions
. Climate action and |
Urban Economies estliance
A 4
~
Natural environment Inclusivity and
and resources quality of life

Figure 2.1: Relation between the methods and the outcome dimensions for
sustainability

Source: (World Bank, 2018)

2.1.3 Millennium ecosystem assessment framework

The MEA (Millennium Ecosystem Assessment Framework) conceptual framework
(MEA, 2005) (Figure 2.2) assumes a complex interaction between humans and other parts
of ecosystems, leading directly and indirectly to changes in ecosystems and environment
that result in changes in human well-being. Additionally, many environmental factors
alter the human condition, and impact ecosystems. The production of various services

from coastal ecosystems, wetlands, protected biotopes, and agricultural land is impacted
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both directly and indirectly, leading to changes in ecosystem services that subsequently

affect the livelihoods of local residents.
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Figure 2.2: Millennium Ecosystem Assessment Conceptual Framework
Source: (MEA, 2005)

2.1.4 Common international classification of ecosystem services (CICES)

The Common International Classification of Ecosystem Services (CICES) is a
hierarchical classification system developed to provide a standardised framework for
categorising and assessing ecosystem services. It was initially developed in support of the
System of Environmental-Economic Accounting (SEEA) and has since been widely

adopted by the ecosystem services research community. The approach provides a
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classification scheme that facilitates the measurement, accounting for, and assessing
ecosystem services. Ecosystem services are contributions that ecosystems make to human
well-being mostly through the interactions between biotic and abiotic processes. CICES
classification seeks to provide a formal systematic definition of different ecosystem
services, proposing a new standard of classification to aid in essay identification, thus
creating typologies for describing ecosystem services. Additionally, CICES also help
support and analysis any changes in the value of different kinds of goods generated by
these identified ecosystem services. It categorised the ecosystem services in their main

categories (Table 2.1).

Table 2.1: Description of ESs categorised based on CICES classification

Categories of Description

Ecosystem

services

Provisioning Benefits obtained from ecosystems, including food, freshwater, fibre,

services genetic resources, and other materials that humans utilise.

Regulating and These services regulate natural processes and maintain ecosystem

Maintenance functions, such as climate regulation, water purification, pollination,

services erosion and flood control, carbon storage and urban cooling which are
essential for sustaining life and human well-being.

Cultural These encompass nonmaterial benefits that people obtain from

services ecosystems, including recreational, aesthetic, spiritual, and educational

values, highlighting the importance of nature for cultural identity and
personal well-being.

Source: Haines-Young and Potschin (2018)

2.2 Theoretical framework

2.2.1 Concentric zone theory (Burgess, 1925)

In 1925, the Concentric Zone Theory was established by Ernest W. Burgess, who first
theorised on the city of Chicago to gain insights into patterns of urban expansion of the
city to inform zoning regulations and land use planning. According to this theory,

metropolitan areas grow outwards in concentric ‘zones,” each identified by the unique
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land uses. The increases in population density and commercial activity with the growth
of a city increase pressure on urban core zones such as Central Business District (CBD)
and Zone of Transition. Although cities rely on the natural ecosystems for services such
as air and water purification, flood control, climate change mitigation or recreational
opportunities, these services are weakened by the degradation of natural habitats at the
expense of construction land. In the context of Grand Lomé and GAMA, this theory can
be used to identify the effect of urban development on different ecosystem services. For
example, as the commuter zone expands, the demand for land for housing, and
infrastructure that drives conversion of agricultural land and natural habitats to building
homes or businesses increases. The conversion of land affects the availability of services

including flood control and carbon storage.

2.2.2 Urban ecological footprints (UEF)

The Urban Ecological Footprint (UEF) theory is an essential concept in sustainability
science, offering a framework to measure the environmental impacts of cities, particularly
in the context of urban sprawl and ecosystem services. The theory provides insights into
how urban development patterns affect natural resources and ecosystem functions. Since
its conception in the 1990s, the ecological footprint has emerged as a significant area of
research focused on evaluating urban settlements and providing insights into urban
sustainability (Ortega-Montoya and Johari, 2008). It serves as a valuable tool for
assessing the sustainability of lifestyles and understanding how populations can sustain
themselves in specific areas, a concern that has become increasingly critical in light of
the ongoing challenges posed by climate change (Hameed, 2021). Environmental

sustainability has become very important for urban development and can be achieved
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when a population can support a particular lifestyle indefinitely while still meeting the

demands placed on an environment.

Furthermore, Sustainability may be accomplished by describing the components in a way
which is transparent and ecologically stable (Yao et al., 2016). It can also encourage
decision makers and the general public to incorporate environmental accounting into their
day-to-day practice so that the community can maintain a viable competitive economy
and sustainable environment for a long time to come (Solarin et al., 2019). The use of
Urban Ecological Footprint’s theory in the study of urban sprawl and its impact on
ecosystem services provides a comprehensive framework for understanding and
mitigating the environmental impacts of urban expansion. By quantifying the resource
demands and environmental costs of sprawl, cities can develop strategies to promote more

sustainable urban growth patterns that preserve and enhance ecosystem services.

2.3 Review of Related Studies

2.3.1 Drivers of urban expansion

Urban expansion is a worldwide phenomenon shaped by a variety of complex and
interconnected factors. One of the most powerful and common drivers is rapid
demographic growth, which results both from natural population increases and the
migration of people from rural areas to cities (Rijal et al, 2020; Guo and Zhang, 2021; Li
et al., 2025). As cities develop into economic centres, they attract people looking for jobs
and better services, while rising economic activity and investment further contribute to
the physical growth of urban areas. Wang and Kintrea (2021) note that emerging
economies, especially in Asia and Africa, are undergoing massive outward urban

expansion at unprecedented rates. This surge in growth consumes large amounts of land
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in major cities, putting additional pressure on urban infrastructure and natural resources.
Moreover, housing shortages and increasing land prices in city centres also drive cities to

spread outward (Yussif et al., 2023).

When we focus on Africa and West Africa in particular, urban expansion is both rapid
and significant. Africa’s urban population is expected to double from 717 million in 2020
to 1.4 billion by 2050, surpassing urban populations of China, India, Europe, and the
United States, and becoming the world’s second-largest urban region after Asia (OECD,
2025). This growth is driven by high birth rates, rural-to-urban migration motivated by
economic opportunities, and in some cases, shifts in land use policies. Cities in West
Africa face unique challenges such as informal settlements, inadequate infrastructure, and
governance issues, all of which shape the way their urban areas expand. Typically, urban
growth in the region takes the form of rapid peripheral expansion characterised by low-
density, often unplanned development, fuelled by poverty, population pressures, and

limited urban planning capacity.

Looking specifically at the District Autonome du Grand Lomé (DAGL) in Togo and the
Greater Accra Metropolitan Area (GAMA) in Ghana, these areas provide clear examples
of common drivers behind urban expansion in West Africa. Both cities have grown
quickly due to natural population increase, rural-to-urban migration, and economic
transformation. The influx of migrants from surrounding rural communities seeking
better livelihoods has led to the expansion of peri-urban areas. In addition, socio-
economic factors like the growth of informal economies, a scarcity of affordable housing,
and greater demand for infrastructure have pushed spatial growth further. Policy and
governance challenges such as weak land-use planning and informal land tenure systems

also play a significant role in shaping this expansion (ECA/A{DB, 2022). Environmental

16



conditions, including the local terrain and closeness to the coast, additionally influence

the direction and form of urban growth in these metropolitan regions.

2.3.2 Urban development dynamics and ecosystem services

Urbanisation in Africa has transformed Land Use and Land Cover, leading to the loss of
natural habitats and a decline in ecosystem services. The rapid expansion of urban areas
often results in the conversion of agricultural land and natural landscapes into built
environments, negatively impacting biodiversity and ecosystem functionality (Agyapong
et al., 2018). For instance, in the GAMA, rapid urban growth has resulted in the
degradation of green spaces and increased pressure on remaining natural resources
(Puplampu and Boafo, 2021). This transformation reduces the availability of provisioning
services such as wild fruits, fuelwood, and game that local farmer households traditionally

relied upon, thus threatening their livelihoods (Abdulai and Osumanu, 2023).

The relationship between urban development dynamics and ecosystem services is
complex and multifaceted. Urbanisation often leads to habitat fragmentation, which
disrupts ecological processes. Urban expansion dynamic exerts significant pressure on
ecologically sensitive areas such as wetlands, riparian zones, and coastal lagoons. These
areas are frequently transformed into housing developments through drainage, landfilling,
stream channelling, and construction of barriers. Such encroachments exacerbate flood
hazards, as seen in many African cities (Andreasen et al., 2022). For example, studies
have demonstrated that urban sprawl reduces carbon sequestration capabilities and
increases urban heat island effects due to the loss of vegetation cover (Rahaman et al.,

2022; Kafy et al., 2022).
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Geospatial analyses have been instrumental in understanding urban expansion dynamics.
Eneogwe and Umunake, (2021) used Geographic Information Systems (GIS) and remote
sensing methods to reveal how urban expansion in Abuja, Nigeria, has converted
cultivated and uncultivated agricultural lands into urban areas. Similarly, Koko et al.
(2021) quantified land use changes in Kano Metropolis, Nigeria, demonstrating rapid
urbanisation’s impact on agricultural landscapes. Awotwi et al. (2017) highlighted how
urbanisation in Ghana has led to significant losses in agricultural land, vegetation cover,
and water bodies while increasing built-up areas. In Addis Ababa, Ethiopia, Moisa and
Gemeda, (2021) used geospatial techniques to show a substantial increase in built-up
areas at the expense of agricultural land and grasslands. Salam ef al. (2023) assessed land
use changes in Oyo State, Southwestern Nigeria, revealing similar trends of expanding
built-up areas accompanied by losses in vegetated zones. The implications of these
changes extend beyond environmental degradation to socio-economic impacts. Iddrisu et
al. (2023) examined land use changes in Tamale, Ghana, showing how horizontal urban
expansion has shifted peri-urban livelihoods from agriculture-based activities to a more
monetised urban economy. While this transition offers new economic opportunities for
some households, it also presents challenges such as reduced access to natural resources
like farmland and water. These findings underscore the need for integrated approaches

that balance urban growth with ecosystem conservation.

2.3.2.1 Google earth engine (GEE) in environmental monitoring

Google earth engine is a powerful cloud-based geospatial processing platform that
provides access to a wide range of unique datasets for environmental monitoring and
analysis (Tamiminia et al., 2020). It’s designed to store and process huge datasets for
analysis and ultimate decision-making and has been recently in the remote sensing big

data processing spotlight (Kumar and Mutanga, 2018). The easily accessible and user-
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friendly front and provides a convenient environment for interactive data and algorithm

development. Users are also able to add and curate their own data and collections.

This platform hosts petabyte scales of over 50 years of remotely sensed data, such as
Landsat, MODIS, National Oceanographic and Atmospheric Administration Advanced
Very High-Resolution Radiometer (NOAA AVHRR), Sentinel 1, 2, 3 and 5-P; and
Advanced Land Observing Satellite (ALOS) data (Gorelick et al., 2017). It also includes
climate-weather and geophysical datasets. Additional ready-to-use products, such as the
Enhanced Vegetation Index (EVI) and the Normalised Difference Vegetation Index
(NDVI), are also available (Kumar and Mutanga, 2018). In addition to the availability of
a large repository of raw remotely sensed imagery, users have access to pre-processed,

cloud-removed and mosaicked images in the GEE data catalogue.

In addition, GEE supports secure data storage and easy retrieval of previous projects,
which is particularly beneficial for analysing Land Use and Land Cover dynamics. As for
statistical methods, GEE supports advanced analytical techniques such as time-series
analysis, accuracy assessment, change detection, and machine learning classification
algorithms (Rudiastuti et al., 2021). This capability allows researchers to conduct
complex analyses efficiently while leveraging the extensive datasets within GEE. The
combination of these extensive datasets and advanced analytical capabilities positions
GEE as a leading platform for environmental monitoring and research on Land Use and
Land Cover, forest mapping, deforestation, disaster risk mapping and prediction, crop
yield, drought monitoring (Carrasco-Escobar et al., 2019; DeVries et al., 2020; Han et
al., 2020; Saengprachatanarug et al., 2022). Several packages are available, for instance
machine learning, image processing, image collection, geometry features, reducers, charts

and specialised algorithms. Archives of geospatial datasets within GEE along with its
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coding, sharing, parallel processing, and visualisation abilities have made it an

unprecedented competitor among all existing cloud platforms.

2.3.2.2 The random forest (RF) classifier

The Random Forest (RF) classifier, introduced by Breiman in 2001, is a supervised
ensemble learning algorithm that has become a cornerstone in machine learning. Its
ability to combine multiple decision trees into a robust predictive model has made it
widely applicable across various domains. To date, RF is considered one of the most
widely used algorithms for Land Use and Land Cover classification using remote sensing
data (Millard and Richardson, 2015; Jin et al., 2018; Maxwell et al., 2019). One
significant advantage of the RF classifier is its capacity to manage high-dimensional data
with complex interactions between variables, although it is somewhat sensitive to input
data errors (Hengl et al., 2015). Additionally, this classifier has demonstrated exceptional
performance compared to other classifiers, such as SVM, KNN or MLC, achieving higher
accuracy in land cover mapping and projections across Africa and various regions
worldwide (Breiman, 2001; Manzanas et al., 2014; Duan et al., 2019; Rudiastuti et al.,
2021). RF combines multiple Classification and Regression Trees (CART) to create an
ensemble classifier. It generates several decision trees through random selection of
variables and training datasets, and evaluates its performance using non-training
examples to provide an objective assessment of generalisation error (Breiman, 2001). The
two key user-defined input factors are the number of parameters and the number of trees,
with literature suggesting that the ideal number of variables is the square root of the total
variables, and the ideal number of trees ranges from 100 and 500 (Belgiu and Dragut,
2016). Additionally, one-third of the training data are used to determine the prediction
error, while two-thirds is used to construct the random forest model. This facilitates the

assessment of the accuracy of the analysis.
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2.3.3 Ecosystem services distribution and analysis for sustainable city planning and

development

Ecosystem Services (ESs) are critical for urban sustainability, providing benefits such as
air and water purification, climate regulation, biodiversity support, and cultural amenities
(Kettunen and D’Amato, 2013). Urban areas, despite their dense populations and built
infrastructure, rely heavily on these services to enhance resilience and improve the quality
of life for residents (Wang et al., 2024). Regulatory services provided by urban trees, such
as temperature control, stormwater management, and air purification, are particularly
vital in mitigating urban challenges like heatwaves, flooding, and air pollution (Fryd et
al., 2012; Selmi et al., 2021). For instance, green infrastructure interventions, such as
urban parks, green roofs and community garden are increasingly recognized as effective
strategies for improving urban resilience while addressing climate change impacts by
enhancing the regulation of temperature, improving air quality, and reducing stormwater
runoff (Pandey and Ghosh, 2023). However, the irregular distribution of these services

across urban landscapes presents significant challenges to equitable development.

The distribution of ecosystem services in urban areas is often uneven, influenced by
socio-economic disparities, land use patterns, and governance structures (Selmi et al.,
2021). Burkhard ef al. (2012) emphasises the need to differentiate between the supply of
ecosystem services defined as the capacity of a given area to provide specific services
and the demand for these services by local populations. This distinction is crucial for
effective urban planning and resource allocation, as it allows policymakers to identify
areas where ecosystem service delivery is insufficient and prioritise interventions
accordingly. Moreover, various methodologies have been developed to assess and map

ecosystem services at multiple spatial scales. Studies have utilised Geographic
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Information Systems (GIS) and remote sensing techniques to quantify the availability of
ecosystem services in urban areas (Avtar et al., 2017; Garcia-Pardo et al., 2022). Remote
sensing, in particular, has proven to be a valuable tool for quantifying urban ecosystem
services. High-resolution satellite imagery allows for the assessment of Land Use and
Land Cover (LULC) change over time, which directly impacts ecosystem service values.
For instance, a study in Chandigarh, India, employed remote sensing and GIS to evaluate
LULC dynamics and it impact on ESs, revealing significant changes in ESVs linked to
urbanisation (Sharma et al., 2023). This approach not only highlights the relationship
between land cover types such Water bodies, forest and vegetation, built-up, agriculture
and shrubland and open spaces but also provides insights into how these changes affect
the delivery of ecosystem services. Furthermore, innovative methodologies like the
InVEST (Integrated Valuation of Ecosystem Services and Trade-offs) model allow for
the assessment of multiple ecosystem services simultaneously, facilitating a
comprehensive understanding of their spatial distribution and potential trade-offs (Sharp
et al., 2018). In conclusion, understanding the distribution of ecosystem services through
GIS and remote sensing technologies is vital for promoting sustainable urban
development. As cities face increasing pressures from population growth and climate
change, effective assessment methods will be essential for ensuring equitable access to

ecosystem services.

2.3.3.1 Different models for ecosystem services analyses

The analysis and assessment of ecosystem services have become increasingly important
in environmental management and urban planning, as they provide critical insights into
the benefits that ecosystems offer to human societies. Various models have been
developed to quantify and evaluate these services, utilising tools such as Geographic

Information Systems (GIS) and remote sensing techniques. These models enable
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researchers and policymakers to identify service distribution, assess trade-offs, and
inform decision-making processes regarding land use and resource management (Wang
et al., 2024). One of the most widely utilised models for ecosystem services analysis is
the Integrated Valuation of Ecosystem Services and Trade-offs (InVEST) model,
developed by scientists from Stanford University, University of Minnesota, the Chinese
Academy of Sciences, The Nature Conservancy, the World Wildlife Fund, the Stockholm
Resilience Centre and the Royal Swedish Academy of Sciences (Natural Capital Project,

2023).

The InVEST model is a continually developed software package that models, quantifies
and maps the values of ESs. It is widely used, including in a recent global application
(Chaplin-Kramer et al., 2019). It relies on geographic data to produce maps that illustrate
the spatial distribution of ecosystem services, helping stakeholders visualise potential
impacts of land use changes. In addition to InVEST being open source, another significant
benefit is its ease of deployment. In'VEST runs on an open-source platform, and the
updated interface does not need ArcGIS, but the results can be viewed in any GIS
interface (Mukhopadhyay et al., 2024). The tool is modular in the sense that you do not
have to model all the ecosystem services listed, but rather can select only those of interest.
The model's applications in various cities worldwide demonstrate its flexibility and
effectiveness in supporting local stakeholders in making informed decisions that promote
both environmental health and community well-being. Additionally, the choice of this
model is also due to its requirement of easily available data and its consideration of the

landscape context.

InVEST requires predominantly GIS or map data as inputs, along with information tables

typically formatted as CSV files. Users can prepare these inputs using mapping software
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such as QGIS or ArcGIS. Once the data is inputted, the model processes it to generate
outputs that include maps, quantitative data on ecosystem services, and various statistics
and reports. The interface allows users to easily navigate through different models. The
output from InVEST is presented in an intuitive manner, often through visual maps that
illustrate the spatial distribution of ecosystem services. This visualisation aids
stakeholders in understanding how changes in land use or management practices can

affect service delivery.

Building on the insights provided by the InVEST model, it is essential to recognize that
various other models are also employed in the analysis of Ecosystem Services (ESs).
These models offer diverse methodologies and frameworks for different aspects of
ecosystem service evaluation. A summary of these models can be found in Appendix

Section (see Appendix A and B).

2.3.3.2 Environmental challenges in DAGL

DAGL faces range of environmental challenges that threaten the sustainability of urban
development and the provision of ecosystem services. These challenges are largely driven
by rapid urbanisation, population growth, and inadequate infrastructure, which exacerbate
issues such as urban sprawl, pollution, and the loss of green spaces. One of the most
pressing environmental issues in DAGL is flooding (Polorigni et al., 2018). Flooding in
this region is primarily caused by intense or prolonged rainfall, overflow of watercourses,
and rising water tables. These natural factors are compounded by anthropogenic
influences, including inadequate drainage systems and urbanisation-induced soil
impermeability (Blakime ef al., 2024). The widespread use of impervious materials such
as concrete reduces rainwater infiltration into the ground, leading to increased surface

runoff and heightened flood risks. According to the IPCC’s Sixth (6) Assessment Report,
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West Africa is likely to experience more frequent and severe droughts and floods by the
end of the 21st century, with DAGL being no exception (IPCC, 2022). Additionally,

climate change is expected to intensify these challenges (Klassou, 2014).

Another significant environmental challenge in DAGL is the urban heat island (UHI)
effect. The reduction of green spaces due to urban sprawl and the proliferation of
impervious surfaces such as asphalt roads and buildings have led to elevated air
temperatures in urban areas. Waste heat from industries, transportation, and residential
activities further exacerbate this phenomenon (Edokossi and Bakis, 2019). In recent
years, DAGL has experienced sporadic waves of extreme heat, which negatively impact
human comfort, air quality, and energy management (Polorigni et al., 2018). Monitoring
surface temperatures in urban environments is therefore essential for mitigating these

localised heat effects.

Deforestation and biodiversity loss are other key challenges in DAGL. The expansion of
agricultural land and overexploitation of natural resources have led to substantial
reductions in forest cover. This not only threatens biodiversity but also undermines
critical ecosystem services such as carbon sequestration. Urban expansion has converted
natural habitats into built environments, diminishing their capacity to store carbon
exacerbating climate change impacts. The degradation of these ecosystems highlights the

urgent need for sustainable land-use planning.

2.3.3.3 Environmental challenges in GAMA

Since the Rio Summit, environmental issues in the Greater Accra Metropolitan Area
(GAMA) have intensified, particularly in key areas such as pollution, urban congestion,
biodiversity loss, and climate change. While the Ghanaian government has made efforts

to address these public goods challenges, the relentless exploitation of natural resources
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to meet socio-economic demands has often led to neglect in implementing necessary
precautions against resource depletion and mismanagement. Unsustainable development
practises have resulted in severe consequences, including deforestation, land degradation,
air and water pollution, soil erosion, overgrazing, and significant biodiversity loss. These
environmental degradations threaten the very foundation of livelihoods for many
Ghanaians. Flooding has emerged as one of the most pressing environmental challenges
in GAMA, ranking among the top natural disasters affecting the region. It is estimated
that flooding impacts over three million people annually and causes substantial economic
losses (Okyere et al., 2012). The frequency and severity of flood events have increased
in recent years, particularly in major urban areas. The consequences of flooding include
loss of life and property, which exacerbate urban poverty and hinder development efforts.
GAMA has a long history of flooding events attributed to human negligence, such as
construction in waterways and inadequate sanitation practises that heighten the
vulnerability of informal settlements (Obeng-Odoom, 2011; Cobbinah and Darkwah,
2016; Owusu and Obour, 2021). A notable incident occurred on June 3rd, 2015, when
severe flooding in GAMA resulted in the tragic loss of approximately 205 lives and

extensive damage to businesses and residential properties (Adjei-Darko, 2017).

In addition to flooding, GAMA faces rising temperatures due to urbanisation. The
replacement of vegetation with impervious surfaces such as asphalt and concrete has led
to the formation of urban heat islands that contribute to elevated land surface temperatures
(Wemegah et al., 2020). Local authorities have issued health warnings regarding heat-
related risks such as heat exhaustion and increased energy demands for cooling.
Vulnerable populations, particularly low-income households living in densely populated
areas, face heightened health risks and economic burdens as a result of these temperature

increases.
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The decline in vegetation cover within GAMA has serious ecological implications,
notably a reduction in carbon storage capacity. Vegetation plays a critical role in carbon
sequestration by absorbing CO: during photosynthesis; however, extensive urban
development over the past three decades has led to significant habitat loss (Addae and
Oppelt, 2019). This degradation diminishes ecosystem functionality and exacerbates
climate change impacts. In summary, GAMA is grappling with multifaceted
environmental challenges that include flooding, rising temperatures, pollution, declining
vegetation cover, and inadequate waste management. These issues not only threaten
ecosystem services but also undermine urban resilience and sustainable development
efforts, hence the need for an urgent ecosystem management reawakening globally, and

in Sub-Saharan Africa.

2.3.4 Relationship between urban sprawl, metropolitan city development, and

ecosystem Services

The relationship between urban sprawl and ESs is complex, as urbanisation often leads
to habitat fragmentation, loss of biodiversity, and alterations in the provision of essential
services such as water purification, carbon sequestration, and recreational opportunities.
For instance, a study Li et al. (2021) used correlation analysis to demonstrate a negative
relationship between urbanisation indices and natural habitats, highlighting that increased
urban sprawl correlates with diminished ecosystem service provision in the Changchun
region in China. Bivariate spatial correlation analysis, particularly Moran's I, has been
instrumental in understanding the spatial dependencies of ecosystem services in relation
to urban sprawl. This method assesses whether high or low values of ecosystem services
are clustered in space and has revealed significant spatial correlation in many

metropolitan areas (Luo and Yang, 2024). For example, research conducted in China
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indicated that urban sprawl not only reduces local ecosystem service values but also
influences neighbouring regions through spatial spillover effects (Yi et al., 2023). The
findings suggest that while urban expansion may degrade local ecosystems, it can
inadvertently enhance service provision in adjacent areas due to changes in land use
patterns. This nuanced understanding underscores the importance of considering spatial

relationships when evaluating the impacts of urbanisation on ecosystem services.

The Geographically Weighted Regression (GWR) and Ordinary Least Squares (OLS)
regression has further helped in elucidating the relationship between urban sprawl and
ecosystem services. For instance, a study by Dupras and Alam (2015) found that
economic growth and population density significantly predicted declines in ecosystem
service values across the Montreal Area in Quebec. Their results emphasised that
effective urban planning must integrate considerations of both socioeconomic
development and ecosystem service preservation to mitigate the adverse effects of sprawl.
Overall, these analytical approaches highlight the critical need for sustainable urban
development strategies that balance growth with the conservation of ecosystem services.
Shao et al. (2020) employed both GWR and OLS regression models to investigate the
spatial relationship between changes in Land Use and Land Cover (LULC) and ecosystem
service value (ESV) in Xi'an, a city located in Shaanxi Province, China. Their findings
demonstrated that the GWR model provided a more accurate explanation of the
correlation between land use dynamics and ESV at the local level compared to the OLS
model. Specifically, the GWR analysis revealed a significant negative association
between LULC changes and ESV, highlighting spatial heterogeneity in this relationship.
Also, Zhu et al. (2020) conducted an analysis using both ordinary least squares (OLS)
and Geographically Weighted Regression (GWR) models to examine how urbanisation

and changes in landscape patterns influence habitat quality. Their findings revealed that
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rapid urbanisation has a significant negative impact on habitat quality across different
regions. However, the effects of landscape pattern changes on habitat quality were more
complex, varying both temporally and spatially. Furthermore, Song et al. (2022) have
employed OLS regression to analyse how urban sprawl affects vital ecosystem
functions, with the most significant correlation with food production, indicating that

urban land expansion had the strongest impact on food production.

2.3.5 Examples from other regions / countries

A comprehensive case study from China illustrates how urban sprawl affects ecosystem
services. Using a dynamic spatial Durbin model, Yi ef al. (2023) demonstrated that urban
sprawl negatively impacts local ecosystem services, while occasionally benefiting
neighbouring regions through spatial spillover effects. Resource-based cities experience
intensified degradation due to land-use changes, and policies like low-carbon city
initiatives improved sprawl control but had limited success in improving overall
ecosystem service values. The study highlights complex trade-offs among ecosystem
services. For instance, in Changchun, urban sprawl led to increased carbon storage and
soil retention due to improved land management practices, but habitat suitability declined
significantly due to extensive land conversion (Li ef al., 2021). These findings underscore
the need for integrated urban planning that balances development with ecological
sustainability. They also show that while some ecosystem services may improve, others

may deteriorate due to sprawl.

In North America, particularly in Atlanta metropolitan areas, urban sprawl has been
linked to significant losses in ecosystem services. The work of Sun ef al. (2018) shows
that the expansion of impervious surfaces reduces natural habitats, diminishing

biodiversity, and disrupts carbon sequestration processes, increasing flood risks. These
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findings emphasise the importance of compact city designs and green infrastructure to

mitigate the adverse effects of sprawl.

In Sub-Saharan Africa, cities like Kampala and Mbarara in Uganda serve as illustrative
examples of how urban sprawl leads to significant agricultural land conversion. These
cities highlight the complex interactions between urban expansion and ecosystem
services. Urban growth has encroached upon agricultural lands, reducing local food
security and rural livelihoods. Kampala, being a larger urban centre, faced more
pronounced land loss due to high demand for residential and commercial development
(Muchelo et al., 2024). In Addis Ababa, Ethiopia, Hailu ef al. (2024) found that urban
sprawl resulted in substantial reductions in green spaces and croplands, leading to
declines in ecosystem service values, particularly in food production and climate
regulation. The rapid urbanisation in Kampala outpaced land conservation efforts, while
Addis Ababa's urban expansion was driven by rapid population growth and rural-urban
migration. The use of remote sensing and GIS in these studies provided detailed insights
into land-use changes and their impacts on ecosystem services. Both Kampala and Addis
Ababa emphasise the need for integrated urban planning to mitigate environmental costs.
However, current policies often fail to balance development with ecological
sustainability, and unregulated urban growth exacerbates environmental degradation.
Efforts to integrate urban agriculture into land-use planning in Kampala aim to preserve
green spaces and enhance food security. These examples from other regions demonstrate
how urban sprawl profoundly impacts ecosystem services, which is directly relevant to

the metropolitan areas of DAGL and GAMA as they navigate rapid urbanisation.

Key lessons from these case studies emphasise the importance of integrated planning,
which involves coordinating urban development with environmental considerations to

prevent habitat fragmentation. Policy support is crucial, achieved through strengthened
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land-use regulations that ensure sustainable development practises. The strategic use
of technological tools such as remote sensing and GIS is vital for monitoring land-use
changes effectively. Additionally, prioritising green infrastructure and
implementing mixed-use zoning can help mitigate habitat fragmentation by preserving
natural spaces and promoting more compact urban forms. These strategies are essential
for balancing urban growth with ecological sustainability, particularly in rapidly

urbanising regions like Sub-Saharan Africa.

2.3.6 The overview and key issues of the study

2.3.6.1 Overview

Urban sprawl dynamics in metropolitan areas such as DAGL in Togo and GAMA in
Ghana reflect a complex interplay of historical, demographic, and ecological factors that
have shaped their current urban landscapes. Lomé's expansion began in the late 19th
century, driven by trade activities and colonial infrastructure development, which
established it as a major economic hub. By the mid-20th century, rapid population growth
and urbanisation fuelled its transformation into a sprawling metropolis, with significant
environmental consequences (Biakouye, 2014; Bawa et al., 2021). Similarly, GAMA has
experienced accelerated urban growth over the past few decades due to high population
influx and economic development. This expansion has led to extensive land-use changes,
including the conversion of vegetative cover and farmlands into residential areas,
resulting in ecological degradation and challenges to sustainable development (Osei et
al., 2013; Agyeman, 2018). Both cities are now grappling with critical issues stemming
from urban sprawl, including the degradation of ecosystem services. These dynamics
underscore the need for integrated urban planning approaches that balance development

with ecological preservation. Sustainable strategies such as eco-city models, affordable
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housing policies, and green infrastructure could mitigate the adverse impacts of urban

sprawl while supporting resilient metropolitan growth.

2.3.6.2 Discussion of key issues

In both Togo and Ghana, the regulatory frameworks for preserving nature and ecosystems
in urban areas are supported by constitutional provisions, laws, policies, and regulations.
In Togo, the Constitution of 1992 guarantees the right to a healthy environment, serving
as a foundation for environmental policies. Key legislation includes the Environment
Framework Act No. 2008-005, which addresses waste management, pollution, and
ecosystem conservation. In Ghana, the Constitution vests public lands in the President on
behalf of the people, ensuring natural resources are managed in the public interest. Key
legislation includes the Environmental Protection Agency (EPA) Act 490 (1994), which
regulates activities impacting the environment, such as pollution and deforestation,
critical in urban areas. Both countries face institutional challenges that impede the
effective implementation of constitutional, legal, and policy goals. In Togo, inadequate
resources and governance hinder the effectiveness of environmental policies. In Ghana,
decentralised urban planning is compromised by unfavourable political environments and
inadequate institutional capacity (Abubakari et al., 2023). Limited human and financial
resources restrict participatory planning processes and sustainable urban development
projects. Strengthening institutional capacities and enhancing community participation

are crucial for improving the sustainability of urban ecosystems.

Several initiatives are underway to address urban ecosystem challenges. In Togo, new
funding rules for local authorities offer potential support for environmental initiatives,
while in Ghana, decentralised urban planning and Community Resource Management

Areas (CREMAS) are being explored to sustain urban commons and promote community
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participation in natural resource management. Ghana's National Urban Policy and Action
Plan promote sustainability in urban development, but implementation is challenged by
inadequate resources and governance (Anarfi ef al., 2020). These initiatives demonstrate
a commitment to addressing urban ecosystem challenges, but their success depends on
effective implementation, strengthened capacities, and enhanced community

participation.

In assessing the impact of urban sprawl dynamics on ecosystem services in metropolitan
areas like Grand Lomé in Togo and GAMA in Ghana, it is crucial to consider regulatory,
institutional, and programmatic factors. Despite existing literature highlighting the
significant impacts of urban sprawl on ecosystem services, critical gaps persist in
addressing its socio-environmental consequences. Urban sprawl involves a complex
interplay between urban development and ecological health, with studies documenting
changes in land use and their ecological consequences. However, there remains a notable
gap in localised assessments within specific metropolitan areas like Grand Lomé and
GAMA. While some research has addressed Land Use and Land Cover (LULC) changes
in these regions, there is insufficient exploration of how these changes affect ecosystem
services. Addressing these gaps is essential to enhance urban planning efforts that balance
development with ecological sustainability. This research aims to fill these gaps by
evaluating spatial and temporal changes in urban expansion, analysing variations in
ecosystem service provision, and exploring the intricate relationship between urban

development dynamics and ecosystem provision.

A key aspect of this study is its methodological approach, which incorporates buffer and
directional analysis techniques that have not been adequately addressed in previous
research on urban expansion. Furthermore, this research focuses on critical ecosystem

services such as flood risk control, urban cooling, and carbon storage services that have
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not been thoroughly evaluated in prior studies despite their importance in mitigating
climate change impacts in rapidly growing cities. The decline of these services can
exacerbate vulnerabilities to climate-related hazards, making it imperative to assess their
status within the context of ongoing urban development in Grand Lomé and GAMA. By
addressing these critical gaps, this study will contribute valuable insights to inform
sustainable urban planning strategies that prioritise ecological resilience and position
ecosystem services as foundational to sustainable urban development. This approach is
particularly relevant in regions like Ghana and Togo, where urbanisation is rapidly

encroaching on natural habitats, leading to biodiversity loss and ecosystem degradation.
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3.0

CHAPTER THREE

MATERIALS AND METHODS

3.1 Description of the Study Area

3.1.1 Study location and it’s environment

The areas of interest in this study are the District Autonome du Grand Lomé (DAGL) in
Togo and the Greater Accra Metropolitan Area (GAMA) in Ghana, which cover 382 km?
and 1585 km?, respectively. Both capital cities are located on the Atlantic coast of the
Gulf of Guinea (Figure 3.1). DAGL lies on a geographic coordinate from latitudes
6°08’14°> N to 6°15°00> N and between longitudes 1°12°45”” E to 1°12°25”" E. In

contrast, GAMA extends geographically from latitudes 5°527" N to 5°282"” N and

stretches between longitude 0°4'58" E to 0°372" W.
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Figure 3.1: The Study Area
Source: Author, 2023
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3.1.2 Climate

DAGL experiences subequatorial climate characterised by a bimodal pattern of two wet
seasons (March to July and September to October) and two dry seasons (November to
February and August) (Figure 3.2). As depicted on the Umbrothermal diagram, the
average monthly temperature in DAGL ranges from 28 to 30 degrees Celsius throughout
the year. The warmest periods are concentrated around March and April, while July and
August appear to be slightly cooler. On average, DAGL experiences approximately 880

mm of annual rainfall, with peak precipitation occurring in June.
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Figure 3.2: Umbrothermal diagram of DAGL from 1992 to 2022

Data source: Togolese meteorological office, 2023

In contrast, GAMA exhibits a tropical climate characterised by a bimodal rainfall pattern,
with the primary wet season occurring from approximately April to June, peaking in June,

and a minor wet season in October. The driest months are from July to September, with
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a notable decrease in rainfall during August, and again from December to February
(Figure 3.3). Based on the Umbrothermal diagram, the annual rainfall is approximated to

around 825 mm. The average temperature ranges between 27 °C and 31°C.
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Figure 3.3: Umbrothermal diagram of GAMA from 1992 to 2022

Data source: Ghana Meteorological Agency, 2023

3.1.3 Soil, vegetation and hydrology

The soils in the coastal area of Togo that comprises Lomé is made up of fluvial-lagoon
and maritime deposits with a texture ranging from sand to clay. The poorly developed
soils of the floodplain depression are almost all hydromorphic, with Gley or pseudogley
(characterised by poor drainage and waterlogging). They are sometimes salty and

generally unsuitable for local crops, with the exception of bare land. On the other hand,
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GAMA is characterised by a diverse range of soil types, with a dominance of ferric
acrisols accompanied by ferric luvisols (Schliiter, 2006). This variation in soil types
contributes to the region's ecological diversity. Additionally, the soil texture in GAMA is
marked by a mix of sandy, clayey, and loamy soils, which influences water retention,

nutrient availability, and overall soil health (Owoade et al., 2020).

DAGL is characterised by a diversity of vegetation cover. The region features tree and
shrub savannahs, herbaceous communities, and a few forest islands. Additionally, there
are wetland areas such as mangroves and seagrass beds, which play a crucial role in the
local ecosystem (Akpagana and Bouehet, 1994; Kokou, 1998; Afidégnon, 1999; Foucault
et al., 2000). However, demographic pressure and rapid urbanisation threaten the natural
habitats of Grand Lomé. Conservation efforts are necessary to protect the forest islands

and maintain local biodiversity for the sustainable development of the region.

In contrast, the vegetation of GAMA is made up of savannah and herbaceous
communities composed by trees and shrub savannahs. Also, GAMA is characterised with
some wetlands, such as mangroves which play essential roles in the local ecosystem by
providing habitats for various species and protecting coastal areas (Gyimah et al., 2023).
On the other hand, it's believed that a large portion of the region was formerly covered in
dense forest but has since disappeared due to human activity, rapid urbanisation and
climate change posing challenges for biodiversity conservation (Addae and Oppelt,

2019).

The southern Togo is drained by three main rivers (Mono, Zio and Haho), smaller rivers
(Boko, Gbaga and Elia), three main lagoon water bodies (Lake Togo, Lake Boko and
Aného Lagoon) as well as permanent and/or temporary ponds and pools. Ghana on his

own, is drained by many rivers such as Volta River basin which it shares with Burkina

38



Faso, Togo, Cote d’Ivoire and Mali, the Bia and Tano River basins, Weija reservoir and

dansu river (Water Resource Management, (WRM)).

3.1.4 Population trend

The urbanisation process in sub-Saharan Africa is a crucial element of its population
dynamics. The population growth has accelerated rapidly since the end of World War 11
and especially after independence (Dubresson, 1996). This rapid urbanisation process has
been characterised by a shift towards capital cities, particularly in the coastal regions and
immediate hinterlands (Gayibor et al., 1998). The population of DAGL and GAMA has
experienced significant evolution over the past few decades. As the capital and largest
city in Togo and Ghana respectively, they have attracted people from rural areas and
neighbouring countries, leading to rapid urbanisation and population growth transforming
them into the largest and most dominant urban centre. From 1960 to 2022, there has been
a significant increase in the population of DAGL and GAMA (Biakouye, 2014; GSS,

2021; INSEED, 2022) (Figure 3.4).

Especially in 1986, in DAGL, the urban population was relatively low, with many areas
characterised by rural features and basic infrastructure. By the year 2001, urbanisation
accelerated due to increasing migration from rural areas, driven by economic
opportunities (Biakouye, 2014). The trend continues in 2015, as DAGL became more
cosmopolitan, with the improvement of public transport and health facilities. In 2023,
DAGL has transformed into a big urban centre with a high rate of urbanisation. As of the
latest estimates from the General Census on Population and Habitat (INSEED, 2022),
DAGL has a population of over 2 million people (2,188,376 inhabitants) with an annual
growth rate of 2.6 %. This can be explained by the economic growth driven by trade and

investment opportunities that also attract migrants across the neighbouring countries.
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Current policies focus on inclusive urban development that addresses housing shortages

and promotes economic opportunities for all residents.

In contrast, in 1991, GAMA was characterised by a relatively low population density and
limited urban infrastructure, with much of the area still rural. By 2002, urbanisation began
to accelerate due to increased economic opportunities and infrastructural developments,
including housing and transportation projects. The period leading up to 2017 saw GAMA
experiencing substantial urban sprawl, with the urban built-up area expanding
significantly. Key developmental activities included the construction of new residential
areas and improvements in public transport systems, which were crucial in attracting
immigrants seeking better living conditions and job opportunities. In the years 2023,
GAMA has a population exceeding 5 million residents (5,455,692 inhabitants), with an

estimated growth rate of 2.9 % based on the Ghana Statistical Service (GSS, 2021).

Table 3.1 reveals that both cities have experienced rapid urbanisation leading to higher
population density. DAGL's density growth is particularly striking. In contrast, GAMA's
lower density despite a larger population suggests a more extensive area of development.
However, the growing population still poses significant challenges related to urban
management and environmental sustainability. Economic opportunities, better
infrastructure, and improved living conditions have been primary drivers of this influx.
This growth has resulted in increased demand for housing, services, and infrastructure,
presenting both opportunities and challenges for urban planning and sustainable
development in the two cities.

Table 3.1: Populations and Population Density in DAGL and GAMA

City Pop PD Pop 1981 PD Pop 2000 PD Pop 2010 PD Pop 2022 PD
1960 1960 1981 2000 2010 2022

DAGL 85,000 223 390,000 1,021 600,000 1,571 1,570,000 4,110 2,188,376 5,728.73

GAMA 449,430 284 1,922,898 1,213 2,905,726 1,833 3,656,423 2,307 5,455,692 3,442.07
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Pop = Population PD = Population density (persons per square kilometre)
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Figure 3.4: Population growth in DAGL and GAMA
Source: (Biakouye, 2014; GSS, 2021; INSEED, 2022)

3.1.5 Socio-economic activities

Togo’s coastline has many sectors of activity that contribute to the life of the population.
Among which fishing, maritime trade, financial, commerce of all kinds, agriculture,
industry, tourism, mining, import and export infrastructure. It is a location that attracts
human settlements and associated activities, primarily focusing on commerce and
transportation. The services provided by the marine and coastal ecosystems play a very
important role in the country’s economy accounted for at least 70 % of Togo’s GDP.
Again, the informal sector is also developed especially in Lomé due to the high rate of
unemployment with a dominance of women 54 % (Bawa ef al., 2021). However, the
environmental dynamic implies impacts and opportunities facing these sectors or

functions.
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The city of GAMA also serves as an administrative centre, communication as well as an
economic centre in Ghana and is home to over 70 % of the country’s manufacturing
industries. The leading occupational sector is sales, which employs majority of the
region’s economically active population with a larger proportion of the population in the
city employed in the informal sector (Ghana Statistical Service). Agriculture is among
the least employing sectors in GAMA.

3.2 Materials

3.2.1 Data type

3.2.1.1 Remote sensing data

The dataset used in the research includes multi-sensor remote sensing images provided
by the United States Geological Survey (USGS) for the periods of 1986 to 2023 covering
DAGL and from 1991 to 2023 for the Greater Accra Metropolitan Area (GAMA), all with
less than 10 % cloud cover. The images were generated by several Landsat sensors,
including Landsat 4 Thematic Mapper (TM) from 1986, Landsat 7 Enhanced Thematic
Mapper Plus (ETM+) from 2001 and 2002, and Landsat 8 Operational Land Imager (OLI)

and Thermal Infrared Sensor (TIRS) from 2015, 2017, and 2023 (Table 3.2).

In the selection of satellite imagery in this study, images with less than 10 % were used
as criteria. Therefore, the image analysis for the Greater Accra Metropolitan Area
(GAMA) actually began with 1991 imagery due to the lack of quality satellite imagery
prior to that year. High-resolution Google Earth images from 2002, 2015, 2017, and 2023,
along with global settlement characteristics data from 2018 and the World Settlement
Footprint from 2015, were utilised for training and evaluating classification accuracy.
Additionally, above-ground biomass data was obtained from the Earthmap.org platform,

developed in collaboration with the FAO, while evapotranspiration data was sourced from
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the Google Earth Engine (GEE) platform. The hydrologic soil group (HSG) was obtained

from global hydrologic soil groups [HYSOGs, Ross ef al. (2018)].

Table 3.2: Summary of the Remote Sensing Dataset Used for Land Use and Land Cover
Mapping in the Study

Satellite Sensor Spatial Date
Area resolution
Landsat 5 ™ 30m March, 1986
DAGL Landsat 7 ETM+ 30m December, 2001
Landsat 8 OLI/TIRS 30m December, 2015
Landsat 8 OLI/TIRS 30m December, 2023
Landsat 4 ™ 30m December, 1991
GAMA Landsat 7 ETM+ 30m December, 2002
Landsat 7 ETM+ 30m December, 2017
Landsat 9 OLI/TIRS 30m December, 2023

3.2.1.2 Ground data

The ground truth data used for image classification was collected through field surveys,
employing a stratified sampling method to ensure comprehensive coverage of diverse
land cover types. This method involved selecting locations to represent various land cover
categories such as forest, grassland, built-up areas, water bodies, and agricultural land in
both cities. A Garmin Etrex GPS device was utilised to record the precise geographical
coordinates (latitude and longitude) of the visited locations (see Appendix C). For areas
that were difficult to access during the field campaign, supplementary data was obtained

from Google Earth Pro to support the validation process.

3.2.1.3 Climate data
The climatic data such as temperature, precipitation, and humidity data from 1986 to 2022
were obtained from the Togolese meteorological office (DGMN) and Ghana

Meteorological Agency (GMet).
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3.2.1.4 Data from literature

In the ecosystem services (Ess) assessment, data from literature were used as a proxy to
create carbon pool for carbon storage and sequestration. The carbon stored in
Aboveground Biomass value was obtained from the Intergovernmental Panel on Climate
Change’s IPCC (2006) methodology for determining greenhouse gas inventories in the
Agriculture, Forestry and Other Land Use (AFOLU) taking into account the climate
domain and ecological region. This value obtained from the IPCC (2006) was compared
with the value obtained from the ESA CCI Global Forest Above Ground Biomass on
Earth Map to get a mean value and ensure the reliability. The carbon in belowground
biomass and the dead organic matter was obtained using the conversion factors provided
in the IPCC (2006). The carbon stored in Soil value was obtained from the work of
Owoade et al. (2020) on land use effects on Soil Carbon Accretion and Productivity in

the Coastal Savanna Agro-ecological Zone of Ghana.

3.3 Methods

3.3.1 Spatial and temporal changes in the sprawl of urban areas and change in

LULC in DAGL and GAMA

3.3.1.1 Land cover mapping

1. Image processing and classification
The Landsat images were imported into the Google Earth Engine (GEE) platform from
the US Geological Survey (USGS) as the primary input. A median filter was used to
integrate the Landsat data from each year into a composite image. For additional
processing and analysis, the areas of interest were extracted from the feature collection
for data normalisation. For the classification, the stratified random sampling technique
was used to create training polygons for each land cover type identified in the study areas.

The training samples were collected from various sources, including Google Earth Pro,
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World Settlement Footprint, Global Settlement characteristics, field visits and GEE base
maps (Olofsson et al., 2014). Ground-truth samples were collected during the field visits

in DAGL and GAMA for the year 2023.

The QGIS interface facilitated the collection of points from the reference data,
specifically the World Settlement Footprint 2015 and Global Settlement characteristics
2018 obtained from GEE. The ‘historical imagery’ tool in Google Earth Pro allowed
visualisation of Google Maps from previous years 2001, 2002, 2015, 2017. The training
data was then entered as a feature collection table into the GEE. The training data were
created by examining the LULC types through spectral indices and visual interpretation
of the land features. To enhance the classification accuracy, specific indices were
computed for each composite image and added to the band set, including the Normalised
Difference Vegetation Index (NDVI) for identifying vegetation cover, the Normalised
Difference Built-up Index (NDBI) for distinguishing urban areas and the Normalised
Difference Water Index (NDWI) for detecting water bodies (Loukika et al., 2021)
(equations 3.1; 3.2; 3.3). The geometry tool was used to design training sites for the
defined classes.

Thirty percent (30 %) of the training datasets were utilised as validation sets, while
seventy percent (70 %) were used for training. Based on spectral characteristics of the
image and literature knowledge, five LULC classes were defined for the purpose of the
study (Table 3.3). The Random Forest (RF) algorithm, a classifier under the supervised
classification in the GEE was used to classify the images into five classes for each city
using the “ee. Classifier.smileRandomForest” function. The supervised classification is
preferred in this study for its capability to identify a certain type of land cover based on
provided training data as illustrated in Figure 3.5. One significant advantage of the RF

classifier is its capacity to manage high-dimensional data with complex interactions
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between variables, although it is somewhat sensitive to input data errors (Hengl et

al., 2015).
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Figure 3. 5: Flow chart of the research methodology

Additionally, this classifier has demonstrated exceptional performance compared to other
classifiers, achieving higher accuracy in land cover mapping and projections across
Africa and various regions worldwide (Yang et al., 2017; Loukika et al., 2021).
Moreover, DAGL and GAMA present a complex landscape, making GEE an efficient
tool for mapping LULC due to its faster visualisation and its analytical capabilities.
RF combines multiple Classification and Regression Trees (CART) to create an ensemble
classifier. It generates several decision trees through random selection of variables and
training datasets, and evaluates its performance using non-training examples to provide
an objective assessment of generalisation error (Breiman, 2001). The two key user-
defined input factors are the number of parameters and the number of trees, with literature

suggesting that the ideal number of variables is the square root of the total variables, and
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the ideal number of trees ranges from 100 and 500 (Belgiu and Dragut, 2016).

Additionally, one-third of the training data are used to determine the prediction

error, while two-thirds is used to construct the random forest model that facilitates the

assessment of the accuracy of each analysis.

__ (NIR-Red)
NDVI = (NIR+Red) G.1
NDB] = SWIR-NIR) (3.2)
(SWIR+NIR)
MNDW] = (Green—SWIR) (3.3)
(SWIR+SWIR)

Table 3. 3: Description of Land Use and Land Cover Classes

LULC types Description
Forest Forest reserves, Land dominated by trees
Grassland Mixed grassland with scatter trees, Herbaceous vegetation, shrub, garden, parks

Agricultural land  Irrigated and rainfed croplands, plantations, pastures
Built-up/ Bare- Residential, industrials and Commercials units, Highways and transportation,

land power and communications facilities, lands with exposed soil surface, exposed
rock, quarries and gravel pits
Water-bodies Lakes, rivers, streams, canals, reservoirs, lagoons

il. Accuracy assessment

After the completion of the classification process using a machine learning
algorithm (RF), an accuracy assessment was carried out using an error matrix to ascertain
the accuracy of the classified images. Since the accuracy measures the degree of
agreement between the classified image and baseline data, the quality of the result after
classification, is critical for change detection analysis (Mosammam et al., 2016). The
accuracy of the different classified images was assessed in this study in order to measure
the quality of the classification results. An algorithm included in GEE, called a confusion
matrix, verifies and then assesses the image’s classification accuracy. The accuracy
evaluation of LULC maps was conducted using the validation error matrix that was
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generated in GEE. The correlation between known ground or reference data and the
corresponding results of automated classification is compared in the error matrix. The
overall accuracy (OA), user’s accuracy (UA), and the producer’s accuracy (PA),
Omission error (OE) and Commission error were calculated. The Overall accuracy is the
whole accuracy of the classified images and it is expressed as a percent, with 100%
accuracy being where all reference site were classified correctly. User’s accuracy is the
probability that a pixel classified in a given class of the map represents that class on the
ground or how often the class on the map will truly be present on the ground. The
Producer accuracy is the probability that a pixel was correctly classified in a given class
or the probability that a certain land cover of an area on the ground is classified as such
(Jain et al., 2016). Error of commission is the prospect of an explicit class which is
incorrectly classified on the ground. Whereas Error of omission is the prospect of an
explicit class to be incorrectly classified in the reference data (Frimpong et al., 2022).
The formulae for calculating these accuracies are stated below (equations 3.4 to 3.8)

(Kotapati et al., 2021; Nasiri et al., 2022):

Number of Correctly classified Samples

Over all accuracy (0A) = x 100 34
y ( ) Number of Total Samples ( )
Number of Correctly Classified Samples in each Class
UA = x 100 3.5
Number of Samples Classified to that Class ( )
Number of Correctly Classified Samples in each Class
PA = 4 p=r x 100 (3.6)
Number of Samples from Reference Data in each Class
Number of Incorrectly classified Samples
OE = Y P x 100 (3.7)
Number of Samples from Reference Data in each Class
Number of Incorrectly classified Samples
CE = 4 P2 %100 (3.8)

" Number of Samples Classified to that Class

1ii. Change detection
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To determine the differences between the identified time series images used in this study,
a change detection analysis was carried out (Wiafe and Asamoah, 2018). The LULC
post-classification within the Semi-Automatic Classification Plugin (SCP) in the QGIS
interface was used to analyse temporal changes in DAGL (1986-2001, 2001-2015, 2015-
2023 and 1986-2023) and for GAMA (1991-2002, 2002-2015, 2015-2023 and 1991-
2023). A pixel-by-pixel cross-tabulation analysis was used to analyse cross-classes
conversions. The magnitude of change between years (absolute change), and average
annual rate of change (%) were then computed from the change matrix using the equations
below (Long et al., 2007; Garcia-Alvarez et al., 2022). The absolute change and the
annual rate of change were then calculated. The absolute change was computed by
subtracting the area of land cover of the initial year (AreaYear-x) from the area of land
cover for the subsequent year of the following data (AreaYearx+1). The average annual
rate of change was computed by subtracting the initial area from the final area. Next by
dividing this difference by the initial area. Then, convert this result into a percentage by
multiplying by 100 and dividing the result by the number of years between the initial

year and final year (Long et al., 2007). The formula is stated in equation 3.9, and 3.10.

Absolute change, AC = A;, — Ay (km?) (3.9)

Positive percentage values suggest an increase whereas negative values imply a decrease
in area coverage.

(B2—-B1)
5 X100

C=—Br (3.10)

-1y

Where C is the average annual rate of change, B is the area of land cover type in time 1
(T1); and B> is the amount of land cover type in time 2 (T>).
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3.3.1.2 Urban expansion analysis

An urban built-up map was generated by extracting the built-up images from the classified
images. Following the extraction, built-up maps were overlaid, and the resulting images
were recorded. For each image in the two cities, the urban expansion intensity index
(UEID), a crucial metric that shows the rate or speed of urban expansion at various times,
was determined (equation 3.11). Around a selected centre point, fourteen concentric
multiple-ring buffer zones were constructed with 2 km intervals for DAGL, while twenty
were constructed for GAMA. The independence square representing the city centre was
chosen for DAGL while the central business district, Makola market circle, was chosen
as the centre point for GAMA for generating the buffer zones. These points were
generated from the Google Earth pro-interface. The 2km interval is found to be an
appropriate scale that captures the key spatial details of urban features and the number of
rings generated depends on the size and spatial extent of each city. Additionally, to
identify the trend of urban spatial patterns in various directions, the direction-wise method
has been used (Cao et al., 2019; Kafy et al., 2020). An equal interval of 22.5 degrees for
each direction was used which is well effective (Qian and Wu, 2019), and the study areas
and the concentric ring were divided into sixteen directions. In order to quantify the
expansion in different directions, a number of quadrants (Q) were generated and captured.
There were some quadrants eliminated since they did not cover the study area boundaries.
Finally, 7 and 8 quadrants were considered for DAGL and GAMA. The directional
analysis reveals the area of the city that is expanding the fastest and identify key factors
or divers. This is crucial to know where natural habitats are most at risk to develop
conservative strategies and guide planning for future expansion.

ULA®-ULAl"

UEll; = TLA;xAt

x 100 (3.11)
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where UEII is the Urban Expansion Intensity Index of unit i; ULA* and ULA!! are the
areas of urban built-up land at times ¢/ and ¢2; TLA; is the total land area within the study
area i, and At is the study time period (i.e., z2 _ ¢I) (Akubia and Bruns, 2019). The UEIl
standard is scaled as follows: <0.28 is “very slow expansion”; 0.28 to 0.59 is “slow
expansion”; 0.59 to 1.05 is “medium-speed expansion”; 1.05 to 1.92 indicate “high-speed
expansion”; and >1.92 is “very high-speed expansion” (Akubia and Bruns, 2019;
Norouzi, 2023).

Moreover, the density of urban expansion in each buffer zone for each city was computed
using the formula adopted from (Stemn et al., 2014) to ascertain its relationship with the

city centre.

Amount of spatial urban expansion in each buffer zone

Density urban expansion = (3.12)

Total amount of land in each buffer zone

3.3.1.3 Urban sprawl quantification

For Shannon’s entropy calculation, the total number of pixels in each buffer, the amount
of built-up in each zone, and the total number of built-up areas were computed using the
zonal statistics tool in ArcGIS. The results of the zonal statistics for each image were
saved and exported to the Microsoft Excel table where further calculations using the
Shannon entropy formula were applied. Shannon Entropy measures the compactness and
or dispersion of built-up area among n zones (Rahman, 2016). The Relative Shannon
Entropy (RSE) value for each and overall ring buffers for each year has been calculated

using the formula below (equation 3.13; 3.14; 3.15).
Absolute entropy = Y.I' Pi log (é) (3.13)

Where, En=the relative entropy

Pi=probability or proportion of built-up in the zone
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n = number of zones
Pi=Xi/ Y Xi (3.14)
However, it’s more suitable to rescale the entropy value into the range of 0 and 1. This

can be done by computing the relative entropy (En) which is expressed bellow (equation

3.15)
En = Y7 Pilog(5)/Log(n) (3.15)
Where

Xi= the density of developed land, which equals to the amount of built-up land divided

by the total amount of land in the i zone in n total zones.

The value of Shannon entropy ranges from 0 to log n. Value of 0 indicates that the
distribution is a very compact and high-density urban development nearer to 1 indicates
low-density urban development and high degree of urban sprawl (Malligai and

Jegankumar, 2018).

3.3.2 Distribution and variation in the provision of selected ecosystem services in

DAGL and GAMA.

To assess the spatial and temporal distribution and variation of these ecosystem services,

the InVEST model (Integrated Valuation of Ecosystem Services and Trade-off) was used.

3.3.2.1 Structure of the model

The InVEST model quantifies and maps the values of ESs. It relies on geographic data to
produce maps that illustrate the spatial distribution of ecosystem services. InVEST
requires predominantly GIS or map data as inputs, along with information tables typically
formatted as CSV files. Once the data is inputted, the model processes it to generate

outputs that include maps, quantitative data on ecosystem services, and various statistics

52



and reports. The interface allows users to easily navigate through different models. The

modules under the InNVEST Model are focused on key ESs (Figure 3.6).

fAInVEST.

o]

Annual Water Yield

Carbon Storage and Sequestration
Coastal Blue Carbon Preprocessor
Coastal Blue Carbon

Coastal Vulnerability

Crop Pollination

Crop Production: Percentile

Crop Praduction: Regression
Delineatelt

Forest Carbon Edge Effect
Habitat Quality

Habitat Risk Assessment

Nutrient Delivery Ratio

RouteDEM

Scenario Generator: Proximity Based
Scenic Quality

Seasonal Water Yield

Sediment Delivery Ratio

Urban Flood Risk Mitigation

Urban Nature Access

Urban Stormwater Retention
Visitation: Recreation and Tourism
Wave Energy Production

Wind Energy Production

2024-12-06 08:29:52 Model Complete

Carbon Storage and Sequestration

Workspace: D: \carb-essaie\LOME\3_workplace_ 2015
Suffix:

2024-12-06 08:26:41 Model Complete

Carbon Storage and Sequestration

Workspace: D: \carb-essaie\LOME\3_workplace 2001

Suffix:

2024-12-06 08:25:37 Model Complete

Carbon Storage and Sequestration

Workspace: D: \carb-essaie\LOME\3_workplace_1986
Suffix:

2024-12-06 08:23:05 Model Complete

Figure 3. 6: InVEST model interface

3.3.2.2 Model description

1. Carbon storage and sequestration

The InVEST carbon storage and sequestration Model calculates the total carbon stored in

the landscape by summing the carbon in all four pools for each pixel, based on the LULC

type of that pixel (equation 3.16). The InVEST Carbon Sequestration Model operates

on the premise that different Land Use and Land Cover (LULC) types store varying

amounts of carbon in different pools. The model calculates both the total carbon

stocks at a given time and the changes in carbon stock over time, which is referred to

as carbon sequestration.

Carbon Storage :

Ci= Ci(above) + Ci(below) + Ci (soil) + Ci(dead matter) (3-16)
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where Ci represents the total carbon storage of grid cell i

Citapovey = Carbon stock in aboveground biomass
Cipelow) = Carbon stock in belowground biomass
Ci(soiry = Soil carbon organic matter

Ci(gead mattery = Dead organic matter

Carbon variation over years (equation 3.17):
§=Ccr-cn (3.17)

C"2: carbon storage in previous year

C™!: carbon storage in the current year

To run InVEST carbon storage and sequestration model, requires several input data such
as the LULC map (classified map) of the different years under study and the carbon pool
table. This table includes data on carbon stored in different pools such as aboveground
biomass, belowground biomass, soil and dead organic matter (in metric tons per hectare)
for each class of land cover. This table provides essential data on how much carbon can
be stored in various ecosystems. Aboveground biomass comprises all live plant
components above the ground, whereas belowground biomass contains the living root
systems associated with aboveground plants. The largest terrestrial carbon store, soil
organic matter, represents the important organic component of the soil, whereas dead
organic matter covers litter as well as dead trees, either on the ground or in an upright
posture (Sharp et al., 2014). If data for a specific pool is unavailable, the carbon stock can
be estimated using information from other pools. Additionally, existing literature on
carbon storage may be utilised to estimate carbon storage in the study area (Abera et al.,
2021). For this study, the carbon pool data was derived from EarthMap (ESA CCI Global

Forest Above Ground Biomass), the Intergovernmental Panel on Climate Change’s IPCC,
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(2006) methodology for determining greenhouse gas inventories in the Agriculture,
Forestry and Other Land Use (AFOLU) sector considering the tropical shrubland climate
domain of which are part the two cities, the work of Owoade et al. (2020) on soil physical
and chemical properties for the different District Locations and Land use systems in the
Coastal Savanna domain. To get direct carbon stock from the biomass, equation (3.18)
was used.

Total Carbon Stock (ton metrics/ha) = Total AGB X 0.47 (3.18)

Where AGB is aboveground biomass and 0.47 is the conversion factor of dry biomass
suggested by (IPCC, 2006; Zaki and Latif, 2016). The carbon stored in the Belowground
biomass was obtained from the Aboveground biomass carbon value using the conversion
factor of the Root to Shoot Ratio provided by IPCC, (2006) and by Macdicken, (1997).
The carbon pool table is shown in Table 3.4 for DAGL and in Table 3.5 for GAMA. The
model typically assigns zero carbon stock values for built-up and water, as they do not
contribute to carbon storage in the same way that vegetative and soil carbon pools do

(Tadese et al., 2023).

Table 3.4: Carbon Pool for DAGL

LULC C above C below C soil C dead matter
Water 0 0 0 0

Built-up 0 0 0 0

Forest 34.3 6.06 14724 2.1

Grassland 15 35 30 4

Agricultural land 15 35 30 4
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Table 3.5: Carbon Pool for GAMA

LULC C_above C _below C_soil C_dead matter
Water 0 0 0 0

Built-up 0 0 0 0

Forest 32 6.06 147.24 2.1

Grassland 15 35 30 4
Agriculture-land 5 0.45 85.71 0

1l The urban temperature regulation (Urban cooling capacity and heat
mitigation)

The InVEST Urban Cooling Model is designed to estimate urban temperature regulation
by calculating an index of heat mitigation. This index is derived from several key
biophysical parameters: shade, evapotranspiration, albedo, and the distance to cooling
islands such as parks. These factors collectively determine how effectively vegetation can
reduce air temperatures in urban environments. Shade provision refers to the extent to
which vegetation provides cover to surfaces, playing a critical role in directly lowering
surface temperatures and reducing heat absorption. Evapotranspiration, the process
through which water evaporates from soil and plant surfaces, contributes significantly
to cooling as water vapour absorbs heat from the environment. Albedo, which measures
surface reflectivity, influences the amount of solar energy absorbed or reflected;
vegetation typically has a higher albedo compared to built surfaces, enhancing
cooling effects.

The model outputs a heat mitigation index that quantifies the cooling capacity of the
LULC type for a given pixel based on these parameters (equation 3.19) (Zardo ef al.,
2017; Hamel and Remme, 2021). This index is the main output of the InVEST Urban
cooling model and ranges from 0 to 1, where 0 means no heat is mitigated in a cell and 1

means the UHI is fully mitigated.

56



cc() =Wy -S@) +W,4-AQ) +We-E@0) (3.19)
Where CC(i) is the cooling capacity index (the extent to which a specific green space
contributes to temperature reduction compared to its surroundings). The average cooling
capacity is quantified on a scale from 0 to 1, where a value of 0 indicates no cooling
capacity (typical of areas devoid of vegetation or those with ineffective green spaces)
while a value of 1 signifies maximum cooling capacity within the study area.

S(i) (Shade) is the capacity of trees to provide shading, ranging from 0 to 1, 0 for no tree
and 1 for full tree cover of height > 2 m;

A(1) (Albedo) ranging from 0 to 1, with 1 indicating maximum reflectance of solar
radiation, and 0 indicates maximum absorption; E(i) is the evapotranspiration index for
the pixel i. They are each weighted by a coefficient Ws, Wa, and WE (0.6, 0.2, 0.2,
respectively) constant across the study area. These weights assigned to the model’s
recommendations are based on empirical data.

Inputs for the InVEST Urban cooling Model include LULC raster, a raster reference
evapotranspiration obtained from GEE platform, a vector of the area of interest, and a
biophysical table. The biophysical table contains data on shade, crop coefficient (Kc,
indicating the rate of evapotranspiration for the different land cover types), and albedo
for each land cover types according to the parameters recommended the InVEST model
(Hu et al., 2023) (see Appendix D). The InVEST model's recommended values were
selected because they encompass a variety of urban land cover types that are typical of
cities around the globe, including DAGL and GAMA. Numerous studies have confirmed
these parameters, and they have been applied in diverse urban settings (Hu et al., 2023;
Wu et al., 2024). In addition, a number of parameters need to be defined, such as the

maximum cooling distance, air blending distance, UHI effect magnitude, and reference
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air temperature. For the maximum cooling distance, the InVEST model recommends
using 450m as an estimate due to a lack of local studies. For the air blending distance, the
model recommends an initial range of values from 500m to 600m (Schatz and Kucharik,
2014; Lonsdorf et al., 2021).

Due to the absence of local research, this value was obtained from the global surface UHI
explorer by Yale University (https://yceo.users.earthengine.app/view/uhimap). The
reference air temperature was obtained based on the data from the Togolese

Meteorological office and Ghana Meteorological Agency (see Appendix E and F).

iii. Flood risk mitigation

The Flood Risk Mitigation model estimates the run-off production and retention over the
study area. The precipitation (P in mm) received over the research region and the land
use parameters serve as the primary foundation for the quantification of runoff. The Soil
Conservation Service-Curve number (SCS-CN) approach uses the potential maximum
retention (Smax,i) and CNi values for each pixel (i) to estimate the run-off production (Qp,)
due to precipitation (P) (Equation 3.20). Equation 3.21 gives the empirical relationship
between Smax,i and CNi. For the study areas, an initial abstraction (L) factor of 0.2 times
of Smax,i was taken into consideration. The Curve Number (CN) values, which are derived
from the Hydrological Soil Group (HSG) and LULC, represent the hydrological
behaviour of the study region at the pixel level.

Additionally, the model computes the run-off retention index (Ri), which is a ratio of the
total precipitation over a pixel and the amount of precipitation retained (P—Q) (Equation
3.22). The volume of run-off retained (Ryoii m?) is calculated by multiplying the run-off
retention index per pixel (mm) with the area of each pixel (m?), as shown in Equation

3.23. Similarly, the run-off generated (Qyoli m®) is calculated using Equation 3.24. The
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equations are sourced from the InNVEST model User Guide (Natural Capital Project, 2023,

https://maturalcapitalproject.stanford.edu/software/invest).

Qpi = {% if P> ASpax,i; otherwise Qp; = 0} (3.20)
Smaxi = 2;“% — 254 (3.21)
Ri=1- % (3.22)
Ryo1i = R;.P.PixelArea (3.23)
Quori = @p,i - PixelArea (3.24)

The model requires the raster layer of hydrologic soil group (HSG) covering the study
area. Each soil group is represented by A, B, C or D category with varying degrees of
responsiveness towards the generation of run-off, LULC and curve number (CN) over the
study area. The run-off curve numbers (CN) are dimensionless values which are empirical
estimations for quantification of run-off depth from the rainfall events. The CN values
are dependent on the Hydrologic soil group (HSG-A, B, C and D) and the LULC.
Typically, the CN values vary between 0 and 100 representing the extreme values of low
and high run-off generation. The CN values developed for urban environments by Chow

et al. (1988) were adapted in the present study (see Appendix G).

3.3.3 Evaluate the relationship between urban expansion and ecosystem service

degradation in DAGL and GAMA.

To achieve this, Pearson’s correlation analysis was used in RStudio software to explore
the interrelationships between the urban area, population density and Ecosystem Services
(ESs). Pearson’s correlation analysis is particularly suitable for this purpose and can

better explain continuous data variables compared to other correlation analysis methods.
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This study also uses the spatial regression analysis, specifically the Geographically
Weighted Regression (GWR) model, to explore the spatial correlation between urban
expansion and ecosystem services (Li and Zhao, 2019). The GWR model is chosen for
its ability to capture spatial, providing more accurate results compared to traditional
Ordinary Least Square (OLS) models (Li and Zhao, 2019; Shao et al., 2020; Zhang et al.,
2020). To analyse the spatial relationship between urban expansion and ecosystem
services, NDVI (Normalised Difference Vegetation Index) and NDBI (Normalised
Difference Built-up Index) were used as key indices. NDVI serves as a proxy for
vegetation health, while NDBI quantifies urban expansion. The GWR is expressed by
Equation 3.25. The mean NDVI and NDBI were used as independent variables and carbon

storage, urban cooling, flood mitigation risk as the dependent variables.
Vi = Bo(uyvi) + Xjm1Bjcu; wp Xij T & (3.25)

Where yi is the dependent variables (carbon storage, urban cooling, flood risk mitigation),
xij is the jth independent variable at the ith location, €i is the random error at the ith
location, (u;, v;) the spatial coordinates of location i, By, v,) is the coefficient of the jth

variable at location i. In this study, GIS software was used to run the GWR model.
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CHAPTER FOUR

4.0 RESULTS AND DISCUSSION

4.1 Results

4.1.1 Spatial and temporal changes in the sprawl of urban areas and the change in

Land Use and Land Cover in DAGL and GAMA

4.1.1.1 Land use and land cover (LULC) change in the metropolitan areas

The LULC change assessment provides critical insights into the environmental
transformation in DAGL and GAMA. The results derived from the classified maps
(Figure 4.1) reveal substantial shifts in land use over the studied period. In both regions,
the built-up areas have increased dramatically, while the surface covered by forests,
grasslands, agricultural lands, and water bodies have declined. This trend suggests urban

development over the past three decades.

In DAGL, the land use has shifted from primarily vegetated land in 1986, where
agricultural land occupied 35.36 %, forest covered 24.04 %, and grassland 22.09 % to a
major built-up area of 76 % by 2023. The agricultural land has decreased to 27.12 %,
while forest and grassland have seen significant reductions, now covering 3.43 % and
3.88 %, respectively. Figure 4.2 visually represents the land cover changes and confirms
the dramatic shift from natural land cover to built-up areas over the entire study period
(1986-2023). Most of the land use and land cover types (agricultural land, forest, and
grassland) have been substantially converted into built-up areas over time. This trend
accelerates from 2015 to 2023 and confirms the intensifying urbanisation and its impact

on natural landscapes.
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Figure 4.1 : Land use and land cover map of DAGL and GAMA
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Figure 4.2: Land use and land cover change in DAGL in 1986, 2001, 2015, and
2023
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The transition matrix table (Table 4.1) shows that between 1986 and 2001, built-up
and bare land remained quite stable, with over 93% of these areas unchanged, but
they also expanded noticeably into agricultural land (36.5%) and water bodies (31%),
signalling early stages of urban growth encroaching on farmland and wetland. During
this time, forest cover declined sharply, with only 28% remaining intact as most
forest areas converted to grassland and some to agricultural use, reflecting
deforestation and land degradation. Agricultural land held up moderately but was

increasingly overtaken by urban development.

From 2001 to 2015 (Table 4.2), built-up areas continued to dominate, maintaining
about 92% persistence while further converting agricultural land (40%) and water
bodies (39%) for urban use. Although forest cover showed a slight rebound with 40%
persistence, substantial portions still gave way to grassland and agriculture, pointing
to continued pressure on natural ecosystems. In the most recent period, 2015-2023
(Table 4.3), urban areas grew even more intensively, built-up land persisted at nearly
97%, with nearly half of agricultural land converting to urban uses, alongside
continued reduction of water bodies and surrounding lands. Forests remained
fragmented and reduced, while grasslands shrank due to a mix of agricultural

expansion and urban expansion.

The built-up area in DAGL was initially concentrated in the districts of Amoutive,
Be Est, and Baguida, located along the coastal line, as of 1986. By 2001 and 2015,
the built environment had expanded into the prefecture of Agoényivé, encompassing
the districts of Vakpossito and Agoényivé. Additionally, development extended to
Aflao Sagbado and Aflao Gakli, two districts within the prefecture of Golf. These
areas were previously used for agricultural production by local residents. As of 2023,

the built-up area has spread throughout the city, covering the remaining districts of
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the prefecture of Agoényivé, including Zanguera, Legbassito, Togble, and

Adetikope.

Table 4.1: Land Use and Land Cover Transition Matrix from 1986 to 2001 in DAGL in

Percentage
2001
LULC types Water Built- Forest Grassland Agricultural Total
Bodies up/Bare- Land
land
Water Bodies 64.80 31.00 0 0.70 3.40 0.66
Built- 0.20 93.30 0.03 0.50 6.00 17.90
1986  up/Bare-land

Forest 0.02 0.80 28.10 62.80 8.30 24.00
Grassland 0.01 3.30 7.30 47.70 41.70 22.10
Agricultural ~ 0.02 36.50 0.16 5.70 57.60 35.40
Land

Total 0.47 30.70 8.40 27.70 32.70 100

Table 4.2: Land Use and Land Cover Transition Matrix from 2001 to 2015 for DAGL
in Percentage

2001

2015

LULC Water  Built- Forest Grassland Agricultural Total
types Bodies up/Bare- Land

land
Water 57.20 38.90 0.50 1.70 0.60 0.48
Bodies
Built- 0.70 91.80 0.04 0.40 7.10 31.30
up/Bare-
land
Forest 0 0.80 40.30 40.50 18.30 8.60
Grassland 0.07 8.70 1.90 29.20 60.10 28.30
Agricultural 0.15 40.00 0.26 2.20 57.20 33.40
Land
Total 0.56 45.10 4.10 12.70 37.60 100
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Table 4.3: Land Use and Land Cover Transition Matrix from 2015 to 2023 for DAGL
in Percentage

2023
LULC Water  Built- Forest Grassland Agricultural Total
types Bodies up/Bare- Land
land

Water 45.80 24.10 1.30 6.40 21.10 0.56
Bodies
Built- 0.03 96.70 0.04 0.03 3.20 44.80
up/Bare-

2015 land
Forest 0.13 1.73 46.10  39.50 12.60 4.10
Grassland 0.29 5.40 8.90 38.90 46.60 12.60
Agricultural  0.02 46.90 1.15 2.44 49.40 40.00
Land
Total 0.32 63.20 3.50 7.60 25.50 100

Between 1986 and 2001, grassland increased at the expense of the degraded forest
areas, but from 2015 to 2023, DAGL experienced the highest rate of losses in
grassland (-5.03 %). Specifically, from 2015 to 2023, DAGL experienced the highest
rate of losses in all the classes compared to the periods 1986-2001 and 2001-2015.
Between 1986 and 2001, forests, agricultural, and water bodies exhibited reduction
in the average annual rate of -4.33 %, - 0.51 %, and -1.94 %, respectively, while there

was an increase in grassland at a rate of 1.71 % (Table 4.4).

Similarly, GAMA’s land cover has undergone considerable changes. Initially
dominated by grassland (42.58 %) followed by forest (34.18 %) and agricultural land
(11.81 %) in 1991, GAMA’s built-up area has increased significantly to 70 % by
2023, while grassland has declined to 3.88 % and forest cover has dropped to 2.43
%. Agriculture has slightly increased to 21.48 % compared to the year 1991. Figure
4.3 visually represents the land cover changes and confirms the dramatic shift from
natural land cover to built-up areas over the entire study period (1991-2023). Most

of the land use and land cover types (agricultural land, forest, and grassland) have
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been substantially converted into built-up areas over time. This trend accelerates
from 2017 to 2023 and confirms the intensifying urbanisation and its impact on

natural landscapes.

The transition matrix (Table 4.5) shows that between 1991 and 2002, GAMA saw
rapid urban growth, mostly at the expense of agricultural land, with nearly two-thirds
(63.8%) of farmland converted into built-up areas. The existing urban land remained
largely intact, with 94.5% of those areas staying built-up, showing strong
consolidation and expansion of the city. During this time, forest cover took a
significant hit, with less than half (46.7%) remaining, as large portions transformed
into grassland and farmland, indicating deforestation and fragmentation of natural
habitats. Water bodies were relatively stable, retaining 83.1%, though some areas

were lost to urban development.

Built-up 1991

Built-up 2002

Built-up 2017
i Built-up 2023
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Figure 4.3: Land use and land cover change in GAMA in 1991, 2002, 2017, and

2023.
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Table 4.4: Area Coverage, Absolute Change and Average Annual Rate of Change for DAGL

Land cover Absolute change Average annual rate of change
type Area (km?) (km?) (%)

1986- 2001- 2015- 1986- 1986- 2001- 2015- 1986-

1986 2001 2015 2023 2001 2015 2023 2023 2001 2015 2023 2023

Forest 92.31 32.34 15.42 13.17 -59.96 -1693 -225 -79.14 -433 -3.74 -1.82 -2.32
(24.04%) (8.42 %) (4.01 %) (3.43 %)

Grassland 84.81 106.52 47.40 28.32 21.70 -59.12 -19.07 -56.49 .71  -396 -5.03 -1.80
(22.09 %) (27.74%) (12.34%) (7.38 %)

Agricultural 135.78 125.44 150.36 104.15 -10.33 2492 46.22 -31.63 -0.51 142 -3.84 -0.63
land (35,36 %)  (32.66 %) (39.15%) (27.12 %)

Water-bodies 2.56 1.81 2.12 1.21 0.74 0.31 -0.91 -1.34 -194 121  -535 -1.42
(0.67 %) (0.47 %) (0.55 %) (0.32 %)

Built- 68.58 117.93 168.76 237.16 4935 50.83 6840 168.58 4.80 3.08 5.07 6.64
up/Bare-land  (17.86 %)  (30.71 %) (43.94%) (61.67 %)
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From 2002 to 2017 (Table 4.6), urban expansion accelerated. Built-up land remained
stable at 95.2%, while it expanded further by converting over 60% of agricultural
land and nearly 18% of grasslands. Forests continued to shrink, with just 36% of the
original area untouched, much of the loss going to grasslands and urban areas.
Grasslands also declined quite sharply, holding on to just 40.3% of their previous
extent. Water bodies remained mostly unchanged but showed some continued
shrinkage. In the most recent period, 2017 to 2023 (Table 4.7), urban areas became
even more dominant. Built-up land saw a persistence of 97.6% and further expanded
by taking over more than 62% of agricultural lands and almost 38% of grasslands.
Agricultural lands suffered significant losses, with only about a third remaining
unchanged. Forest and grassland areas faced severe fragmentation and reduction,
with just 15.8% and 8.9% left intact, respectively. Water bodies also declined
moderately, mostly due to ongoing urban encroachment.

Table 4.5: Land Use and Land Cover Transition Matrix from 1991 to 2002 for GAMA
in Percentage

2002
LULC types Water Built- Forest Grassland Agricultural Total
up
Agricultural  0.18 63.80 0.19 0.37 35.50 4.70
Built- 0.87 94.50 0.06 0.01 4.50 4.00
1991 yp/Bare-land
Forest 0.30 4.20 46.70  35.10 13.50 13.60
Grassland 0.25 2890 9.90 12.70 48.10 16.60
Water 83.10 5.50 7.40 0.01 3.80 0.90
Total 8.70 12.20  8.10 6.90 64.10 100
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Table 4.6: Land Use and Land Cover Transition Matrix from 2002 to 2017 for GAMA

in Percentage

2017
LULC types Water Built- Forest  Grassland Agricultural Total
Bodies up/Bare- Land
land

Water 90.90 3.20 1.90 1.00 2.00 8.70
Bodies

2002 Built- 0.40 95.20 0.10 0.40 3.90 12.20
up/Bare-land
Forest 0.50 9.30 36.00 36.60 16.90 8.10
Grassland 0.00 17.70 12.90 40.30 28.90 6.90
Agricultural  0.15 60.70 1.40 6.80 30.60 11.70
Land
Total 8.90 20.70 4.00 6.60 59.80 100

Table 4.7: Land Use and Land Cover Transition Matrix from 2017 to 2023 for GAMA

in percentage

2023
LULC Water Built- Forest Grassland Agricultural Total
types Bodies up/Bare- Land
land

Water 81.30  13.40 3.00 2.00 0.30 8.90
Bodies
Built- 0.05 97.60 0.10 0.04 2.10 20.70
up/Bare-
land

2017 Forest 0.80  8.80 15.80  20.80 53.60 4.00
Grassland  0.08 37.70 1.20 8.90 52.00 6.60
Agricultural 0.56 62.40 2.70 0.88 33.50 7.40
Land
Total 8.30 28.10 1.00 1.50 61.10 100

The built environment was historically concentrated in the Accra Metropolis and the

district of Tema. However, between 2002 and 2023, urban development began

encroaching on forested areas, grasslands, and agricultural lands, particularly within

the Ga District and Tema Municipality. This expansion reflects a shift from

concentrated urban centres to broader suburban and peri-urban development,

resulting in significant changes in land use.
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Between 2000 and 2017, GAMA experienced a gradual rise in the built environments,
alongside declines in grassland and forest cover. The period from 2017 to 2023
marked the most significant reductions in forest and grassland at an average rate of -
12.63 % and -12.76 %, respectively, while there was an increase at the rate of 2.09

% for agricultural land and 5.79 % for built-up area (Table 4.8).

In both regions, DAGL and GAMA, there has been a dramatic increase in built-up areas
at the expense of natural habitats like forests, grasslands, agricultural lands, and water
bodies over the past three decades. The development pattern differs between DAGL and
GAMA. GAMA displays a higher coverage of built area more than DAGL due to its
larger size, high population density and more economic activities compared to DAGL
even though the two regions are the economic centre in their respective countries. In the
two metropolitan areas, the agricultural lands are not stable. In DAGL, agricultural lands
increased at an average rate of 1.42% between 2001 and 2015, but decreased at rates of -
0.51% during the period 1986-2001 and -3.84% between 2015-2023. In contrast,
GAMA’s agricultural lands faced a decrease between 2002 and 2017 at an average rate

of -2.33%, but increased during the periods of 1991-2002 and 2017-2023.
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Table 4.8: Area Coverage, Absolute Change and Annual Rate of Change for GAMA

Land cover Absolute change Annual rate of change
type (km?) (%)
2
Area (km”) 1991-  2002- 2017-  1991- 1991-  2002- 2017- 1991-

1991 2002 2017 2023 2002 2017 2023 2023 2002 2017 2023 2023
Forest 511.78 304.15 150.50 36.45 2207.62 -153.65 -114.05 -475.33 -2.90
Grassland 622.57 259.54 247.80 58.13 2363.03 -11.74 -189.66 -564.44 -2.83

42%) (17%) (16%) (4 %) 530 -0.30  -12.76
Agricultural 176.84 43938 28591 321.69  262.54 -153.48 35.78 144.85 2.56
land (12%) (29%) (19%) (21 %) 13.50  -2.33  2.09
Water-bodies 33.86  32.92  33.73  30.92 -0.93  0.81 2.81 -2.94 -0.27

(2 %) (2 %) (2 %) (2 %) -0.25 0.16 -1.39
Built-up/Bare-  152.23 461.28 779.34 1050 309.05 318.06 270.75  897.86 18.43
land (10%) (31%) (52%) (70 %) 1846 460  5.79
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4.1.1.2 Accuracy assessment

The percentage of pixels that are correctly classified is shown by the overall accuracy.
The User Accuracy refers to the probability that a pixel labelled as a specific land cover
class on the map is indeed that class in reality. This metric is crucial because it informs
users about how reliable the classification is when they encounter specific land cover
types on the map. Producer Accuracy, on the other hand, measures how well real-world
land cover types are classified on the map from the perspective of the map creator. This
measure helps assess how effectively different land cover classes are captured by the
classification process. In summary, both user and producer accuracy provide essential
insights into the performance of land cover classifications. The combination of these
metrics allows for a comprehensive evaluation of classification quality and reliability

across different land cover types and years.

The accuracy assessments for the DAGL and GAMA regions, as presented in Tables 4.9
and 4.10, provide a comprehensive overview of the reliability of land cover classifications
over different years. Both regions demonstrate high overall accuracy, with DAGL
improving from 90.12 % (1986) to 95.59 % (2023) and GAMA increasing from 91.36%
(1991) to 97.34% (2023), reflecting consistent advancements in classification precision

over time.

User accuracy for water bodies remained consistently high for both regions, reaching 100
% for DAGL and 99 % for GAMA in recent assessments, indicating excellent
classification reliability for this category. The built-up/bare-land (BIlt/Brl) category also
showed notable improvements, with user accuracy rising from 90 % (1986) to 97 %
(2023) in DAGL and producer accuracy reaching 100 % (2023) in GAMA, signifying

reliable classification of built-up areas.
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However, notable differences emerge in other categories. For instance, GAMA exhibits
higher accuracy improvements in forest classification, with producer accuracy
reaching 100 % (2023) compared to DAGL’s 93 % (2023). Conversely, DAGL shows
greater stability in agricultural land classification, with user accuracy improving to 95%
(2023) versus GAMA’s 96 %, but with slightly more consistent producer accuracy over

time.

Overall, while both regions exhibit similar trends in improving Land Use and Land Cover
classification accuracy over time, GAMA achieves slightly higher overall accuracy and
excels in forest classification, whereas DAGL demonstrates more consistent performance
in agricultural land categorisation. These differences may reflect variations in landscape
complexity between the two regions. Anderson (1976) established that a minimum
accuracy assessment of 85 % is considered acceptable; therefore, the evaluation results
are reliable for further analysis in both regions (see Appendix H and I for the detailed

accuracy assessment for the different years respectively in DAGL and GAMA)

Table 4.9: Accuracy Assessment of Different Years for DAGL

Years User accuracy (%) Producer accuracy (%) Overall
Water Blt/ Frs Gras Agric Water BIt/ Frs Gras Agric accuracy
Brl Brl (%)
1986 100 90 89 &9 91 100 85 94 87 88 90.12
2001 96 96 88 92 89 100 97 86 88 92 91.36
2015 97 98 91 91 90 100 99 86 86 96 93.94
2023 98 97 92 92 95 100 100 93 86 93 95.59

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land
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Table 4.10: Accuracy Assessment of Different Years for GAMA

Years User accuracy (%) Producer accuracy (%) Overall
Water BIt/ Frs Gras Agric Water BIt/ Frs Gras Agric aceurac
Brl Brl
r r %)
1991 99 94 91 90 91 100 95 91 90 90 91.36
2002 98 97 93 96 94 100 99 93 91 96 95.13
2017 100 99 96 95 94 100 100 91 88 99 96.47
2023 99 99 94 94 96 100 99 100 95 92 97.34

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land

4.1.1.3 Urban expansion dynamics and sprawl

It has been proven that there is an intimate relationship between urbanisation and
land use dynamism, with increased urbanisation leading to significant changes in land
use types and a more diversified land use distribution over time. Over the past three
decades, built-up development in terms of residential as well as commercial purposes
has significantly impacted urbanisation in DAGL and GAMA. The density of built-
up areas varies from the city centre to the periphery, as depicted in Figure 4.4. The
periphery has gradually transformed into sporadic residential buildings,
demonstrating how cities typically develop around a central core characterised by
dense concentrations of residential areas, historical and cultural sites, administrative
buildings, hospitals, and commercial establishments. New developments generally
expand outward from the city centre, resulting in declining urban density; high
density concentrated at the core, while lower densities are found at the periphery.

Contributing factors to this trend include high land prices, and scarcity in the city

core.
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Figure 4.4: Density of built-up area over DAGL and GAMA

Over the years, as shown in Table 4.11 and Table 4.12, the built-up area has expanded
gradually across all quadrants: 7 quadrants (Q1, Q2, Q3, Q4, Q14, Q15, and Q16) in
DAGL and 8 quadrants (Q1, Q2, Q3, Q12, Q13, Q14, Q15, and Q16) in GAMA. The
overall Urban Expansion Intensities index (UEII) ranges from 1.05 % to 1.92 % indicating
rapid urban expansion for both DAGL and GAMA. Moreover, the Shannon’s entropy
value in the two metropolitan areas almost equal to 1, revealing a dispersed urban area.
Quadrant Q16 and Q14 in DAGL, both exhibited rapid growth between 1986 and
2001 and from 2015 to 2023 respectively. As illustrated in Figure 4.5, urban
expansion is particularly evident in the northwest part of the city, where the Agoe-
Nyive municipality and its districts Aflao Gakli, Aflao Sagbado, Vakpossito,
Zanguera, and Agoe-Nyive located in the peri-urban areas, are experiencing
significant growth. Table 4.5 presents the UEII for DAGL across various years. The
UEII values for quadrants Q14 and Q15 from 1986 to 2001 ranged from 1.05 and
1.92 indicating high-speed expansion in these areas, whereas medium-speed

expansion was observed in quadrants Q1, Q2, and Q3. From 2001 to 2015, similar
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high-speed expansions were noted in quadrants Q14 and Q15 while low expansion
rates were recorded in Q16. Between 2015 and 2023, very high-speed expansion
occurred in quadrants Q1, Q14, Q15, and 16 with moderate expansion noted in Q2,
Q3, and Q4. The Relative Shannon’s entropy for DAGL over the period from 1986

to 2023 is recorded at values of 0.76, 0.88, 0.92, and 0.95.
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Figure 4.5: Spatial orientation of urban expansion with gradient-direction in DAGL
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Table 4.11: The Built-up Area in Different Quadrants-wise Direction and UEII Value
from 1986 to 2023 in DAGL

Quadrants Built-up area (km?) Difference in Area UEII (%)
(km?)
1986 2001 2015 2023 1986- 2001- 2015- 1986 2001- 2015-
2001 2015 2023 - 2015 2023
2001

Ql 478  8.30 1541 2629 352 7.10 10.89 034 0.72 1.94

Q2 7.97 10.65 1594 17.82 2.68 528 1.88 0.54 1.14 0.71

Q3 1093 14.89 2246 25.11 396 7.57 2.65 0.57 1.18 0.72

Q4 21.34 26.51 29.81 31.54 5.16 3.30 1.73 1.04 0.71 0.66

Q14 1.06  8.89 16.87 3252 7.83 798 15.65 124 1.36 4.66

QI5 6.51 19.87 3348 5282 1336 13.61 1934 144 1.57 3.90

Ql6 1090 22.77 28.66 42.87 11.87 5.90 1420 092 049 2.06

In contrast to DAGL’s trends, GAMA shows a high rate of built-up area expansion in
the peri-urban areas and particularly towards the Nord-Est region where Kpone
Katamanso, Adenta Municipal, and Tema Metropolis are located. This expansion is
more pronounced in quadrant Q3 between 1991 and 2002 and in quadrant Q2 between
2002 and 2017 (Figure 4.6). Quadrants Q1 and Q14 recorded the highest growth rates
between 2017 and 2023. The rapid urban expansion observed in quadrants Q15 and
Q16 between 1986 and 2015 indicates significant peri-urbanisation activity.
According to Table 4.6 detailing the UEII for GAMA, values exceeding 1.92 were
recorded in quadrants Q2, Q3, Q12, and Q13 from 1991 to 2002, indicating a very
high-speed urban expansion during this period. High-speed expansions were also
observed in quadrants Q15 and Q16, while medium-speed expansion occurred in
quadrants Q1 and Q14.

From 2002 to 2017, very high-speed expansion was noted in quadrants Q2 and Q12;
high-speed expansion occurred in quadrants Q1, Q3, Q15, and Q16; medium-speed
expansion was recorded in quadrant Q14; and slow expansion was observed in

quadrant Q13. From 2017 to 2023, all quadrants experienced very high-speed
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expansion, only quadrant Q3 demonstrated high speeds of expansion. The relative
Shannon's entropy for GAMA ranges from values of 0.82, to 0.96 between 1991 and

2023, revealing a scattered urban region.
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Figure 4.6: Spatial orientation of urban expansion with gradient-direction in GAMA

Tables 4.13 to 4.20 present the built-up area coverage in DAGL and GAMA across
various distances and quadrants from 1986 to 2023 and from 1991 to 2023
respectively. Over the years, in DAGL, there is a clear trend of increasing built-up
areas, particularly in closer buffers (2 km to 10 km), indicating significant urban
expansion. Quadrant 4 (Q4) consistently shows the highest built-up coverage,
suggesting it is a focal point for development. In contrast, some quadrants like Q14
exhibit minimal growth, especially at greater distances, reflecting uneven

urbanisation patterns.
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Table 4. 12: The Built-up Area in Different Quadrants-wise Direction and UEII Value

from 1991 to 2023 in GAMA

Quadrants Built-up area (km?) Difference in Area UEII (%)
(km?)
1991 2002 2017 2023 1991- 2002- 2017- 1991- 2002- 2017-
2002 2017 2023 2002 2017 2023
Ql 11.16 3530 80.57 136.84 24.15 4526 56.28 1.04 143 445
Q2 748 59.49 131.40 16829 52.01 7191 36.89 221 224 288
Q3 3932 134.69 188.20 202.29 9537 53.51 14.09 4.00 1.64 1.08
Q12 12.75 3223 6295 73.81 1947 30.73 10.86 2.04 236 2.09
QI3 12.87 39.85 50.03 83.34 2699 10.18 3331 2.01 056 4.55
Q14 1796 4148 75.67 132.55 23.51 34.19 56.88 0.75 0.80 3.34
QIl5 18.33 53.97 101.31 14135 35.64 47.33 40.04 1.69 1.64 3.48
Ql6 13.14 38.17 6445 8496 25.03 26.28 20.51 1.61 124 241

In GAMA, there is a clear trend of increasing built-up areas, particularly in the closer

buffers (2 km to 10 km), indicating significant urban expansion. Quadrant 3 (Q3)

shows substantial growth, especially in the years 2002 and 2017, reflecting its role

as a key development area. In contrast, some quadrants like Q12 exhibit more modest

increases, suggesting uneven urbanisation patterns.
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Table 4. 13: Built-up Area Coverage per Buffer per Direction in DAGL in 1986

Dista

Area_built-up

e 2 4 6 8 10 12 14 16 18 20 22 24 26 28
(Km)
Ql 05 23 07 04 01 03 00 0 O O O O O0 O
9 4 9 6 9 9 05
Q2 05 21 31 16 02 02 0 0
3 3 4 6 7
Q3 07 17 28 29 18 07 00 0 O O O
7 1 5 7 5 6 2
Q4 07 23 33 36 27 25 2 21 16 06
6 2 2 2 7 1 5
Q14 04 01 0 02 01 00 0O O O
2 8 5 8 2
Q15 06 13 09 22 12 00 0 O O O
1 6 9 6 4 4
Ql6 06 22 15 27 07 18 10 00 00 O O O
2 7 2 4 7 5 1 7 4

Table 4. 14: Built-up Area Coverage per Bufter per Direction in DAGL in 2001

Area_built-up

Dista 2 4 6 8 10 12 14 16 18 20 22 24 26 28
nce
(km)
Ql 05 21 08 06 1.6 20 01 00 O 0.0 0.1 O 0 0
9 9 8 2 8 2 6 05 1
Q2 06 21 32 24 1.7 03 0 0
5 8 3 6 1 9
Q3 07 19 27 36 34 16 06 00 O 0 O
2 3 4 6 6 6 1 7
Q4 07 23 35 37 31 31 31 31 23 11 0
7 1 1 6 5 5 6 8 9
Q14 05 01 0 1.3 31 33 03 0 0
5 7 9 2 3
Q15 06 14 14 53 64 34 08 02 00 O
8 3 2 1 9 7 2 01
Qle 06 22 17 35 38 60 31 12 01 0 O 0 0.0
9 4 3 4 2 8 7 9 6 06
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Table 4. 15: Built-up Area Coverage per Buffer per Direction in DAGL in 2015

Area_built-up

Dista 2 4 6 8 10 12 14 16 18 20 22 24 26 28
nce

(km)

Ql 06 22 07 09 33 39 1.1 13 00 00 06 01 0.0 0.0
9 9 8 4 8 6 3 6 04 31 3 2 09 25
5
Q2 06 23 35 36 48 07 0.0 0.0
1 1 2 9 5 7 59 99
Q3 07 18 29 47 50 24 28 13 03 0 O
8 6 9 6 8 2 8 3
Q4 07 23 37 41 3.0 30 31 38 37 18 0
8 4 2 6 2 8 9 3 4
Ql4 05 0.1 O 1.3 41 54 43 0.7 0.0

5 9 5 6 5 6 1 88

Q15 06 15 15 53 69 78 59 31 05 0.0
7 1 5 9 1 3 2 5 04

Qlé6 06 21 19 37 41 7.1 49 33 03 0.0 00 00 0.1
7 4 1 3 9 3 9 8 46 17

Table 4. 16: Built-up Area Coverage per Buffer per Direction in DAGL in 2023

Area_built-up

Dista 2 4 6 8 10 12 14 16 18 20 22 24 26 28
nce

(km)
Q1 06 23 19 15 41 47 30 26 02 1.1 23 08 06 0.0
9 6 4 5 9 3 3 4 2 1 1 1 5
Q2 06 23 35 40 58 1.1 1.1 0.1
2 3 4 2 1 8 7
Q3 0.7 19 31 49 57 27 30 20 06 0.0 0.0
8 2 8 3 8 6 8 1 04 11
5

Q4 07 23 37 43 30 32 34 38 39 25 0.1
8 5 9 5 8 8 1 5 9 2
Q4 05 0.1 O 1.5 47 73 83 7.7 20
4 9 5 2 2 6 7 2
Ql5 06 15 17 54 70 83 9.0 93 85 1.1
4 1 6 5 1 2 6 5 4
Ql6 06 21 25 42 49 80 75 67 32 04 1.1 05 06
7 9 8 4 3 1 4 7 4 1 2
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Table 4. 17: Built-up Area Coverage per Buffer per Direction in GAMA in 1991

Area_built-up

32“;‘““ 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40
m
Ql 0.52 225 3.84 159 0.54 021 0 1.93 0.13 0.15 0 0 0 0 0 0 0 0 0
Q2 049 045 134 1.80 1.28 135 0.55 005 0 0.04 0 0 0.12 0 0 0 0 0 0
Q3 0.70 1.53 1.56 1.73 0.85 040 2.63 154 047 063 0.78 3.68 112 7.68 3.10 021 030 024 0.05
Q12 0.59 1.59 3.72 3.55 2.01 044 020 025 0.11 0.04 0.13 0.09
Q13 0.64 223 390 399 191 0.14 0.01 0.04 0 0 0 0 0 0 0 0 0 0
Ql4 0.77 235 3.82 526 542 034 0.00 0 0 0 0 0 0 0 0 0 0 0 0 0
Q15 0.79 226 3.83 547 558 034 0.01 0 0.03 0.02 0 0 0 0 0 0 0 0 0
Q16 0.79 233 3.73 4.05 143 052 029 0 0 0 0 0 0 0 0

Table 4. 18: Built-up Area Coverage per Buffer per Direction in GAMA in 2002

Area_built-up

a‘;g‘““’ 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40
Ql 06 22 38 33 12 12 21 77 59 52 09 10 0.1 0 0 0 0 0 0
Q2 0.6 09 17 27 4 66 83 95 85 38 16 24 38 31 12 07 001 0 0
Q3 08 19 29 33 53 83 10 116 10 96 59 85 16. 16 13 6 29 1.7 0.1
Q12 07 18 39 42 23 11 27 27 16 21 6.1 28
Q13 07 22 39 45 38 71 82 506 09 03 19 09 03 0 0 0 0 0
Ql4 0.76 234 3.80 534 695 840 7.54 2.06 122 192 025 034 047 001 0 0O 0 0 0 0
Q15 0.76 2.09 3.77 545 7.06 7.66 833 4.05 141 502 427 291 091 030 0 0O 0 0 0
Q16 08 23 37 41 29 69 64 528 43 1.1 0.1 0 0 0
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Table 4. 19: Built-up Area Coverage per Buffer per Direction in GAMA in 2017

Area_built-up

?‘Stanc 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40
(km)
Ql 0. 3. 3. 2. 2. 43 10. 10. 11. 96 97 37 21 06 04 03 0. O.
6 8 94 51 55 0 95 92 74 7 3 3 7 9 5 4 16 07
Q2 0. 2. 3.5 7. 96 11. 11. 10. 14. 10. 12. 13. 11. 59 0.1 0. O.
65 43 57 14 9 4 27 41 77 07 61 11 01 4 6 7 13 06
Q3 0. 3. 3. 5 8 10. 11. 12. 13. 11. 12. 18. 19. 18. 17. 11. 6. O.
71 07 8 77 42 11 63 8 11 58 76 64 57 34 57 67 34 18
Q12 0. 3. 4. 1. 2. 47 85 93 99 12. 33
57 91 05 78 55 6 2 5 8 53 8
Q13 0. 3. 4. 4. 8 96 67 29 15 31 17 04 01 00 00 02 0
63 92 71 00 11 2 1 1 1 9 5 6 0 2 9 1
Ql4 0. 3. 5 6. 8 10. 10. 93 63 23 29 22 14 09 06 06 0. 0. 0.
75 82 37 94 39 01 68 7 6 4 4 1 5 3 3 2 32 12 11
Q15 0. 3. 5 7. 8 98 10. 10. 11. 10. 94 38 43 23 05 00 0 0
76 91 46 07 32 8 8 01 79 65 3 7 2 9 0 2
Q16 0. 3. 4. 4. 8 83 88 12. 72 30 1.1 01 00 0.0
7

\O

72 63 07 12 4 6 04 3 4 3 3 1 2
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Table 4. 20: Built-up Area Coverage per Buffer per Direction in GAMA in 2023

Area_built-up

Dista
nce 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40
(km)
Ql 06 23 39 45 29 32 54 11. 12. 13. 15. 15 11. 11. 7.6 59 37 33 1.1
8 1 1 3 9 0 9 75 62 99 02 68 70 23 9 1 2 1 5
Q2 06 14 28 41 53 84 10. 11. 12. 11. 16. 13. 13. 18. 19. 14. 33 0.6 0.0
8 3 8 9 2 9 04 67 28 54 16 59 14 28 55 97 1 8 5
Q3 06 2.1 36 39 65 86 10. 11. 13. 14. 13. 14. 19. 20. 19. 18. 13. 74 02
8 0 2 9 3 0 20 78 20 35 35 74 17 46 61 68 16 1 4
Q12 07 20 39 49 35 37 55 93 10. 11. 13. 3.5
2 2 3 1 1 0 1 3 59 91 70 7
Q13 07 22 39 53 51 83 10. 7.5 32 37 12. 88 44 27 19 1.1 08 0.0
4 8 3 3 9 6 08 4 0 5 82 9 7 5 4 2 3 2
Q14 07 23 38 54 69 84 10. 11. 10. 82 7.2 11. 12. 11. 10. 7.8 27 09 04 03
6 6 9 5 9 9 18 13 23 1 8 78 00 53 01 3 2 9 1 0
Q15 07 21 39 54 70 83 99 11. 12. 13. 15. 15. 10. 12. 75 28 05 0.0 0.0
9 6 3 8 8 8 4 31 79 91 79 67 47 44 7 5 7 4 4
Ql6 07 23 39 50 44 84 9.1 10. 13. 12. 97 41 09 02 0.1
9 6 0 7 4 0 4 06 32 35 8 2 1 1 6
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4.1.2 Distribution and variation in the provision of selected ecosystem services in

DAGL and GAMA.

4.1.2.1 Carbon storage and sequestration

Changes in Land Use and Land Cover have a significant impact on terrestrial ecosystems
and the services they offer. These services include the ability to store carbon, whose
changes may affect climate change worldwide. Using the InVEST (Integrated Valuation
of Ecosystem Services and Trade-offs) model, this study analyses spatially the carbon
storage capacity in two West African metropolitan areas, the DAGL and GAMA from
1986 to 2023 and 1991 to 2023 respectively. The results of the model, as shown in Figure
4.7, indicate that in DAGL, high carbon storage was historically concentrated in
the eastern districts of Baguida, Adetikope, Legbassito Togble, and Be Est during
the 1986 baseline period, driven by dense vegetation cover in these areas. However, this
capacity has declined significantly from 2001 to 2023 due to the expansion of built-up
areas towards the city’s periphery, which has fragmented natural habitats and
reduced vegetative biomass. In contrast, In GAMA, elevated carbon storage was
observed in 1991, primarily in the western districts (GA South, GA West, GA North)
and Weija-Gbawe, as well as in the northern part of Accra metropolis, where Achimota
Forest serves as a critical carbon sink. While these regions retained some carbon
through 2023, their carbon stocks have diminished due to vegetation loss and urban
expansion, particularly in peri-urban zones where agricultural and forested lands are
being converted into residential and commercial developments.

In the metropolitan area of DAGL, the result in Table 4.21 indicates a significant decline
in total carbon storage from 3,604,852 Mg of C in 1986 to 1,955,549 Mg of C by 2015,

and to 1,367,113 Mg of C by 2023.
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Figure 4.7: Carbon storage map in DAGL and GAMA

Initially carbon storage was heavily influenced by forested areas (1,751,758 Mg of C) and
agricultural lands (1,140,615 Mg of C), which contributed substantially to the total carbon
stock. However, in 2001, there was a notable reduction in carbon storage across all
categories. This suggests an urbanisation trend that may have replaced natural landscapes
with built structures. The most alarming decline occurred between 2001 and 2015, where
carbon storage dropped sharply due to the loss of forest and grassland carbon stocks. The
negative values in indicate that carbon storage per square unit has decreased significantly
over time, reflecting potential land degradation or unsustainable land use practises.

In contrast, the GAMA area shows an initially high total carbon storage of 16,574,522
Mg of C in 1991 (Table 4.21), primarily driven by significant forest carbon stocks
(9,721,759 Mg of C) and grassland contributions (5,236,995 Mg of C). However, this
figure declined dramatically over the years, reaching only 4,120,702 Mg of C by 2023.
The substantial drop in total carbon storage 1is particularly evident

between 2002 and 2017, where total carbon storage fell from 11,974,261 Mg of

86



Cto 7,513,407 Mg of C, indicating severe losses likely due to land use changes or
deforestation. Similar to DAGL, GAMA also exhibits negative values in carbon value
suggesting that the area is experiencing a net loss of carbon stocks per square unit over
time.

The result on carbon storage and sequestration across different LULC types from 1986 to
2023 over DAGL reveals significant trends and changes (Figure 4.8, Figure 4.9). In
particular, forests have experienced a dramatic decline in carbon storage, dropping from
approximately 1,751.758 Mg of Cin 1986 to 251.673 Mg of Cin 2023. Grasslands
initially increased their carbon storage from 712.477 Mg of C in 1986 to 894.521 Mg of
C in 2001 but then faced a significant decline to 238.276 Mg of C by 2023. Agricultural
land shows fluctuations as well; while it decreased slightly from 1,140.615 Mg of C in
1986 to 1,053,123 Mg of C in 2001, it then increased to 1,370.690 Mg of C by 2015

before dropping again to 877.164 Mg of C in 2023.

Carbon storage per LULC type in DAGL and GAMA
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Figure 4.8: Carbon storage per LULC type over DAGL (1986 to 2023) and GAMA
(1991 to 2023)
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Table 4. 21: Carbon Stored and Sequestered in DAGL and GAMA and Carbon Stored per LULC Type

Area Year Carb_wat Carb_blt Carb_Frst Carb_gras Carb_Agric Tot Carb Tot Carb sqs
MgofC) (MgofC) (MgofC) (MgofC) MgofC) stor (Mg of (Mg of C)
9)
1986 1.35 0 1,751,758 712,477 1,140,615 3,604,852
2001 1.35 0 615,259 894,521 1,053,123 2,562,906 -1,041,945
DAGL 2015 0 0 293,604 398,911 1,263,034 1,955,549 -607,357
2023 0 0 251,673 238,276 877,164 1,367,113 -588,436
1991 0 0 9,721,759 5,236,995 1,615,769 16,574,522
GAMA 2002 0 8 5,776,686 2,185,372 4,012,195 11,974,261 -4,600,261
2017 0 7.42 2,863,565 2,082,909 2,566,925 7,513,407 -4,460,854
2023 0 0 692,181 489,386 2,939,135 4,120,702 -3,392,704

Carb_wat carbon stored in water, Carb_blt carbon stored in built-up, Carb_Frst carbon stored in forest, Carb_gras carbon
stored in grassland, Carb_Agric carbon stored in agricultural land, Tot Carb stor total of carbon stored, Tot Carb sqs total of
carbon sequestered
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Figure 4.9: Carbon sequestration per LULC type over DAGL

The result on carbon storage and sequestration across different LULC types in GAMA
reveal significant trends from 1991 to 2023 (Figure 4.8, Figure 4.10). Forest areas
experienced a dramatic decline in carbon storage from 9,721,759 Mg of Cin 1991
to 692,181 Mg of C in 2023, with total losses amounting to approximately 3,945,072 Mg
of Cbetween 1991 and 2002 and continued losses in subsequent years. Similarly,
grasslands saw a decrease from 5,236,994 Mg of C in 1991 to 489,386 Mg of C by 2023,
with total losses of about 3,051,623 Mg of C from 1991 to 2002 and further declines
thereafter. In contrast, agricultural land showed an increase in carbon storage
from 1,615,769 Mg of C in 1991 to 2,939,1345 Mg of C by 2023, indicating a net gain

despite fluctuations.
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Figure 4.10: Carbon sequestration per LULC type over GAMA

4.1.2.2 Urban cooling and heat mitigation

Figure 4.11 illustrates the change in Heat Mitigation Index from 2001 to 2023 in DAGL

and from 2002 to 2023 in GAMA.

Urban cooling

GAMA HMI: Heat Mitigation Index
HMI 2002 | v 2017 | |:2°23

Figure 4. 11: Heat mitigation index in DAGL and GAMA
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The heat mitigation index (HMI) showed a decreasing pattern, indicating a gradual
decline in the heat-mitigation capacity of both regions. Spatially, low-HMI areas
increased, clustering around built-up zones, while high-HMI areas diminished over time
in both DAGL and GAMA. Consistent with the HMI trends, the cooling capacity also
decreased in both regions, dropping from 0.60 in 2001 to 0.30 in 2023 in DAGL and from
0.65 in 2002 to 0.25 in 2023 in GAMA (Table 4.13). In parallel, the average temperature
rose from 26°C in 2001 to 29.5°C in 2023 in both DAGL and GAMA (Table 4.22). The

increase in average temperature is directly correlated with the decline in cooling capacity.

Table 4.22: Average Cooling Capacity and Average Temperature over DAGL and

GAMA
Area Year Average cooling Average
capacity (cc) Temperature

2001 0.6 26.5

DAGL 2015 0.45 28
2023 0.3 29.5
2002 0.65 25.5

GAMA 2017 0.4 27.5
2023 0.25 29

In DAGL, the coolest areas in 2001 were located in the peripheral districts of Aflao-
Sagbado, Zanguera, Legbassito, Adetikope, Togble, Be-Est, Be-Ouest, and Baguida,
primarily due to the dense vegetation in these areas. However, this cooling capacity has
significantly declined from 2015 to 2023, with the most notable reductions observed
in Aflao-Gakli, Zanguera, and Legbassito. This decline correlates with the loss of
vegetation and the expansion of built-up areas, which inherently have low cooling
capacity. In GAMA, the coolest areas in 2002 were similarly located in the peripheral

regions, including the GA districts (GA South, GA West, GA North), as well as parts of
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the northern Tema municipality, such as Kpone-Katamanso and Lankwantanang-

Madina, and the northern Accra metropolis, where the Achimota Forest served as a key

cooling zone. From 2017 to 2023, these areas have experienced a reduction in cooling
capacity due to increased residential and commercial construction, leading to significant
vegetation loss. The patterns observed in both regions highlight a strong link between
urbanisation and reduced cooling effects. The expansion of built-up areas at the expense

of green spaces diminishes natural cooling capacities, exacerbating urban heat island

effects.

4.1.2.3 Flood Risk Mitigation

Figure 4.12 provides a spatial distribution of runoff retention volum in cubic metres (m?)

in DAGL and GAMA.
DAGL Flood risk Mitigation
1986 2001 2015 2023
Runoff_retention Runoff_retention Runoff_retention Runoff_retention
volum_m3 volum_m3 _ volum_m3 volum_m3
& 101.155 &> 52.47 d | 55.296 i 64.29
i, 5.392 : 5.211 ' 5.229 . 5.278

GAMA

_ 1991 , 2002 _ 2017 _ 2023
Runoff_retention Runoff_retention Runoff_retention Runoff_retention
volum_m3 volum_m3 volum_m3 volum_m3

74.257

~ | 74.399 63.543 82.244
5.229 3 5.186 2 5.359

Figure 4.12: Runoff retention in DAGL and GAMA

92



In DAGL, from 1986 to 2023, the lowest runoff retention capacity was observed
in densely built-up areas and the marshy zones of Zio Valley, encompassing parts
of Togble, Adetikope, and Be-Est. These areas experienced reduced infiltration due to
impervious surfaces and waterlogged soils. Conversely, regions with vegetative
cover exhibited the highest runoff retention capacity, demonstrating the critical role of
green spaces in mitigating surface runoff through enhanced infiltration and

evapotranspiration.

Similarly, in GAMA, densely constructed areas showed the least runoff retention
from 1991 to 2023, driven by impervious surfaces that limit soil permeability and
accelerate runoff generation. The highest retention capacity was historically observed in
the GA districts (GA South, GA West, GA North) and the northern Accra metropolis,
where the Achimota Forest acted as a natural retention buffer. However, this capacity has
diminished over time, likely due to urban expansion into vegetated and forested zones,

which reduced permeable surfaces and disrupted natural hydrological pathways

Table 4.23 provide the model output for the two metropolitan areas including the runoff

retention indices (in percentage) and the runoff retention volum in cubic metres.

Table 4.23: Runoff Retention Value in DAGL and GAMA

Area Year Runoff retention Runoff retention
index (Ri) (%) (m?)

1986 2.00 29,098,483
2001 242 17,808,795

DAGL 2015 2.24 17,287,791
2023 2.01 17,908,270
1991 14.74 85,027,128

GAMA 2002 12.52 71,504,417
2017 12.76 58,952,304
2023 9.66 57,500,096
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In the metropolitan area of the DAGL, like shown in table 4.23, the runoff retention
index has remained relatively low, fluctuating between 2.00 % in 1986 and 2.42 %
in 2001, before decreasing to 2.01 % by 2023. The total volume of runoff retained

showed a significant decline from 29,098,483 m? in 1986 to around 17,908,270 m? in

2023. A similar pattern is observed in GAMA, where the Ri decreases from 14.74 %
in 1991 to 9.66 % in 2023, and Runoff Retention declines from 85,027,128 m? to

57,500,096 m® during the same period.

4.1.3 Relationship between urban expansion and ecosystem service provision in the

selected metropolitan areas DAGL and GAMA.

4.1.3.1 Pearson correlation analysis

The correlation matrix (Figure 4.13) for DAGL reveals significant relationships between
urban expansion metrics and ecosystem services. A strong positive correlation (0.97)
exists between Urban Area and Population Density, indicating that larger urban areas
tend to have higher population density. Conversely, both Urban Area and Population
Density show strong negative correlations with Carbon Storage (-0.97 and -0.92,
respectively), suggesting that increased urbanisation is associated with a decrease in
carbon storage capacity, likely due to habitat loss and reduced vegetation. Additionally,
there is a very strong negative correlation between Urban Area and Urban Cooling (-
0.99), indicating that larger urban areas experience less cooling effect, potentially
exacerbating urban heat island effects. The correlation between Urban
Cooling and Carbon Storage is notably high (0.99), highlighting the role of vegetation in
providing both cooling benefits and carbon sequestration. In contrast, Flood Risk
Control shows weak correlations with the other variables, suggesting that it may not be

directly influenced by urban expansion or population density.
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Figure 4. 13: The correlation matrix for DAGL

The correlation matrix (Figure 4.14) for GAMA illustrates strong correlation among
urban expansion metrics and ecosystem services. A very highly positive correlation
(0.9742) between Urban Area and Population Density indicates that larger urban areas
are associated with higher population density. Conversely, both Urban
Area and Population Density exhibit strong negative correlations with Carbon Storage (-
0.99 and -0.96, respectively), suggesting that as urbanisation increases, the capacity for
carbon storage significantly decreases, likely due to the loss of green spaces and
vegetation. Additionally, there is a substantial negative correlation between Urban
Cooling and both Urban Area (-0.99) and Population Density (-0.96), indicating that
denser and larger urban environments tend to experience reduced cooling effects, which
can exacerbate heat island effects. The relationship between Carbon Storage and Urban

Cooling is notably strong and positive (0.99), emphasising the role of vegetation in
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providing both carbon sequestration benefits and cooling effects. Furthermore, Flood
Risk Control shows strong negative correlations with urbanisation metrics, indicating a
potential trade-off where increased urbanisation may lead to challenges in managing
flood risks effectively. Overall, these results highlight the complex dynamics between

urban development and ecosystem services.
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Figure 4. 14: The correlation matrix for GAMA

4.1.3.2 Geographically Weighted Regression (GWR)

The model provides valuable insights into the spatial relationships between urban
expansion and environmental factors like carbon storage and heat mitigation index, using
NDVI and NDBI as a predictor in DAGL (Table 4.24), and GAMA (Table 4.25). The
spatial correlation between urban expansion and ecosystem services in DAGL, as
revealed by the GWR model, highlights several key trends and implications for ecological

management. For carbon storage, the correlation with NDVI increased significantly over
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time, from 0.41 in 1986 to 0.92 in 2023, indicating that vegetation cover became a
stronger predictor of carbon storage. Similarly, the correlation with NDBI surged from
0.14 in 1986 to 0.91 in 2023, suggesting that urban expansion gradually became as
influential as vegetation in explaining carbon storage patterns. This implies that built-up
areas replaced high-capacity carbon storage ecosystems over time, contributing to their

degradation.

In the case of urban cooling capacity, NDVI remained a strong predictor, peaking at 0.96
in 2023, confirming vegetation's critical role in cooling. The correlation with NDBI also
increased dramatically from 0.18 in 2001 to 0.92 in 2023, indicating that urban
infrastructure may have contributed to reduced cooling capacity. However, for runoff
retention capacity (flood risk mitigation), initially strong correlations in 1986 decreased
over time. By 2023, R? values for NDVI increased slightly to 0.36, and for NDBI to 0.32,
suggesting that the predictors (vegetation and urban area) lost explanatory power over
time, and other factors may dominate runoff retention capacity. These trends highlight
that urban expansion’s ecological impact is service-specific: while vegetation loss and
built-up growth jointly explain carbon storage and urban cooling degradation patterns,

runoff retention appears less directly linked to these factors in the DAGL.

The AICc (corrected Akaike Information Criterion) values in the table evaluate the
performance of Geographically Weighted Regression (GWR) models for different
ecosystem services. Lower AICc values indicate better model fit. For carbon storage,
NDVI models show improving fit over time, with lower AICc values than NDBI models.
In the reduction of urban cooling capacity, NDVI models have exceptionally good fits,
especially in 2023, while NDBI models are less effective. For runoff retention capacity,

NDVI models generally perform better than NDBI models, though with less strong fits
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compared to other services. Overall, NDVI tends to be a more effective predictor than

NDBI across these services.

Table 4.24: GWR Analysis Results for DAGL

Ecosystem services Year Indices AICc R? (adjusted)
1986 NDVI 69.39 0.41
NDBI 73.17 0.14
2001 NDVI 45.53 0.77
Carbon storage NDBI  58.69 0.36
2015 NDVI  30.35 0.92
NDBI 40.31 0.84
2023 NDVI  29.51 0.92
NDBI 26.50 0.91
2001 NDVI -13.35 0.64
Urban cooling NDBI 7.72 0.18
2015 NDVI -16.81 0.88
NDBI -4.52 0.75
2023 NDVI -29.45 0.96
NDBI -24.96 0.92
1986 NDVI 82.80 0.84
Flood risk mitigation NDBI 93.91 0.84
(Runoff retention) 2001 NDVI 58.27 0.56
NDBI 67.42 0.16
2015 NDVI 58.71 0.30
NDBI 62.57 0.28
2023 NDVI 59.75 0.36
NDBI 60.04 0.32

AICc (corrected Akaike Information Criterion)

In GAMA (Table 4.16), for carbon storage capacity, the correlation with NDVI remained
high, ranging from 0.95 in 1991 to 0.76 in 2023, indicating that vegetation cover was a
strong predictor of carbon storage. Similarly, the correlation with NDBI was also high,
from 0.93 in 1991 to 0.78 in 2023, suggesting that urban expansion played a significant
role in explaining carbon storage degradation patterns. The NDVI was a strong predictor,
with a pick at 0.96 in 2023, confirming vegetation's critical role in cooling. The

correlation with NDBI also increased dramatically from 0.43 in 2001 to 0.90 in 2023,
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indicating that urban infrastructure may also have contributed to reducing cooling
capacity over time. However, for runoff retention capacity, the correlations with both
indices decreased over time, with R? values for NDVI dropping to 0.59 and for NDBI to
0.72 by 2023. This suggests that traditional predictors (vegetation and urban areas) lost
explanatory power over time, and other factors may dominate runoff retention
degradation dynamics. These trends highlight that urban expansion’s ecological impact
is service-specific: while vegetation loss and built-up growth jointly explain carbon and
cooling degradation patterns, runoff retention (flood risk mitigation) appears less directly

linked to these factors in GAMA.

The AICc (corrected Akaike Information Criterion) values in the table evaluate the
performance of Geographically Weighted Regression (GWR) models for different
ecosystem services. Lower AICc values indicate better model fit. For carbon storage,
NDVI models show improving fit over time, with lower AICc values than NDBI models.
In the reduction of urban cooling capacity, NDVI models have exceptionally good fits,
especially in 2023, while NDBI models are less effective. For runoff retention capacity,
NDVI models generally perform better than NDBI models, though with less strong fits
compared to other services. Overall, NDVI tends to be a more effective predictor than

NDBI across these services.

Both DAGL and GAMA exhibit service-specific impacts of urbanisation, where
vegetation loss and built-up growth jointly explain carbon storage and urban cooling
degradation patterns, while runoff retention appears less directly linked to these factors.
Additionally, NDVI is a strong predictor for carbon storage and urban cooling in both
regions, highlighting vegetation's critical role in these services. Over time, the predictive

power of NDVI and NDBI for runoff retention capacity decreases in both regions,
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suggesting other factors become more influential. The findings underscore the need for

sustainable urban planning to mitigate ecosystem service degradation.

Table 4.25: GWR Analysis Results for GAMA

Ecosystem services Year Indices AlCc R? (adjusted)
1991 NDVI 77.72 0.95
NDBI 96.75 0.93
2002 NDVI 72.17 0.93
Carbon storage NDBI 76.70 0.94
2017 NDVI 73.72 0.87
NDBI 82.71 0.87
2023 NDVI 64.51 0.76
NDBI 62.55 0.78
Urban cooling 2002 NDVI -41.56 0.71
NDBI -36.95 0.43
2017 NDVI -52.13 0.82
NDBI -38.79 0.65
2023 NDVI -79.81 0.96
NDBI -83.37 0.90
1991 NDVI 119.77 0.94
Flood risk mitigation NDBI 147.21 0.87
(Runoff retention) 2002 NDVI 112.91 0.93
NDBI 105.07 0.96
2017 NDVI 110.39 0.86
NDBI 112.54 0.88
2023 NDVI 115.05 0.59
NDBI 105.82 0.72

AICc (corrected Akaike Information Criterion)

4.2 Discussion
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The results show a significant change in the landscapes of DAGL and GAMA, driven by
urban expansion, population growth, and migration. These factors have collectively
reshaped land use patterns in both regions. Furthermore, the rising population growth

leads to an increased consumption rate of land and intensified urban expansion.

In DAGL, the verdant environment that was observed in 1986 has gradually degraded,
with a huge proportion converted into construction land due to rapid urbanisation and
increasing population density. This change occurred in the peripheral areas in the
northern part of DAGL. As the population grew, so did the demand for housing and
commercial spaces. Additionally, migration from rural areas to urban centres in
search of employment intensified pressure on land resources leading to the loss of
natural habitats. This observation is supported by Somadjago et al. (2020), who noted
the absorption of hamlet and village, farming and woodland into the expanding urban
area. These findings is also supported by Blakime et al. (2024) who revealed the
increase in built-up areas due to the construction in the floodplain of Zio River to the
detriment of vegetation and cultivated areas. Interestingly, despite this urban growth,
agricultural land increased between 2001 and 2015 at the expense of grassland and
forest. This trend reflects ongoing agriculture practises within urban settings and a
rising demand for food, corroborated by Amouzoukpo (2021), who reported an
increase in arable land in Agoenyivé, DAGL’s second prefecture, between 2001 and

2019.

In contrast, GAMA, has experienced notable degradation of its grassland and forest
landscapes since 1991 due to economic development and urbanisation. The region
has seen considerable, rural-urban migration which has increased the demand for
housing and industrial space, transforming previous lush green belts into built-up

zones. Research by Addae and Oppelt, (2019); Asabere ef al. (2020) and Devendran
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and Banon (2022) supports these findings by highlighting landscape fragmentation
and the conversion of vegetated land into urban environments. Similar findings have
also been reported by Osei et al. (2013); Toure et al. (2020) and Kleemann et al.
(2017). Furthermore, Puplampu and Boafo (2021) pointed out a significant decrease
in green spaces within the city. The expansion of the agricultural land from 1991 to
2002 aligns with the report from the Ghana MoFA (2018), which indicated an increase
in agricultural areas over pasture and grassland due to government policies promoting
urban and peri-urban agricultural development. The overall finding on the
development of built up environments in DAGL and GAMA is confirmed by the
research of Barman et al. (2024) in Jalpaiguri urban agglomeration, West Bengal, India;

and the one of Tessema and Abebe, (2023) in Hawassa City in Ethiopia.

Regarding urban expansion analysis, it was observed expansion within the peri-urban
zone in the cities, especially towards the northwest part of DAGL and in the
northeastern and north-western parts of GAMA. Factors including high cost of rental in
the urban core, affordability of land for housing production in the peripheral area, account

for this expansion.

In terms of the intensity of urban expansion, over the past three decades, DAGL has
experienced high-speed to very high-speed urban expansion, particularly in quadrants
Q14 and Q15. This expansion is, primarily driven by the national road RNS5, which
connects the northwest suburbs to the city of Kpalimé. Affordable land and housing in
areas like Aflao Gakli, Vakpossito, Zanguera, and some parts of Legbassito have attracted
populations from the city centre. This supports Somadjago et al. (2020)’s hypothesis that

housing accessibility is a major factor in DAGL’s expansion. Additionally, Q14 includes
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Sagbado, a border area between Togo and Ghana, where migration is prevalent,
contributing to its significant population size in Grand Lomé (INSEED, 2022). Between
2015 and 2023, quadrants Q1 and Q16 have also experienced very high-speed expansion,
with areas like Agoe-Nyive, Togblekope, and Adeticope emerging as new urban hubs due
to their proximity to the national road RN1 and the establishment of commercial and
industrial facilities (Hetcheli et al., 2017). For instance, Adeticope is viewed as a stable
location for property investment and industrial development, with nearly 90% of its
buildings being modern. The Industrial Platform of Adétikopé (PIA) exemplifies this
trend as a major multi-sector economic development project aligned with the National
Development Plan (PND, 2018-2022). This area has also become the main focus for the
implementation of major public-private urban and property development projects, such
as the Well-City project, which aims at improving the city's infrastructure, services, and

liveability.

In contrast, quadrants Q2 and Q3 show moderate urban expansion due to the challenges
posed by Zio valley in the eastern part of the city; water stagnation and seasonal flooding,
making this area unsuitable for residential construction (Amouzoukpo, 2021; Blakime et
al., 2024). Meanwhile, the coastal area of Grand Lomé in Q4, exhibits moderate urban
expansion, but maintains a significant concentration of built-up areas due to Togo’s major
port and its location along the Abidjan-Lagos corridor, a critical transport road for trade

and economic development in West Africa.

Similarly, GAMA experienced very high-speed urban expansion between 1991 and 2002
in quadrants Q2, Q3, Q5, Q12, and Q13, indicating peri-urbanisation in its peripheral
areas. Major transportation roads linking the city centre to northeastern and western parts
of GAMA have facilitated routine commuting while contributing to massive regional

expansion (Owusu, 2013). In quadrant Q12, the very high expansion from 1991 to 2017

103



is attributed to the population increases in Weija-Gbawe Municipality, driven by built-up
facilities and an industrialised economy (Adu-Boahen et al., 2023). Expansion in
quadrant Q2 is largely due to the spillover effect from Tema and Ashaiman, meanwhile
quadrant Q3’s growth is driven by a high concentration of migrants seeking employment
in industrial sectors and administrative institutions (Akubia and Bruns, 2019). The
findings align with Agyemang et al. (2017), who noted significant built-up expansion
toward Kpone-Katamanso to the east and Weija-Gbawe to the west. The low-speed urban
expansion observed in quadrant Q13 from 2002 to 2017 result from flooding caused by
overspills of Weija Dam (Owusu-Ansah et al., 2019). Quadrant Q14’s very high urban
development between 2017 and 2023 further emphasises Ga South as emerging

urbanisation hotspot within GAMA (Agyemang et al., 2017).

The above findings are consistent with other studies suggesting that peri-urban
development in Africa tends to follow major highways, which is usually an opportunity
for residents to set up home-based and roadside businesses (Doan and Oduro, 2012). This
is also confirmed by the research of Haldar ef al. (2024) in Durgapur Municipal

Corporation in West Bengal in India.

The spatial patterns of urban expansion in DAGL and GAMA reveal a growing trend
towards urban sprawl, characterised by low-density development extending into peri
urban areas. This is further evidenced by the rise in the relative Shannon’s entropy values
in both regions, which indicate increasing urban fragmentation and a more scattered
distribution of built-up areas. This often results in inefficient land utilisation, with a
significant conversion of natural land cover. Such sprawl patterns are not unique to DAGL
and GAMA but are a common trend observed in various cities. For instance, similar

patterns are experienced in the city of Kanpur in India (Aswal et al., 2018) and Riyadh,
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the capital of Saudi Arabia (Rahman, 2016). Additionally, the Sekondi—Takoradi
metropolitan assembly in Ghana has also experienced urban sprawl, with significant
impacts on land use and land cover dynamics, as noted by Biney and Boakye (2021).
Several factors may account for this sprawling growth, but major contributory factors are
the improved transportation networks in the two cities that link them to other regions and
informal growth and development, which is commonly observed in developing countries
(Xu et al., 2019). Moreover, research indicates that informal settlements often emerge as
a response to housing shortages driven by migration, leading to urban sprawl
characterised by low-density growth and inadequate infrastructure (Seto et al., 2011).
Furthermore, the spread of such action threatens natural habitats and can threaten urban
food security due to reduced agricultural land. This trend is compounded by the limited
effectiveness of existing laws and policies aimed at regulating urban expansion and
protecting natural resources. Despite these regulatory frameworks, the pace of
urbanisation continues to outstrip the capacity of governance structures to manage its
impacts effectively. As a result, there is a pressing requirement for enhanced policy
enforcement and innovative planning approaches that prioritise environmental

sustainability alongside economic growth.

The results demonstrated that the expansion of the built-up areas exerts a demonstrably
negative impact on Ecosystem Services (ESs) within both metropolitan regions,
exhibiting spatial and temporal heterogeneity over the years. These findings align with
a broader body of research confirming ESs losses due to urban expansion (Sun et al.,
2018; Herrero-Jauregui et al., 2019; Yuan et al., 2019; Yi et al., 2023; Hailu ef al., 2024;
Yushanjiang et al., 2024). This degradation stems primarily from the conversion of

original ecological land, such as forests, grasslands, and agricultural areas, into
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construction sites. This land use transformation fundamentally compromises the capacity

of these ecosystems to provide essential services.

As a direct consequence of this urban encroachment and ecological conversion, a parallel
decline in carbon storage capacity is observed across both metropolitan areas. The work
of Hailu et al. (2024) in Addis Ababa, Ethiopia, reported a significant decline in the value
of climate regulation services, with key drivers in that region including rapid
population growth and rural-urban migration trends that mirror the trends in DAGL
and GAMA. This is further corroborated by Sun et al. (2018), who reported a decline
in ESs, including carbon storage, in the Atlanta Metropolitan area, USA, emphasising
the importance of forest management for carbon sequestration. However, it is
important to note that the relationship between urban sprawl and ESs is not always
straightforward. As demonstrated by Li ef al. (2021) in Changchun, China, some ESs can
increase (the example of carbon storage) despite urban sprawl due to improvements in
land management practices. This highlights the importance of considering local context
and specific management strategies when assessing the impacts of urban expansion on

ESs.

The observed decline in both Heat Mitigation Index (HMI) and the cooling capacity
within both regions indicate a diminishing ability of the landscape to provide cooling
benefits over time, likely driven by increased urbanisation and vegetation loss. This
suggests that as built environments expand, the cooling effects from green spaces become
less effective. This trend aligns with the findings of Wu ef al. (2024) in Yangzhou City,
China, who also revealed a downward trend in HMI and cooling capacity, with low-value
zones clustered around central urban areas coinciding with rapid urbanisation. This is
further corroborated by Hu et al. (2023), who found that HMI was significantly higher

in suburban areas than in urban centres due to differences in surface features (for
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example, albedo and heat capacity) population and building density. The correlation
between the increase in average temperature and the decline in cooling capacity
demonstrates how urbanisation contributes to higher temperatures in urban areas.
This trend reflects the urban heat island effect, where cities experience significantly
warmer temperatures than their rural surroundings due to human activities and land

cover changes.

The overall decline in runoff retention capacity in both DAGL and GAMA likely
reflects the loss of vegetated areas and the expansion of impervious surfaces due to
urbanisation. As vegetation is replaced by buildings and roads, the land's ability to
intercept rainfall, promote infiltration, and reduce runoff is compromised, thereby
increasing the potential for surface water accumulation and flooding. This finding is
corroborated by several studies. Li et al. (2018) revealed that urbanisation in
Shenyang, China, led to increased runoff volume due to a reduction in runoff
retention capacity in the inner urban area. Similarly, Bose and Mazumdar (2023)
revealed a reduction in the average runoff retention capacity in the densely urbanised
Kolkata City, West Bengal state (India), making the area extremely vulnerable to
flooding. In North America, Sun ef al. (2018) showed that the expansion of impervious
surfaces in Atlanta metropolitan areas increased flood risk due to the fragmentation of
green space and biodiversity loss. Conversely, studies in Hanoi City by Kefi et al. (2018)
accentuated that increased green infrastructure substantially reduced flood damage.
These trends are consistent with findings indicating a significant negative correlation
between carbon density and urbanisation, particularly in developing areas, where
substantial increases in urban land significantly impact carbon storage (Li et al.,

2021).
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Moreover, the spatial correlation between urban expansion and ecosystem services
highlights the complex impacts of urbanisation on natural environments. Urban
expansion often leads to the replacement of high-capacity carbon storage ecosystems
with built-up areas, contributing to reduced carbon sequestration capabilities (Chen
et al., 2023). This trend is also consistent with broader research indicating that
urbanisation compromises ecosystem services, particularly through soil sealing and
the expansion of impervious surfaces, which disrupt regulating services like
temperature regulation and water runoff management (Eigenbrod., 2011; Tobias,
2012). For urban cooling capacity, both vegetation loss and urban infrastructure
growth are critical predictors, emphasising the role of green spaces in mitigating heat
island effects (Tobias, 2013; Yuan et al., 2019). However, for runoff retention, the
influence of urban expansion and vegetation loss appears less direct, suggesting other
factors such as drainage infrastructure potentially dominating. This is supported by
Razaei et al. (2019) who highlighted the significant impact of urbanisation on runoff
generation, emphasising that changes in land use and impervious surfaces alter
hydrological processes. However, they also noted that urban catchment
characteristics, such as drainage infrastructure, play a crucial role in runoff response.
This suggests that while urban expansion affects runoff, the specific design and
functionality of drainage systems can significantly influence runoff retention and

management.
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4.3 Major Findings

The following summarises the key findings of this study;

The study finds out that there is a significant change in the LULC of the two
metropolitan areas DAGL and GAMA, characterised by a decline in forest, grassland
and agricultural land over the study period, while the built environment expanded
significantly from 18 % to 62 % in DAGL (1986 to 2023) and from 10 % to 70 % in
GAMA (1991 to 2023), indicating substantial urban expansion. The urban expansion
occurred predominantly towards the northwest in DAGL and in both north-east and
north-west in GAMA of which the fragmented development is supported by a relative

Shannon's entropy value close to 1.

In terms of ecosystem services, the study also finds out that the urban sprawling
activities, has significantly diminished the distribution of ecosystem services in both
regions over the study period, resulting in a decline in carbon storage capacity, Heat

Mitigation Index (HMI), cooling capacity, and runoff retention capacity.

More so, the study finds out a strong correlation between urban expansion metrics
and ecosystem services in both DAGL and GAMA. However, it's also noted that the
runoff retention service in GAMA may be influenced by factors beyond urbanisation

metrics.

Additionally, based on the GWR results, NDVI is a strong predictor for carbon
storage and urban cooling in both regions, highlighting vegetation's critical role in
these services. However, the predictive power of NDVI and NDBI for runoff
retention capacity decreases in both regions over time, suggesting other factors

become more influential.
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CHAPTER FIVE

5.0 CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion

This study investigates the implications of urban expansion for ecosystem services
provision in two metropolitan cities the District Autonome du Grand Lomé (DAGL) and
Greater Accra Metropolitan Area (GAMA). It focuses on critical ecosystem services such
as carbon storage, flood risk control, and urban cooling, areas that have not been
thoroughly evaluated in previous studies despite their importance in mitigating climate

change impacts in rapidly growing cities.

The findings indicate that both DAGL and GAMA have experienced significant urban
growth over the years, from 18 % to 62 % in DAGL between 1986 and 2023 and from 10
% to 70 % in GAMA from 1991 to 2023. This urbanisation has led to a decrease in natural
vegetation and green spaces within these cities. Forest cover in DAGL fell from 24 % in
1986 to 3 % by 2023, and from 34 % in 1991 to 2 % in 2023 in GAMA. Grasslands also
saw significant reductions, from 22.09 % to 7.38 % in DAGL and from 42 % to 4 % in
GAMA. Agricultural land decreased from 35,36 % to 27.12 % while increase from 12 %
to 21 % in GAMA. Directional analyses reveal that urban expansion predominantly

occurred towards the northwest in DAGL and in both northeast and northwest in GAMA.

Consequently, the identified ecosystem services, carbon storage, urban cooling, and
flood risk control have been degraded. In the DAGL the total carbon storage significantly
declined from 3,604,852 Mg of C in 1986 to 1,367,113 Mg of C by 2023. Similarly, in
the GAMA, carbon storage dropped from 16,574,522 Mg of C in 1991 to 4,120,702 Mg
of C by 2023. The cooling capacity also decreased in both regions, dropping from 0.60 in

2001 to 0.30 in 2023 in DAGL and from 0.65 in 2002 to 0.25 in 2023 in GAMA. In both
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DAGL and GAMA, the runoff retention decreased from 29,098,483 m3 in
1986 t0 17,908,270 m? in 2023, and from 85,027,128 m? in 1991 to 57,500,096 m? in
2023. A negative correlation (Between -0.96 and -0.99) was observed between urban
metrics and ecosystem services in both metropolitan areas, suggesting that as urbanisation
increases, the capacity of these ecosystems to provide essential services declines. These
findings align with global trends indicating that urban expansion significantly impacts

ecosystem services.

5.2 Recommendations

The following are recommended based on the major findings of the study:

5.2.1 Recommendations on policy improvement

Afforestation programmes are inevitable in both cities if the two countries will not fail in
their national determined contributions (NDC) COP28 to limit temperature rise to 1.5
degrees Celsius by the end of this century and avoid the worst impacts of climate change

like severe droughts, heat-waves and flooding.

The Ministry of Urban Planning, Housing, and Living Environment (MUHRF) in Togo
and the Land Use and Spatial Planning Authority (LUSPA) in Ghana should urgently
start to adopt mixed land use and vertical development while also applying integrated

environmental management.

To enhance the effectiveness of Togo’s Decree 67 228 on town planning and its National
Housing Strategy, as well as Ghana’s Land Use and Spatial Planning Act, 2016 and its
National Housing Policy, there is a need for a paradigm shift from the customary
landowner’s control of development that proliferate informal settlements to government
agencies adopting zoning ordinances, planning, and building code regulations.
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Discriminant proposal development plan approval and taxes should be adopted to
discourage development in reserve areas while encouraging development in other parts
of the metropolises. This will help in redirecting the urban morphology and Urban Heat
Island (UHI). To key into the global crusade on climate change mitigation and adaptation,
there is the need to consciously integrate climate change measures into urban planning
and development (Goal 13), and promoting the sustainable use of terrestrial ecosystems,

reversing land degradation and biodiversity loss (Goal 15).

The significant loss of ecosystem services calls for the governmental agencies to promote
urban agriculture, networks of parks and green corridors, and integrating green
infrastructure into building design. The stakeholders from the Ministry of Environment
and Forest Resources (MERF) and the National Environmental Management Agency
(ANGE) in Togo, as well as the Environmental Protection Agency (EPA), an arm of the
Ministry of Environment, Science, Technology, and Innovation (MESTTI) in Ghana, must
focus on mitigating environmental degradation and adapting to climate change for urban

resilience and sustainability.

5.2.2 Recommendations on performance improvement

Under business-as-usual scenario, where population continue to grow and resource
consumption intensifies in both cities, there is urgent need for implementing nature-based
solutions, such as reforestation and urban greening with native plant species, to enhance
runoff retention and mitigate flood risk, thereby improving the cities' liveability.
Furthermore, encouraging community participation in urban planning processes is
essential to ensure that developments meet local needs, minimise resource depletion, and
increase awareness of ecological importance. Communities should also be encouraged to

adopt nature-based solutions, including education on protecting and restoring natural
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areas. These ecosystems offer valuable protection against heat waves, erosion, and

flooding, and their preservation should be prioritised.

5.3 Contributions to Knowledge

The study reveals significant land use and land cover (LULC) changes in the two
metropolitan areas, DAGL and GAMA, characterized by declines in forest, grassland,
and agricultural land over the study period. Meanwhile, the built-up environment
expanded substantially, increasing from 18% to 62% in DAGL (1986-2023) and from
10% to 70% in GAMA (1991-2023), reflecting pronounced urban expansion. This
expansion primarily occurred toward the northwest in DAGL and in both the northeast
and northwest in GAMA, with the fragmented development pattern confirmed by a
Shannon's entropy value close to 1. This imply that urban sprawl has significantly
diminished ecosystem services in both regions, resulting in declines in carbon storage,
heat mitigation, cooling capacity, and runoff retention. For instance, carbon storage
decreased from 3.6 million Mg in 1986 to 1.4 million Mg in 2023 in DAGL, and from
16.6 million Mg in 1991 to 4.1 million Mg in 2023 in GAMA. Runoff retention indices
also dropped considerably, alongside a halving of cooling capacity from 2000 to 2023,
correlating with rising average temperatures. Furthermore, a strong negative correlation
was found between urban expansion metrics and ecosystem services in both metropolitan
areas. These findings underscore the adverse impacts of urban sprawl on ecosystem
functions and highlight the urgent need for coordinated land-use planning and the

integration of nature-based solutions to foster sustainable urban development.
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APPENDICES

Appendix A: Ecosystem services models

Models Bref Advantages Disadvantages
description
Artificial Open-source Useful to quantify flows of  Time consuming models
Intelligence for modelling the services to beneficiaries. requiring technically
Ecosystem framework to Models incorporate an specialised skills. Models
Services map ecosystem  uncertainty measure in its have a low level of
(ARIES) service flows; estimates done through generalisation (specific
online interface ~ Bayesian networks and application at particular
and stand-alone ~ Monte Carlo simulation social-ecological contexts)
web tools under
development
Multiscale Open-source Integrated dynamic sand Time consuming models
Integrated dynamic interactions among services. requiring technically
Models of modelling Values emerge from trade-  specialised skills. Models
Ecosystem system for offs and impacts on human  have a low level of
Services mapping and well-being. Incorporate an ~ generalization
(MIMES) valuing uncertainty measure in its
ecosystem estimates
services
Social Values  ArcGIS toolbar ~ SolVES allows for the Data Dependency,

for Ecosystem
Services
(SolVES)

CoS$tingNature

The Ecosystem
Service Trade-
off Analysis
(ESTA)

for mapping
social values for
ecosystem
services based
on survey data
or value transfer

Web-accessible
tool to map
ecosystem
services and
conservation
priority areas
Framework
including GIS
tools and
modelling
techniques that
are often
available in
open-source

integration of spatial and
nonspatial data to provide a
holistic view of social
values.

The model incorporates
public preferences

It generates intuitive maps
that illustrate the

distribution of social values.

Rapid analysis of indexed,
bundled services based on
global data, along with
conservation priority maps.
Models have a high level of
generalisation

Models developed using
best available data for a
region. Include direct and
indirect interactions among
services. Any number of
services can be assessed
simultaneously

Social values are
inherently subjective,
making it difficult to
quantify them consistently
across different contexts.

Models require high
resolution biophysical and
socio-economic data that is
only available in few
countries

Time consuming models
requiring technically
specialised skills and data-
rich contexts
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Appendix B: Ecosystem services models “continuation”

Models Bref description Advantages Disadvantages

EcoServ Geographic Provides detailed maps The model requires
Information that illustrate the extensive spatial datasets
System (GIS) distribution of ecosystem It does not quantify the
application services actual impact or value of
designed for The model allows for the each ecosystem service,
mapping evaluation of multiple The effectiveness of the
ecosystem ecosystem services model may vary depending
services at simultaneously on the spatial scale of
country or application
regional scales.

Benefit cost-benefit Saves time and resources  Accuracy Concerns, the

Transfer and
Use
Estimating
Model
Toolkit

analyses, damage
assessments, and
regulatory impact
evaluations

by utilising existing data
instead of conducting new
valuation studies.

It allows for rapid
assessments of ecosystem
service values

The model can be adapted
to various contexts and
types of ecosystem
services, making it
versatile for different
applications.

validity of transferred
values can be questionable
if the study and policy sites
differ significantly in
ecological, social, or
economic characteristics.
Reliance on existing studies
may lead to gaps in data or
biases if the original studies
are not representative of the
new context.
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Appendix C: Maps with ground truth for LULC classification
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(a): Spatial locations for the reference data collection of DAGL and GAMA

Appendix D: The biophysical parameters used for the InVEST urban cooling model

lucode LULC _name green_area Kece shade albedo
1 Water_bodies 1 1 0.1 0.1
2 Built-up/Bareland 0 0.3 0.2 0.15
3 Forest 1 1 0.9 0.3
4 Grassland 1 0.65 0.5 0.2
5 Agriculture 1 0.6 0.3 0.2
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Appendix E: Additional parameters submitted to the InNVEST Urban cooling model for

DAGL

Parameter Value Reference

Reference air temperature 27°C Togolese Meteorological
office

Magnitude of the UHI effect 3.12°C Global surface UHI explorer

Air blending distance 500 m Model recommended value
range from 500 m to 600 m

Maximum cooling distance 450 m Model recommended value

Appendix F: Additional parameters submitted to the InVEST Urban cooling model for

GAMA

Parameter Value Reference

Reference air temperature 26.8°C Ghana Meteorological
Agency

Magnitude of the UHI effect 3.50°C Global surface UHI explorer

Air blending distance 500 m Model recommended value
range from 500 m to 600 m

Maximum cooling distance 450 m Model recommended value

Appendix G: Curve numbers for a combination of LULC types and Hydrological soil
group used in InVEST urban flood mitigation model.

LULC Curve numbers for hydrological soil group
CN_A CN. B CNC CN_D
Forest 36 60 73 70
Grassland 49 69 79 84
Agricultural land 64 75 82 85
Water bodies 0 0 0 0
Built-up/bare-land 77 85 90 92
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Appendix H: User, producer accuracies, commission and omission errors for the
different classified images for DAGL

(a) Year 1986

Frs Gras Agric Water BIt/Brl Total CE UA

Frs 600 40 20 0 15 675 0.11 0.89
Gras 20 420 28 0 5 473 0.11 0.89
Agric 15 20 420 0 5 460 0.09 0.91
Water 0 0 0 90 0 90 0 1.00
Bit/Brl 0 5 10 0 140 155 0.10 0.90
Total 635 485 478 90 165 1853

OE 0.06 0.13 0.12 0 0.15

PA 0.94 0.87 0.88 1 0.85

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land, CE
commission errors, OE omission errors, UA user’s accuracy, PA producer’s accuracy

(b) Year 2001

Frs Gras  Agric Water BIt/Brl Total CE UA
Frs 300 25 15 0 0 340 0.12 0.88
Gras 26 500 20 0 0 546 0.08 0.92
Agric 20 35 530 0 10 595 0.11 0.89
Water 1 0 0 80 2 83 0.02 0.96
BIt/Brl 0 9 10 0 420 439 0.02 0.96
Total 347 569 575 80 432 2003
OE 0.14 0.11 0.08 0 0.03
PA 0.86 0.88 0.92 1 0.97

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land, CE
commission errors, OE omission errors, UA user’s accuracy, PA producer’s accuracy

(c) Year 2015

Frs Gras  Agric Water BIt/Brl Total CE UA
Frs 201 10 10 0 0 221 0.09 0.91
Gras 24 340 10 0 0 374 0.06 0.91
Agric 9 35 564 0 3 611 0.077  0.92
Water 0 0 0 75 2 77 0 0.97
BIt/Brl 0 10 5 0 650 665 0.008  0.98
Total 234 395 589 75 655 1948
OE 0.14 0.11 0025 0 0.005
PA 0.86 0.86 0.96 1 0.99

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land, CE
commission errors, OE omission errors, UA user’s accuracy, PA producer’s accuracy
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(d) Year 2023

Frs Gras Agric  Water BIt/Brl Total CE UA

Frs 180 9 6 0 0 195 0.077  0.92
Gras 7 220 12 0 0 239 0.079  0.92
Agric 5 13 400 0 1 419 0.045  0.95
Water 1 0 0 75 0 76 0.013  0.98
Bit/Brl 0 15 10 0 840 865 0.029  0.97
Total 193 257 428 75 841 1794

OE 0.067  0.14 0.065 O 0.001

PA 0.93 0.86 0.93 1 1

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land, CE
commission errors, OE omission errors, UA user’s accuracy, PA producer’s accuracy

Appendix I: User, producer accuracies, commission and omission errors for the different
classified images for GAMA

(a) Year 1991

Frs Gras Agric Water BIt/Brl Total CE UA

Frs 140 0 2 0 0 142 0 0.99
Gras O 364 0 10 14 388 0.06 0.94
Agric 0 1 710 60 10 781 0.09 0.91
Water 0 10 55 962 41 1068 0.10 0.90
BIt/Brl 0 7 15 36 583 641 0.09 0.91
Total 140 382 782 1068 648 3020

OE 0 0.05 0.09 0.10 0.10

PA 1 0.95 0.91 0.90 0.90

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land, CE
commission errors, OE omission errors, UA user’s accuracy, PA producer’s accuracy

(b) Year 2002
Frs Gras Agric Water BIt/Brl Total CE UA

Frs 160 2 1 0 0 163 0.01 0.98
Gras 0 723 0 9 10 742 0.01 0.97
Agric 0 0 560 30 15 605 0.07 0.93
Water 0 0 24 780 12 816 0.04 0.96
BIt/Brl 0 5 20 35 960 1020 0.06 0.94
Total 160 730 605 854 997 3346

OE 0 0.01 0.07  0.08 0.04

PA 1 0.99 0.93 0.91 0.96

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land, CE
commission errors, OE omission errors, UA user’s accuracy, PA producer’s accuracy

135



(c) Year 2017

Frs Gras Agric Wate BIt/Brl Total CE UA
r

Frs 150 0 1 0 0 150 0 1
Gras 0 1090 0 10 5 1105 0.005 0.99
Agric 0 0 349 10 5 364 0.041 0.96
Water 0 0 24 460 0 484 0.050 0.95
Bit/Brl 0 3 9 44 960 1016 0.055 0.94
Total 150 1093 382 524 970 3119
OE 0 0.003 0.086 0.103 0.010
PA 1 1 0.91 0.88 0.99

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land, CE
commission errors, OE omission errors, UA user’s accuracy, PA producer’s accuracy

(d) Year 2023

Frs Gras Agric  Water BIt/Brl Total CE UA
Frs 141 0 1 0 0 142 0.007  0.99
Gras O 1320 0 5 10 1335 0.011  0.99
Agric 0 0 339 9 6 254 0.059 0.94
Water 0 0 7 301 12 320 0.059 0.94
BIt/Brl 0 1 5 13 512 531 0.036  0.96
Total 141 1321 252 328 540 2582
OE 0 0.001 0.052 0.082  0.052
PA 1 1 0.95 0.92 0.95

BIt/Brl Built-up/Bare-land, Frs Forest, Gras Grassland, Agric Agriculture land, CE
commission errors, OE omission errors, UA user’s accuracy, PA producer’s accuracy
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