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ABSTRACT 
 

The tropical region of Africa is noted for high temperatures which has implications for comfortable 

and quality life with consequential impact on human health. Urban green spaces (UGB) are efficient 

in mitigating urban heat but a compassing study to understand the role of vegetation in reducing Land 

Surface Temperatures (LST) in the city of Accra is lacking. This research estimates how much 

greenness can be utilized to reduce LST and prevent rising urban heat island (UHI) effect. This study 

is based on both spatial, temporal and statistical analysis of LST and NDVI. Spatial analysis of UHI 

revealed high LST in the coastal areas and lower LST in areas up north where vegetation cover is high. 

Across the 25-year period (2021 to 2024) LST showed an increasing trend and NDVI an inverse trend 

by employing Mann-Kendall Analysis. For the year 2015, 2021 and 2024 mean LST observed were 

30.51°C, 35.60°C and 34.92°C respectively. Similarly, spatial results showed an equally spreading 

trend of LST values in major towns and cities, emphasizing the need for urban greening to reverse the 

trend. Peri-urban towns such as Dodowa and Big Ada showed lower LST compared to highly 

urbanised areas such as Nungua, La and Adabraka. Well planned areas such as Tema, Legon and East 

Legon showed moderate to low LST values. Trees had the highest NDVI and the lowest LST while 

built-up areas conversely showed the lowest NDVI and high LST respectively. Vegetated and non-

vegetated areas showed a varied range of LST, with Mean LST in non-vegetation area being 37.30°C 

and vegetation 33.32°C, further bolstering the role of greens in reducing high temperatures. Using a 

simple regression model, a moderate but strong inverse relationship between LST and NDVI was 

observed, using 2021 data. The equation showed a Coefficient of Determination (R²) of 0.57. The 

result suggests a strong influence of vegetation cover on LST, underscoring the need for afforestation, 

green roofing and urban parks in the region. Upon analysing the cooling potential of five urban green 

spaces, it was observed that two out of five have significant cooling potential. Legon Botanical Garden 

performed with a cooling potential of 4.1°C at 550m, followed by Achimota Forest at 3.3°C at the 

same distance. The weakest performer was the Efua Sutherland Childrens’  Park due to its small size 

and the presence of a highly built surrounding. Scenario analysis revealed that converting 80% of 

grassland into areas with a minimum NDVI of 0.27 could result in at least a 1°C decrease in land 

surface temperature, based on 2021 Landsat data. It is therefore important that green spaces are 

maximisation in urban development.  
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1. INTRODUCTION 

1.1. Background 

The rapid expansion of urban areas has resulted in a significant increase in Urban Heat Island 

(UHI), a phenomenon where the city’s land surface temperature (LST) is noticeably higher than 

its surrounding rural areas (Feyisa et al., 2014). UHI can be attributed to the widespread use of 

impervious surfaces such as concrete, pavements, and asphalts, which absorb, retain, and emit 

heat. Also, the size and form of urban areas have been proven to influence this effect (Zhou et 

al., 2017). In addition, the simultaneous reduction in green spaces, such as parks, street trees, 

forested pieces of land, and gardens, has contributed to the elevated temperatures being 

experienced in many cities in West Africa in recent times. Studies have shown that urban green 

spaces can significantly reduce surface temperatures by up to 2°C to 5°C compared to urban 

areas with minimal vegetation (Teferi & Abraha, 2017). The dynamics of urban heat in West 

Africa are hugely influenced by Land Use Land Change (LULC), seasonal variability, and 

recently, worsened by climate change. Between the period 1984 and 2016, 64.5% to 75.5% of 

green spaces were lost and this resulted in about 1 to 2 ◦C of temperature increase across the 

subregion (Owusu, 2018., Umar, n.d.). The average temperature in Accra has already been 

revealed to have risen above 1◦C compared to the 1960s (Awuni et al., 2023). There is a strong 

positive correlation between the mean land surface temperature (LST) and the density of 

impervious surfaces and a negative correlation with green spaces (X. Li et al., 2013; Estoque et 

al., 2017). From 1990 to 2020 there has been significant urban forest cover loss due to an 

increase in built and cultivated areas within five metropolitan areas across Ghana (Oppong et 

al., 2023).  Urbanization induced impacts are noted to be greater in humid climates, like Accra, 

than in arid regions (Li et al., 2023), a phenomenon that would be worsened by climate change 

(Andrade et al., 2023; Yang et al., 2023) if not addressed.  

Rising temperatures worsen and amplify the urban heat island phenomenon and lead to more 

frequent heat waves with more hot days and fewer cold days (Global Climate Change, n.d; 

Intergovernmental Panel on Climate Change (IPCC), 2022; Shi et al., 2024). Exposure to 

extreme heat events has been shown to worsen various long-term health conditions, resulting 

in higher rates of illness and death (Liu et al., 2022). Other studies consistently show that 

individuals with mental illness have been found to experience more severe morbidity and 

mortality outcomes when exposed to high temperatures over a single day, in comparison to 
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those without mental illness (Meadows et al., 2024). It has also been shown by Damte et al, 

(2023) that climate change impacts, including rising temperatures, exacerbate prevailing health 

conditions in slum areas, and rise in cases of vector-borne diseases in cities. These perturbations 

caused by urban heat in the city are likely to increase, especially considering climate change 

scenarios induced by anthropogenic activities (Yang et al., 2023). 

To mitigate urban heat, increase in the quantity and quality of urban green spaces (UGS) have 

proven to be an effective approach. To reduce UHI, ecosystem-based solutions such as the 

strategic use of natural elements, including green and blue infrastructure (GBI), create climate-

resilient and adaptable urban environments. These solutions not only provide regulating 

services like temperature regulation but also offer additional benefits like stormwater 

regulation, air quality improvement, and recreational spaces. Moreover, green spaces can 

enhance air quality, decrease noise, and contribute to overall human health and well-being 

(Pinto et al., 2023). Consequently, it is essential for Accra to prioritize the incorporation of 

green spaces into urban planning and architectural designs (Aram et al., 2019). This will not 

only address the problem of increasing temperatures but contribute significantly to the long-

term resilience and quality of life in the city. Integrating green spaces into urban development 

will reduce carbon emissions into the atmosphere and mitigate global warming and climate 

change (Oliveira et al., 2011). The amount of green space required to reduce urban heat in Accra 

is still yet to be researched.  

1.2. Problem Statement 

A study conducted in 2020 by Li et al in a similar tropical region found that the cooling effects 

of green spaces in urban areas were most pronounced during the hottest times of the day, this 

signifies the potential of green spaces to provide relief in urban areas experiencing extreme 

temperatures. However, the effectiveness of urban green spaces in cooling the environment in 

Accra, a rapidly urbanizing city, remains largely unexplored. 

1.3. Research Objectives 

Main Objective 

The primary objective of this study is to estimate how much greenness can reduce LST by at 

least a degree in the Greater Accra Region of Ghana. 
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1.3.1. Specific Objectives 

● To assess the best performing land cover data for studying LULC in the region. 

● To assess the spatial and temporal changes in LST and NDVI across various land cover 

types. 

● To perform a comparative assessment of temperature difference between green spaces 

and non-green spaces. 

● To assess the risk of climate change on heat stress under various shared socioeconomic 

pathways. 

● To make science backed recommendations for policy makers, urban planners and raise 

awareness on the implication of rising heat in our urban spaces. 

1.4. Research Questions 

● How do urban green spaces influence land surface temperature patterns in 

Greater Accra? 

● What is the relationship between green spaces, NDVI and temperature in 

Greater Accra? 

● How can the cooling potential of urban green spaces be quantified to 

mitigate urban heat in Greater Accra? 

● What amount of green space is required to reduce urban land surface 

temperature by a degree Celsius in Greater Accra? 

● How does heat pan out in the future under various climate change scenarios 

in the Greater Accra. 

● What are the implications of the study findings for urban planners, city 

managers, and policymakers in Greater Accra? 

1.5. Significance of the Study 

This research seeks to assess the relationship between urban green spaces and temperature 

dynamics in Accra, utilizing remote sensing data, observed temperature data, and spatial 

analysis techniques. The main objective is to find the amount of greenness necessary to reduce 

LST by at least a degree Celsius. By evaluating the cooling potential of green spaces this study 

seeks to provide valuable insights for urban planners, city managers, and policymakers to 
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incorporate green infrastructure in efforts to mitigate urban heat and improve the liveability of 

Greater Accra. 
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2. LITERATURE REVIEW 

2.1. Literature Review of Previous Studies 

In recent years, the study of green spaces, and their contribution to reducing urban temperatures, 

and human comfort, have received enormous attention (Peeters et al., 2020; Shashua‐Bar et al., 

2011). In a 2018 study, inhabitants interviewed held the belief that the decrease in plant life 

within Accra raises liveability issues, particularly concerning ecosystem functionality, 

increased temperatures, and air quality (Owusu, 2018). Other studies have been primarily 

focused on the influence of urban trees in improving air quality through the trapping of 

particulate matter (Mandal et al., 2023). The importance of green spaces in combating the 

impact of climate change in urban areas has been emphasized in many studies in Ghana (Nero 

et al., 2017; N-yanbini, 2023). However, very little study has been carried out to give concrete 

evidence of Urban Heat Island in the City. Gyima et al (2023) estimated the trend of Land 

Surface Temperature (LST) and Land Use Land Cover (LULC) and explored the impact on 

health and economic risks for the Greater Accra Metropolitan Area (GAMA). They concluded 

that the city is trading green spaces for heated surfaces (Gyimah et al., 2023). In 2020, 

Wemegah et al., mapped out UHI and its spatial extent and determined its impact on urban life 

using the Urban Thermal Field Variance Index (UTFVI). However, none of these studies 

estimated how much green space could reduce urban temperature. To inform urban planners 

better and optimize green spaces, our study aims to quantify the cooling effect of Accra’s urban 

green spaces and estimate the amount of green Above Ground Biomass (AGB) area that is 

necessary to reduce temperature by at least 1◦C, reducing climate change vulnerability and 

extreme heat events. 

Literature has established the relationship between green spaces and urban heat islands. The 

UHI effect created by the impact of sprawling urban growth can be mitigated through the 

utilization of green spaces as a promoter of the Cool Island Effect (Grilo et al., 2020) also 

known as Park Cooling Island (PCI). Contrary to UHI, the PCI is the phenomenon where the 

temperature is cooler within urban parks compared to that of surrounding areas. The PCI is a 

popular indicator that is used to characterize the cooling effect of urban green spaces on 

surrounding areas, with a strong correlation between PCI and air temperature (Chunming et al., 

2024). Both UHI and PCI are key factors influencing the microclimate of urban areas. 
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Normalized Differential Vegetation Index (NDVI) can be used to assess and estimate the 

ecological value of green spaces and is most popular used to detect green cover by multispectral 

analysis of remote sensing data (Budiyanti, 2015; Huang et al., 2021). NDVI is a dimensionless 

index that quantifies the amount of vegetation cover and health based on the difference in 

reflectance between near-infrared and red light. NDVI also known as the ‘greenness index’ 

positively correlates with vegetation greenness, thickness, and health. It usually has an index 

value ranging between -1 and 1. The value 1 corresponds to areas completely covered by 

vegetation and intermediate values correspond to areas with weak or green cover such as water 

bodies, snow, concrete, sand, etc. 

The rapid expansion of urban areas has resulted in a significant increase in Urban Heat Island 

(UHI), a phenomenon where the city’s land surface temperature (LST) is noticeably higher than 

its surrounding rural areas (Feyisa et al., 2014). UHI can be attributed to the widespread use of 

impervious surfaces such as concrete, pavements, and asphalts, which absorb, retain, and emit 

heat. Also, the size and form of urban areas have been proven to influence this effect (Zhou et 

al., 2017). In addition, the simultaneous reduction in green spaces, such as parks, street trees, 

forested pieces of land, and gardens, has contributed to the elevated temperatures being 

experienced in many cities in West Africa in recent times. Studies have shown that urban green 

spaces can significantly reduce surface temperatures by up to 2°C to 5°C compared to urban 

areas with minimal vegetation (Teferi & Abraha, 2017). The dynamics of urban heat in West 

Africa are hugely influenced by Land Use Land Change (LULC), seasonal variability, and 

recently, worsened by climate change. Between the period 1984 and 2016, 64.5% to 75.5% of 

green spaces were lost and this resulted in about 1 to 2 ◦C of temperature increase across the 

subregion (Owusu, 2018., Umar, n.d.). The average temperature in Accra has already been 

revealed to have risen above 1◦C compared to the 1960s (Awuni et al., 2023). There is a strong 

positive correlation between the mean land surface temperature (LST) and the density of 

impervious surfaces and a negative correlation with green spaces (X. Li et al., 2013; Estoque et 

al., 2017). From 1990 to 2020 there has been significant urban forest cover loss due to an 

increase in built and cultivated areas within five metropolitan areas across Ghana (Oppong et 

al., 2023).  Urbanization induced impacts are noted to be greater in humid climates, like Accra, 

than in arid regions (Li et al., 2023), a phenomenon that would be worsened by climate change 

(Andrade et al., 2023; Yang et al., 2023) if not addressed. 
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Increasing and optimizing green spaces in an ecosystem-based solution is one of the most 

effective measures to mitigate the urban heat effect. Green spaces can help to reduce the 

temperature of urban areas by providing shade, evapotranspiration, and a cooling breeze 

(Bowler et al., 2010). Ecosystem-based solutions for UHI involve the strategic use of natural 

elements, such as green and blue infrastructure (GBI), to create climate-resilient and adaptable 

urban environments. These solutions not only provide regulating services like temperature 

regulation but also offer additional benefits like stormwater regulation, air quality 

improvement, and recreational spaces. Moreover, green spaces can enhance air quality, 

decrease noise, and contribute to overall human health and well-being (Pinto et al., 2023). 

Consequently, it is essential for Accra to prioritize the incorporation of green spaces into urban 

planning and architectural designs (Aram et al., 2019). This will not only address the problem 

of increasing temperatures but contribute significantly to the long-term resilience and quality 

of life in the city. Integrating green spaces into urban development will reduce carbon emissions 

into the atmosphere and mitigate global warming and climate change (Oliveira et al., 2011). 

The amount of green space required to reduce urban heat in Accra is still yet to be researched. 

AGB can be estimated using both direct and indirect methods. Direct methods to estimate AGB 

are based on field measurements, which sometimes result in destructive processes to determine 

the biomass of each sample. Indirect methods utilize remote sensing techniques and have 

proven to overcome the disadvantages of direct measurement (Kelsey & Neff, 2014; Zhu & 

Liu, 2015; López-Serrano et al., 2019). According to Alegria (Alegria, 2023) there is a good 

relationship between NDVI and AGB which allows for estimation of green spaces in urban 

areas. High values of NDVI and AGB indicate areas with dense vegetation cover. 

This research seeks to assess the relationship between urban green spaces and temperature 

dynamics in the Greater Accra Region of Ghana, utilizing remote sensing data, observed 

temperature data, and spatial analysis techniques. Our main objective is to find the amount of 

green space necessary to reduce urban air temperature by a degree Celsius. By evaluating the 

cooling potential of green spaces this study seeks to provide valuable insights for urban 

planners, city managers, and policymakers to incorporate green infrastructure in efforts to 

mitigate urban heat and improve the liveability of Accra. 

Urban green spaces such as parks, gardens and forest reservations are essential to maintaining 

sustainable cities as they act as shading and propagate evapotranspiration, both important 

processes that mitigate urban heat island effect (Borsah et al., 2025). To quantify the cooling 
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effect of green spaces, various researchers have employed remote sensing techniques, spatio-

temporal analysis, and buffer analysis (Liu et al., 2022; Shi et al., 2024; Spronken-Smith & 

Oke, 1998). Buffer analysis involves creating concentric zones around the green space and 

measuring the change in LST at intermittent distances (Yu et al., 2017).  

2.2. Overview of Climate Change  

Climate change is expected to continue in an upward trajectory according to latest findings. 

Global warming, caused mainly by human activities through greenhouse gases emission, is 

expected to raise global surface temperatures further above 1.3 °C according to the latest 

Assessment Report (AR6). The year 2024 is the first on record to exceed 1.5°C above pre-

industrial era, a threshold set by IPCC as part of the Paris Agreement (Bevacqua et al., 2025). 

This will spell out widespread and rapid changes in weather patterns and climatic conditions 

across the globe (Calvin et al., 2023). 

The impact of these changes exposes over 3.6 billion people to multiple hazards. These highly 

vulnerable people continue to suffer from water and food insecurities, physical impact from 

extreme events such as floods, drought and storms, including extreme heat resulting in high 

human mortality (Tong et al., 2021). Key infrastructure, livelihoods, and human health have all 

suffered as a result of the observed climate change in metropolitan settings. 

In urban areas, hot extremes have peaked. Extreme and slow-onset events have weakened urban 

infrastructure, such as transportation, water, sanitation, and electricity systems, leading to 

socio-economic losses, and detrimental effects on well-being. The negative effects that have 

been observed are concentrated among urban dwellers who are socially and economically 

marginalised (Hsu et al., 2021). 

2.3. Climate Change Model 

Climate change modelling refers to the scientific practice of creating computer-based 

simulations to understand and predict the behaviour of Earth's climate system under various 

scenarios, particularly those influenced by anthropogenic factors such as greenhouse gas 

emissions. This discipline has gained significant prominence in the context of global climate 

change, as it provides essential insights for policymakers, researchers, and the public regarding 

future climate conditions and potential mitigation strategies. The evolution of climate models—

from early simplistic representations to today’s sophisticated simulations—reflects the growing 
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urgency to address climate change impacts on ecosystems and human societies (O’Neill et al., 

2014). The history of climate change modelling dates back to the mid-20th century when initial 

research laid the groundwork for more complex models. The introduction of powerful 

computers in the 1960s allowed scientists to transition from theoretical frameworks to practical 

simulations, resulting in General Circulation Models (GCMs) and Integrated Assessment 

Models (IAMs) that now underpin much of climate science. Modern climate models, including 

Earth System Models (ESMs), incorporate vast amounts of data and complex interactions 

among the atmosphere, oceans, and land, enabling researchers to project various climate 

scenarios based on historical trends and future emission trajectories.  

2.3.1. Climate Scenarios  

In the latest AR6, the Intergovernmental Panel on Climate Change (IPCC) of the UN analyses 

the results of climate models utilizing the Coupled Model Intercomparison Project Phase 6 6 

(CMIP6), including representations of physical processes and higher resolutions in comparison 

to CMIP5 generation of climate models. One of the most significant changes is the use of Shared 

Economic Pathways (SSPs) which include socioeconomic factors, instead of the previous 

Representative Concentration Pathways (RCPs)(Calvin et al., 2023). This new framework 

provides detailed pathways of society in the 21st century in response to climate change with 

regard to economic, technological, social and geopolitical pathways conditions. These 

narratives can assist policy makers and the scientific community in anticipating development 

routes for economic metrics like population growth and per capita GDP, as well as for 

greenhouse gas (GHG) to enable mapping of hazards to their society in a comprehensive, 

integrated way (Moss et al., 2010).  

 

The release of additional GHGs affects the atmosphere’s level of radiative forcing (a metric 

which describes the change in the Earth’s energy balance due to factors like greenhouse gases) 

and therefore the extent of global warming. SSP-based scenarios are referred to as SSPx-y, 

where ‘SSPx’ refers to the Shared Socioeconomic Pathway describing the socioeconomic 

trends underlying the scenarios, and ‘y’ refers to the level of radiative forcing (in watts per 

square metre, W/m² resulting from the scenario by the year 2100ⁱ (like in the RCP scenarios).  

2.3.2. Scenario Descriptions  

SSP1-/ RCP2.6: SSP1, known as the “Sustainability” or “Taking the Green Road” pathway, 

describes an increasingly sustainable world where global commons are preserved and the limits 
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of nature are respected. Here, the focus is more on human well-being than on economic growth 

and income inequalities between and within states are reduced. Consumption is oriented 

towards minimising material resource and energy usage. These efforts result in the net-zero 

CO₂ emissions target being reached by around 2075. The SSP1–2.6 scenario is associated with 

radiative forcing of 2.6 W/m² by 2100. 

 

SSP2-/ RCP4.5: SSP2, also called the “Middle of the Road” or medium pathway, extrapolates 

the past and current global development into the future. Income trends in different countries 

diverge significantly. Though there is a certain degree of cooperation between states, it barely 

improves. Global population growth is moderate, levelling off in the second half of the century. 

Environmental systems are somewhat degraded. CO₂ emissions remain around current levels 

until 2050, then decline but fail to reach net zero by 2100.  

 

SSP3-/ RCP7.0: SSP3, known as the “Regional Rivalry” or “A Rocky Road” pathway, sees a 

revival of nationalism and regional conflicts that push global issues into the background. 

Policies increasingly focus on questions of national and regional security. Over time, the gap 

widens between an internationally connected society that contributes to knowledge- and capital-

intensive sectors of the global economy, and a fragmented collection of lower-income, poorly 

educated societies that work in a labour-intensive, low-tech economy. Investments in education 

and technological development decrease. Inequalities worsen. Some regions suffer drastic 

environmental damage and CO₂ emissions are expected to double by 2100 compared to 2015. 

 

SSP5-/ RCP8.5: In SSP5, known as the “Fossil-Fuelled Development” or “Taking the 

Highway” pathway, global markets are increasingly integrated, leading to innovations and 

technological progress. This social and economic development, however, is based on an 

intensified exploitation of fossil fuel resources with a high percentage of coal use and the 

prevalence of energy-intensive lifestyles worldwide, leading CO₂ emissions to triple by 2075 

compared to 2015. 

 

As we circumvent the complexity of climate change, these scenarios will guide the science 

community and act as direction for policy formulation and decision-making. 
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3. RESEARCH DATA AND METHODOLOGY 

3.1. Description of Study Area 

3.1.1. Location 

The study was conducted over the Greater Accra Region of Ghana. The choice of study was 

based on the fact that Accra, the nation’s capital, most populated and industrialized city is 

located in this region of Ghana and the exact boundaries of the city keep changing with urban 

expansion. Accra is one of the fastest growing cities in Africa, according to the United Nations 

Human Settlements Programme (UN-Habitat) research 2022 report. The population of the 

region is estimated to be 5,455,692 in 2021 according to the Ghana Statistical Services. It has 

a high population density of 37522 persons per square mile, making it the smallest of the 

country's sixteen administrative regions (3,245 km2) and accounting for 1.4% of the total land 

mass. Map of study area is shown below in figure 3.1 

 

Figure 3.1: Map of the study area 
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3.1.2. Climatology 

Accra is situated within the coastal savannah ecological and dry equatorial climatic zones (see 

Fig. 1). Positioned along the southern coast of the Gulf of Guinea, it is situated in the coastal 

area of Ghana, within the latitudinal boundaries of 5.5500 ◦ to 5.9167 ◦N and longitudinal 

boundaries of 0.2500 ◦ to 0.4167 ◦W. According to research, Accra faces the threat of climate 

change with rising temperatures, flooding and rising sea levels (Yazdanie et al., 2024). In 2023, 

Awuni et al found out that average temperature in the city had already risen above 1◦C over the 

past four decades.  

Climatologically, the average yearly temperature in the region is 25 ◦C, with mean monthly 

temperatures varying between 22 ◦C and 33 ◦C (Wemegah et al., 2020). According to the same 

study by Wemegah et al, February and March experience the highest temperatures, averaging 

around 24 ∘C to 33 ∘C, while June to September sees cooler temperatures with an average range 

of about 22 ∘C to 29 ∘C. Being within the coastal region of Ghana, which experiences a bimodal 

rainfall pattern, Accra major rainfall season starts from March to July. The minor season begins 

in September and ends in November. It records an average maximum rainfall amount of 420mm 

(Addi et al., 2021) The end of the coastal zone's rainy season occurs between the second and 

third ten-day periods of October, and the duration of the rainy season ranged from 210 to 220 

days (Amekudzi et al., 2015). Then comes the dry season which begins usually from December 

till February (Osei et al., 2021).  It is usually cloudy throughout the wet season with partial 

cloudiness during the dry season. Generally, Accra, on the east, is the driest part of the coastal 

region of Ghana (Braimah et al., 2021). The average yearly precipitation in the area under study 

ranges from 740 mm to 890 mm (Manzanas et al., 2014). The primary vegetation zones of 

Accra encompass coastal lands such as wetlands and dunes, as well as shrublands and grassland. 

It is generally a flat plan with very limited areas of higher elevation. LST is known to decrease 

with increasing elevation (Peng et al., 2020; Phan et al., 2018) and must be considered in any 

study but this will not be the case in our study area. 

 

 

https://www.zotero.org/google-docs/?broken=bUIjzy
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3.2. Datasets  

The study utilized an array of data summarized in table 3.1 

3.2.1. Satellite products (L8 L2C2) 

Table 3.1: Description of Satellite Data used in the Study 

3.2.2.  Land Cover/Land Use (LULC) Products  

ESA World Cover 2021 Map (v200) for the Greater Accra Region was obtained from the 

European Space Agency Website and delivered in 4 tiles as Cloud Optimized GeoTIFFs 

(COGs) in EPSG:4326 projection (geographic latitude/longitude CRS). The tiles were merged 

in QGIS and clipped to our study area. Classification Accuracy assessment was performed using 

Semi-automatic Classification Plugin (SCP) in QGIS and the output is shown in the table below.  

 

Dynamic World Map 2021 for the Greater Accra Region was obtained from Google Earth 

Engine after signing up for its public data catalogue. The publicly available Java script was 

modified to incorporate our specific study area, duration and classification groups. Gray 

Data Spatial 

Resolution 

Temporal 

Resolution 

Source of Data 

Landsat 8 

OLI/TIRS 

30m 16 days U.S. Geological Survey (USGS)  

Landsat 9 

OLI/TIRS 

30m  8 days U.S. Geological Survey (USGS) 

MOD11A2  1 km 8days composite Moderate Resolution Imaging 

Spectroradiometer (MODIS) 

MODIS/061/MOD

13A2 

1 km 16 days Moderate Resolution Imaging 

Spectroradiometer (MODIS) 

ESA World Cover  10m annual ESA Climate Change Initiative 

(CCI) 

Dynamic World 

Land Cover 

10m 2-5 days Google Earth Engine 

Shapefile   Humanitarian Data Exchange  
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GeoTIFFS was reclassified in QGIS and classification accuracy analysis was performed using 

SCP plugin. Map layout is shown in figure 3.2. 

3.2.3. LULC: ESA Land Cover vs Dynamic World 

 

 

Figure 3.2: ESA World Class and DW 2021 classification maps of Greater Accra 

3.3. Methodology 

For this study, the overall workflow is divided into three tasks. The first task emphasizes the 

assessment of land cover data for the study area, calculation of LST and NDVI in QGIS and 

their variability across various land cover types. Spatial temporal evaluation of heat metrics and 

production of time series graphs followed. The last task is based on modelling the LST and 

NDVI relationship for the prediction of LULC using simple regression and building scenarios 

for LST reduction based on the relationship and scenarios of heat stress based on SSPs pathways 

using location risk intelligence tool.  
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3.3.1. Methodological flow chart 

The figure (Figure 3.3) below describes the steps used in the analysis. 

 

Figure 3.3: Methodological Flow  

3.4. Data Processing and Analysis 

In order to select the best dataset for our study, a quantitative comparative assessment was done 

to ascertain which LULC products most accurately classify our study area. This comparison 

was necessary given the number of publicly available LULC products (Duarte et al., 2023), 

where some products do underestimate or overestimate the real values of LULC in specific 

regions. For this study, two satellite data sets were considered for selection. These two data sets 

were chosen based on their ease of accessibility and no cost. Both datasets offer unique 

advantages and limitations, making it important to compare their spatial resolution, temporal 

frequency, data accuracy and specific characteristics that are relevant to study green spaces in 

the bustling city of Accra. Comparison between European Space Agency’s (ESA) World Cover 

map 2021 and Google’s Dynamic World 2021 was done to assess the accuracy of classification 

in order to select the best product for our study. The evaluation was done by calculating 

producer’s accuracy, user’s accuracy, and overall accuracy of these two products.  Spatial 

Resolution of ESA World Cover Map and Dynamic World Maps 
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3.4.1. Description, Accuracy Assessment and Validation of LULCs 

Description 

The ESA World Cover Map has global land cover data. This high resolution provides a detailed 

insight into urban green spaces but may be limited in areas with highly fragmented 

classifications.  Conversely, the Dynamic World Map relies on Google’s advanced machine 

learning models providing real time land cover data with higher spatial scale of quality. This 

technology enhances the detection of smaller green spaces within densely populated urban 

areas.  Below the main characteristics of both selected products are summarized. 

a. ESA WORLD COVER 2021: ESA World Cover Map 2021 at a 10-meter resolution is 

based on Sentinel-1 and Sentinel-2 constellations, provided over 10 land classes and 

delivered within the Coordinate Reference System (CRS) of regular latitude/longitude 

grid (EPSG:4326) with the ellipsoid WGS 1984. For the purposes of our study of the 

particular area the 8 classification groups (out of 11) were selected and shown in the 

table below (table 1). ESA World Cover Map is updated annually, making it ideal for 

long term studies but maybe limited for short term vegetation change monitoring.   

 

b. DYNAMIC WORLD (DW) MAP: Dynamic World 2021 is a near real-time dataset of 

10m resolution global LULC provided by Google Earth Engine using its advanced deep 

learning algorithms. The Dynamic World Map is updated much more frequently, in 

some cases on a daily basis enabling a much more dynamic study of green space changes 

and assessing their cooling potential within different seasons. It covers 9 main classes 

based on Sentinel-2 satellite imagery shown in the table below (table 3).  
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Table 3.2: Showing Various Classifications Under ESA World Cover and Dynamic World 

Map 2021, Accra 
Land Cover CLASS 

NUMBER 

(ESA) 

CLASS 

NUMBER 

(DW) 

DESCRIPTION 

Tree 10 1 Permanent waterbody including lakes, rivers and 

reservoirs 

Shrub 20 2 Trees with a canopy cover greater than 10% 

Grass 30 4 Shrubs and low-growing vegetation 

Cropland 40 5 Grasses are the dominant vegetation, with few or no trees 

Built up 50 6 Cultivated crops, including both annual and perennial 

crops 

Bare 60 7 infrastructure such as buildings, roads, and other urban 

structures 

Water 80 0 Land with little or no vegetation 

Flooded 

vegetation 

90 3 Vegetation is periodically or permanently submerged in 

water 

Mangrove 95 8 Salt tolerant trees or shrubs that thrive mostly along the 

coastline where freshwater and sea meet. 

 

 

Accuracy Assessment and Validation of LULCs 

Accuracy assessment in the context of satellite image interpretation determines the quality of 

information derived from the remotely sensed data. The need for assessing the accuracy of any 

remotely generated map has become a universal practice in any classification research work 

(Olofsson et al., 2014). In order to carry out the assessment, we conducted various accuracies 

in percentages including the consumer accuracy, user’s accuracy, overall accuracy and error 

matrix such as kappa coefficient. Our findings determine that the chosen remote sensing product 

for the study is fit for purpose (Morales-Barquero et al., 2019). 

 

Formulas  
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Producer’s accuracy (PA) is defined as the probability that any pixel in that category has been 

correctly classified. This gives the accuracy of the map from the analyst’s point of view. This 

can be calculated using the formula as: 

 

PA =
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑎 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑜𝑓 𝑡ℎ𝑎𝑡 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑑𝑒𝑟𝑖𝑣𝑒𝑑 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑑𝑎𝑡𝑎(𝑟𝑜𝑤 𝑡𝑜𝑡𝑎𝑙)
 

 

User’s accuracy (UA) is defined as the probability that a pixel classified on the image actually 

represents that category on the ground. This gives the accuracy of the map from the user’s point 

of view. It is calculated as given below:  

 

UA =
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑎 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑜𝑓 𝑡ℎ𝑎𝑡 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 𝑑𝑒𝑟𝑖𝑣𝑒𝑑 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑑𝑎𝑡𝑎(𝑐𝑜𝑙𝑢𝑚𝑛 𝑡𝑜𝑡𝑎𝑙)
  

Overall Accuracy (OA): It is also valuable to assess the overall accuracy of the classification 

across all classes present in the image. The overall accuracy metric provides a measure of the 

collective accuracy of the classification, quantifying the proportion of pixels that were correctly 

classified which is given below: 

 

OA =
𝑆𝑢𝑚 𝑜𝑓 𝑡ℎ𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑠𝑖𝑡𝑒𝑠 (𝑝𝑖𝑥𝑒𝑙𝑠)
  

3.4.2. Computation of LST And NDVI 

Data Acquisition 

Landsat8-9 OLI/TIRS C2 L2 data for the study area was taken during the dry season due to low 

cloud cover (Borsah et al., 2025) and the high intensity of LST during this season in Ghana 

(Twumasi et al., 2021). Furthermore, the dry season was chosen to exclude non-permanent 

green places that only exist during the wet season and to provide good classification results by 

reducing biases (Kwofie et al., 2022). The dry season for this study is chosen as December-

January-February (DJF).  

 

Vector data: The Accra vector file was downloaded from the official site of Humanitarian Data 

Exchange and used to crop satellite images. 

 

Preprocessing LST and NDVI Data 

The first step consists in masking clouds, heavy aerosols, and cloud shadows from each image. 

The resulting images are then clipped to the study area shapefile. The data was demarcated to 

https://data.humdata.org/dataset/cod-ab-gha
https://data.humdata.org/dataset/cod-ab-gha
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the spatial boundary of the study area. The map captures the spatial LST variations in Accra, 

with particular attention to key land cover and the seasonal period: the dry season (December, 

January, February - DJF) by filtering the data based on the seasonal timeframes and the 

average captured for the season. Due to the problem of cloud-coverage (Dissanayake et al., 

2019; Estoque et al., 2017) especially during the wet season (AMJ), clouding masking was 

applied by using QA-PIXEL band to identify and mask cloudy pixels.  

 

Previous studies have used various methods to calculate LST from Landsat8 Level 1 

(LANDSAT/LC08/C02/T1_L1) data. They required LST by converting digital numbers (DNs) 

first into Top of Atmosphere (TOA) radiance, then into brightness Temperature at the top of 

the atmosphere and finally brightness temperature at the surface (atmospheric correction). The 

conversion of the DNs from thermal bands into absolute units of TOA radiance (J. Li et al., 

2011; Weng, 2009) is done using equation (1).  

 

𝐿𝜆=MLQCAL+AL                                                                                                                           (1)    

 

Where 𝐿𝜆 is TOA radiance (Watts/(m2*srad*μm)); ML is the band-specific multiplicative 

rescaling factor from the metadata; AL represent the band-specific additive rescaling factor from 

the metadata; QCAL is Quantized and calibrated standard product pixel values (DN)(Twumasi et 

al., 2021). 

 

Secondly, TOA radiance is converted to effective at-sensor brightness temperature assuming 

that the Earth’s spectral emissivity is 1(Chander et al., 2009) i.e. as a black body, using equation 

(2). 

Tb = 
𝐾2

 (
𝐾1
𝐿𝜆

+1)
                                                                                                                                    (2)    

 

where 𝑇𝐵is the effective at-sensor brightness temperature in degrees Kelvin, 𝐿𝜆is the spectral 

radiance at the sensor’s aperture in Watts/(m2*srad*μm) and 𝐾1and 𝐾2 are pre-launch 

calibration constants (Kwofie et al., 2022). Then, the bright temperature corrected by surface 

emissivity and atmosphere perturbation 

 

To calculate LST, land surface emissivity (ε) was computed by using Equation (3). 

𝜀=𝑚Pv+𝑛                                                                                                                                  (3) 
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where ε represents land surface emissivity; m represents (εv − εs) − (1 

− εs) Fεv; Pv represents the amount of vegetation; n represents εs + (1 − εs) Fεv; εs is the soil 

emissivity; εv is the vegetation emissivity; and F is a shape factor whose mean value, assuming 

different geometrical distributions, is 0.55. 

 

Land emissivity calculation: In this work we approximate emissivity using an NDVI derived 

approach (Mitraka et al., 2012) which allows us to estimate Proportion of vegetation. NDVI, 

calculated from the near-infrared (NIR) and visible red (VIR) spectrums, is obtained using the 

formula outlined in Table 3.1 as well as the proportion of vegetation (Pv). 

 

Emissivity-corrected LST was calculated by using Equation (4) as follows: 

LST=Tb /1+(𝜆×Tb /𝜌)lnε                                                                                                         (4) 

 

Where Tb is the at-satellite brightness temperature in degrees Kelvin; λ is the central band 

wavelength of emitted radiance (11.5μm for Band 6 and 10.8μm for Band 10 (Dissanayake et 

al., 2019); 𝜌ρ is h × c/σ (1.438 × 10−2 m K) with σ being the Boltzmann constant (1.38 × 

10−23 J/K), h is Planck’s constant (6.626 × 10−34 J·s), and c is the velocity of light (2.998 × 

108 m/s) (Dissanayake et al., 2019); and ε is the land surface emissivity estimated using 

Equation (3). Then, the calculated LST values (Kelvin) were converted to degrees Celsius (°C).  

 

LST(°C) = LST(K)−273.15                                                                                                     (5) 

 

Where LST(°C) is LST in Degree Celsius and LST(K) is LST in Kelvin. 

 

For Landsat level 2 data, preprocessing is not required as these products have already undergone 

significant preprocessing (Chander et al., 2009). LST and NDVI calculations are carried out in 

QGIS using the raster calculator and the formulas below applied on specific bands.  

 

LST = ("ST_B10" * 0.00341802) + 149.0 - 273.15                  (6) 

 

Where ST_B10 is the Landsat 8 Thermal Infrared Sensor (TIRS) Band 10 data 

 0.00341802 = Radiance Multiplier factor for converting DN to TOA Radiance. 
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149.0 = Radiance Additive Factor (from Landsat metadata) 

 

NDVI = ("B5" - "B4") / ("B5" + "B4")       (7)  

 

Where B4 is band 4  

B5 is band 5 

Table 3.3: Details of formula used for LST calculation from Landsat level 1 data 
Parameter Formula Description Reference 

Conversion of 

Digital Number 

(DN) to Top of 

Atmosphere 

(ToA) Spectral 

Radiance 

𝐿𝜆 = MLQCAL + AL   𝐿𝜆 = Top of Atmosphere (TOA) spectral 

radiance (Watts/(m2*srad*μm));  

ML=band-specific multiplicative 

rescaling factor from the metadata;  

AL = band-specific additive rescaling 

factor from the metadata; QCAL is 

Quantized and calibrated standard 

product pixel values (DN) 

(Twumasi et 

al., 2021) 

Conversion of 

Spectral Radiance 

to Radiant Surface 

Temperature 

Tb = 

𝐾2

(
𝐾1

𝐿𝜆
+1)

   𝑇𝐵 = effective at-sensor brightness 

temperature in degrees Kelvin,  

𝐿𝜆 = spectral radiance at the sensor’s 

aperture in Watts/(m2*srad*μm) and 

𝐾1and 𝐾2 are pre-launch calibration 

constants. 

(Kwofie et 

al., 2022) 

NDVI NDVI=(R_NIR-R_red)/(R_NIR-

R_red ) 

R_NIR= Band 5, Corrected near infrared 

band reflectance 

R_red = Band 4, Corrected red band 

reflectance 

Sobrino 

et al. 

(2004) 

Proportion of 

Vegetation 

Pv = [(NDVI – NDVImin)/ 

(NDVImax – NDVImin)]2 

NDVImin represents NDVI minimum 

value. 

NDVImax represents NDVI maximum 

value. 

Sobrino 

et al. (2004) 

land surface 

emissivity (ε) 

𝜀 = 𝑚Pv + 𝑛 ε represents land surface emissivity; m = 

(εv − εs) − (1− εs) Fεv; Pv represents 

the amount of 

vegetation; n represents εs +(1− εs) Fεv; 

εs is the soil emissivity; εv is the 

vegetation emissivity; and F is a shape 

factor whose mean value, assuming 

different geometrical distributions, is 

0.55. 

(Sekertekin 

& Bonafoni, 

2020) 
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LST in Celsius LST = (Tb /1 + (𝜆×Tb /𝜌) ln ε) -273 where Tb is the at-satellite brightness 

temperature in degrees Kelvin; λ is the 

central band wavelength of emitted 

radiance (11.5μm for Band 6 and 10.8μm 

for Band 10 (Dissanayake et al., 

2019); 𝜌ρ is h × c/σ (1.438 × 10
−2

 m K) 

with σ being the Boltzmann constant 

(1.38 × 10
−23

 J/K), h is Planck’s constant 

(6.626 × 10
−34

 J·s), and c is the velocity 

of light (2.998 × 108 m/s) 

(Dissanayak

e et al., 

2019) 

LST (using Level 

2 Landsat data) 

LST = ("ST_B10" * 

0.00341802) + 149.0 - 

273.15 

where    ST_B10 is the Landsat 8 

Thermal Infrared Sensor (TIRS) Band 10 

data 

0.00341802 = Radiance Multiplier factor 

for converting DN to TOA Radiance. 

149.0 = Radiance Additive Factor (from 

Landsat metadata) 

(Jimenez-

Munoz et 

al., 2014) 

 

3.4.3. Spatial Analysis of LST and NDVI 

Thermal data were obtained from USGS using merged Landsat 8/9 for the dry season for the 

years 2015, 2021 and 2024. The exact dates of data acquisition are 04/01/2015, 22/12/2021 and 

22/12/2024 respectively. To obtain LST and NDVI values, formulas outlined in Table 2.4 were 

used. The LST and NDVI output for 2015, 2021 and 2024 are visualized in QGIS. To show 

better spatial comparison, the same scales, 10 and 50 respectively, were ascribed to minimum 

and maximum values for LST and -0.20 and 0.5 for NDVI in the QGIS visualization procedure. 

The quantile classification method and spectral colour ramp are applied to obtain proper urban 

heat visualization for LST. For NDVI, viridis colour ramp was chosen. 

3.4.4. Temporal Analysis of LST and NDVI 

To completely understand the changing dynamics of LST with respect to NDVI, a Mann 

Kendall time series analysis is performed for the period 2001 to 2021, a 21-year period. The 

Mann-Kendall trend test is a non-parametric statistical method used to detect trends in time 

series data, such as environmental data like temperature, rainfall, or vegetation indices (Yang 

et al., 2021; Zhang et al., 2022). This study utilized MOD11A2.061 Terra Land Surface 

Temperature and Emissivity 8-Day Global for LST and MOD13A2.061 Terra Vegetation 
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Indices 16-Day Global 1km data clipped and filtered for the study area and temporal period. 

This dataset is used because it is provided every 8 - 16 days at 1-kilometer spatial resolution as 

a gridded level-3 product in the Sinusoidal projection. The test relies on time series data, and 

MODIS’ availability of multi-year, consistent satellite observations make it suitable for this 

type of analysis in tropics.  

 

Mann Kendall test is applied to both indices to find the trend, statistical significance, the rate 

of change and change points.  

3.4.5. Zonal Statistics (LST and NDVI) 

Zonal statistics was performed in GEE to obtain LST values across the differing LULC classes 

and the result is summarized in table 3. ESA land cover and Landsat data obtained from USGS 

were uploaded in GEE.  Nine different classes namely; Tree, Shrub, Grass, Cropland, Built-up, 

Bre, Water, Flooded vegetation and Mangrove are considered in this study. While previous 

studies (Frimpong et al., 2023; Gyile et al., 2025; Mantey et al., n.d.) considered fewer classes, 

in this study, it was desired to have a better understanding of LST distribution across all the 

LULC classes across the Greater Accra Region of Ghana.   

Zonal statistics was performed in GEE to obtain NDVI across the differing LULC classes and 

the result is summarized in table 3.1. Nine different classes namely; Tree, Shrub, Grass, 

Cropland, Built-up, Bre, Water, Flooded vegetation and Mangrove are considered in this study. 

While previous studies considered fewer classes, in this study, it was desired to have a better 

understanding of LST distribution across all the LULC classes across the Greater Accra Region 

of Ghana.  

The Normalized Difference Vegetation Index (NDVI) is a widely-used metric for quantifying 

vegetation health and density using remote sensing data (Wang et al., 2021). It is calculated 

using the following formula: NDVI = (NIR - RED) / (NIR + RED) (Huang et al., 2021). NDVI 

values are sensitive to certain types and amounts of vegetation within various buffer zones, and 

increments in mean NDVI exposure values can be associated with changes in total greenspace 

percentage and individual vegetation types (Martinez & Labib, 2023). NDVI values range from 

-1 to +1. Higher positive values indicate healthier, denser vegetation. Values near zero suggest 

bare soil or no vegetation. Negative values often indicate water bodies (Huang et al., 2021). 
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3.4.6. Determination of Cooling Potential of Green Spaces 

To determine the cooling potential of urban green spaces, the study area was reclassified into 

vegetative and non-vegetative areas GEE and visualized in QGIS. Due to low range of NDVI 

in Accra during the dry season, stratification method for multiple thresholds of NDVI was not 

reliable. Stow et al used NDVI value to classify vegetation, where vegetation = (NDVI > 0.2) 

and non-vegetation = (NDVI < 0.2) in Accra (Stow et al., 2013). Considering the high level of 

dryness during the study period, this study used a threshold of NDVI ≥ 0.20 to encompass 

enough vegetation cover. To calculate the cooling potential the formula below was utilized.  

Cooling Potential = (Mean LST in Non-Green Spaces) - (Mean LST in Green Spaces) 

This formula has been widely used in similar studies even though it simplifies complex 

interactions (Kabisch et al., 2023).  

3.4.7. Estimating the Cooling Potential Using Buffer Analysis 

For this research we employed the buffer analysis approach to estimate the cooling potential of 

five urban spaces in Accra as this is cost effective and is devoid of human errors as could be 

the case in using in-situ measurements. It has been established that LST increases with each 

moving distance from the boundaries of green spaces (Spronken-Smith & Oke, 1998). These 

cooling effects have been proven to be significant up to 500m depending on the size of the 

green space under consideration (Chang et al., 2007).   

Manually, UGS patches were selected using Google Earth. Due to the presence of irregular 

green space across the city, only green space patches with dense trees were considered as dense 

trees are known to have strong cooling effects. The selection process considered the following 

rules: green space must be covered primarily by trees, and green spaces must be devoid of water 

bodies and must be at least 300 m away from other green spaces or water bodies to avoid 

interference(L. Li et al., 2023). Based on these rules, five green spaces were selected. These are 

Achimota Forest, Legon Botanical Garden, Efua Sutherland Childrens’ Park, Awudome and 

Osu Cemeteries. The size of each UGS is summarized in the table below (table 3.4).  
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Table 3.4: Showing description of each UGS 

UGS Area(ha) 

Achimota Forest 464.98 

Awudome Cemetery 30.72 

Efua Sutherland Children’s Park 7.37 

Legon Botanical Garden 80.92 

Osu Cemetery 11.89 

  

 

Figure 3.4: Showing UGS and Buffer zones with 30-meter intervals 

 

Buffers of regular 30m intervals are created up to 600m based on previous studies (Peng et al., 

2021; Yao et al., 2022) and mean LST is calculated within each buffer. Thirty metres was 

chosen due to the spatial resolution of Landsat 8 OLI as done in previous studies (Zhang et al., 

2024). To compute the cooling potential, a difference of LST within the park and with each 

buffer zone is taken. It is expected that the cooling intensity will reduce with each increasing 

buffer distance. The distance where this cooling intensity diminishes or LST flattens is known 

as the cooling range. This is determined by the Cubic polynomial fitting with equation y = ar3+ 
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br2 + cr + d (Zhang et al., 2024). The cooling intensity for each UGS is plotted against each 

interval.   

3.4.8. Correlation Between NDVI and LST 

To ascertain the relationship between NDVI and LST, QGIS was used to create joint points for 

NDVI and LST data. Four million points were generated using the nearest point method. This 

large number was downsized by 25% to 1,048,576 points using random selection. This was 

then exported as csv and in regression analysis was performed in python (Google Collab).  

3.4.9. Scenarios 

Deforestation (Built-up) and Afforestation 

The rate of deforestation in Ghana is particularly of great concern. At the national level the rate 

of deforestation has been 3.5% annually (320,803 ha/year) since 2000(Adom et al., 2024). 

Using this rate of change, we applied the changes to the NDVI map by replacing 80% of 

grassland pixels based on ESA LULC data under two scenarios and applied the regression 

model to predict a new LST and visualised it in QGIS. This 80% of grass land cover represents 

35 % of the total area of Greater Accra that would be changed in ten years according to the 

deforestation rate (Adom et al., 2024). The first scenario is considered as urbanisation where 

grassland area turned to built-up areas. Here 80 percent of grassland NDVI pixels were replaced 

by mean NDVI of trees (0.12), see table 4.2, in Google Earth Engine, turning 80 percent of 

grassland to built-up. The second scenario is afforestation by turning grassland into an area with 

trees. Here, 80 percent of grassland pixels were replaced by mean NDVI (0.27), see table 4.2, 

of tree class and a new LST was predicted using the same regression model in Google Earth 

Engine and Visualized in QGIS.  

Urban Heat Index 

Increasing global warming will lead to more incidents of urban heat and more heatwaves as 

projected by models (Perkins-Kirkpatrick & Lewis, 2020). As part of the analysis, urban heat 

index under various SSPs is examined using Location Risk Intelligence tool by Risk 

Management Partners.  

 

Heat stress index is a quantitative measure that combines several factors related to temperature 

such as air temperature and relative humidity to assess the impact of heat on the human body 
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and comfort (Lanzante, 2024). The heat stress index classifies climatological heat stress 

situations on a scale ranging from 0 (very low) to 10 (very high). 
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4. RESULTS AND DISCUSSION 

4.1. LULC VALIDATION 

Producer's Accuracy represents the probability that a pixel from a specific class is correctly 

classified. PA values for ESA World Class Map range from 90.3478% to 100%. PA values of 

100% suggest that all pixels from these classes were correctly classified by the model. Classes 

with PA values less than 100%, such as class 60 (bare land) with 90.3478%, may have some 

level of confusion with other classes, though they still performed well. All classes were 

classified with above 90% and half of these classes achieved 100% PA values. This indicated 

good performance of the data. For Dynamic World Map, PA values ranged 0 to 90.0648% with 

five classes showing PA values below 50%. This shows that while classification was good for 

a few classes, it failed to classify most of the classification groups.  

 

User's Accuracy measures the probability that a pixel classified as a certain class actually 

belongs to that class. UA values for ESA World Class Map range from 98.4056% to 100%. 

Classes with 100% UA show no misclassification among those identified as belonging to that 

class. The class that shows a UA of 98.4056%, indicates some degree of misclassification, 

where the model incorrectly labels pixels as belonging to this class when they do not. This 

mishap is rather too small. For Dynamic World, UA values ranged between 0 to 99.6837% with 

one nan value indicating misclassification in the dataset. Nearly half of the classifications were 

below 50% user’s accuracy. 

 

The overall accuracy provides a summary metric, indicating the percentage of all correctly 

classified pixels. The result showed overall accuracy of 99.85% for ESA World Class Map 

meaning the classification appears to be almost perfect overall, suggesting that the model 

performed exceptionally well in correctly classifying almost all pixels across all classes, much 

better than the 70.96% performance Dynamic World Map.  

 

4.1.1. Confusion Matrices 

Table 4. 1: PA, UA, Overall Classifications for ESA, 2021 
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ERROR MATRIX 

ESA WORLD 

COVER 

 tree shrub grass crop built bare wate

r 

flooded 

vegetation 

 V_Classif

ied 

10 20 30 40 50 60 80 90 Total 

tree 10 35546 0 0 0 3 0 0 0 35549 

shrub 20 0 5685 0 62 0 0 0 0 5747 

grass 30 0 0 11295 72 0 111 0 0 11478 

crop 40 0 0 0 3204 0 0 0 0 3204 

built 50 0 0 0 0 71225 0 0 0 71225 

bare 60 0 0 0 0 0 1039 0 0 1039 

water 80 0 0 0 0 0 0 2614

7 

0 26147 

flooded 

vegetation 

90 0 0 0 0 0 0 0 1032

7 

10327 

 Total 35546 5685 11295 3338 71228 1150 2614

7 

1032

7 

16471

6 

 PA [%] 100 100 100 95.98

56 

99.995

8 

90.3

478 

100 100  

 UA [%] 99.99

16 

98.92

12 

98.40

56 

100 100 100 100 100  
 

Overall accuracy [%] = 99.8494 

PA = producer's accuracy 

UA = user's accuracy 
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Table 4.2: PA, UA, Overall classifications for DW, 2021 

 

 

4.2. LST and NDVI  

4.2.1 Spatio-Temporal Changes in LST and NDVI 

From the visual representation it can be seen that both LST and NDVI changed significantly 

over the years. LST increased generally across the region from 2015 to 2021. More specifically, 

the intensity of LST shifted more towards the east part of the region around towns such as Big 

Ada. The western portion shows significant reduction in LST especially all areas from Weija, 

to Tema and to Prampram, between 2015 and 2021.  Areas in the western half, particularly 

around Big Ada show increased intensity in LST for the same period. However, towards 2024, 

LST intensity reduced marginally for the western portion and shifted slightly northward and 

increased significantly around Prampram. 

 

ERROR MATRIX 

DYNAMIC 

WORLD   

 tree shrub grass crop built bare water flooded 

vegetation 

 V_Clas

sified 

0 1 2 3 4 5 6 7 Total 

tree 0 0 1 0 4102 0 50 0 52 4205 

shrub 1 0 25842 3985 2670 2596 691 0 0 35784 

grass 2 0 0 0 55 117 0 0 0 172 

crop 3 0 0 91 1534 0 6 0 0 1631 

built 4 0 4551 13 111 47 884 0 0 5606 

bare 5 0 216 795 0 6830 1196 0 4 9041 

water 6 0 7 5 0 54 0 55153 109 55328 

flooded 

vegetation 

7 0 0 0 404 66 60 6084 815 7429 

 Total 0 30617 4889 8876 9710 2887 61237 980 11919

6 

 PA [%] nan 84.4041 0 17.282

6 

0.484 41.427

1 

90.0648 83.1633  

 UA 

[%] 

0 72.2166 0 94.052

7 

0.8384 13.228

6 

99.6837 10.9705  

 
Overall accuracy [%] = 70.9646 

PA = producer's accuracy 

UA = user's accuracy 



31 

 

 

NDVI declined spatiality with many areas showing receding vegetation cover between 2015 

and 2024. This decline is northward where vegetation cover is predominantly higher than in 

coastal areas. In 2021, some portions show improved NDVI, particularly all areas north of 

Prampram. Improved NDVI in some of these areas can partly be associated with the long period 

of locked down during the COVID-19 pandemic which limited anthropogenic activities 

(Andrade et al., 2023; Guha & Govil, 2021).  

 

The line graph depicts a decade trend in mean LST across 15 known towns in the Greater Accra 

Region. The data reveals a dynamic landscape of heat variation that reflects both natural climate 

variability and human-induced LULC. The period 2015-2017 showed moderate LST mostly 

within 34°C–40°C while 2018 showed a rather cooling period in most towns with Accra, La 

and East Legon showing mean LST below 30°C. From 2019 to 2023, it was observed that many 

towns, such as Big Ada, Dodowa and Legon, had deeps in mean LST. The year 2024 has seen 

a rebound in mean LST in nearly all towns. Worst performers are Prampram (44.10°C), Nungua 

(42.80°C), La (42.03°C). East Legon(22.04°C), Tema(29.18°C), and Legon(32.04°C) proved 

better performers with lower mean LST. Accra, Tema and Legon consistently showed moderate 

mean LST, reflecting their already well-planned neighbourhoods with patches of green spaces 

compared Weija and Adenta both which peaked at 45°C in 2023 suggesting intensified heating 

due to continuous loss in vegetation and increase in impervious surfaces (Awotwi et al., 2019). 

It is evident that towns with peri-urban nature such as Big Ada and Dodowa had lowered UHI 

compared to urban areas such as Nungua, La and Adabraka. (Adyatma et al., 2022; Agan, 2021). 

The rise in 2024 mean LST across board emphasises the relevance of the study. 

 

The results show a statistically significant decreasing trend in NDVI values in Accra over the 

period, with a Mann-Kendall test p-value of 0.00268. The Pettitt test identifies a statistically 

significant change point around 2008(31-12-2008) with a comparatively higher confidence. The 

p-value of 0.0287 is less than 0.05, confirming the statistical significance of the detected change 

point. This suggests a more abrupt shift in the mean NDVI around late 2008. 

 

On the contrary, an increasing trend in Land Surface Temperature (LST) in Accra is observed 

over the same study period (2015–2024), with a Mann-Kendall test p-value of 0.0359. The 

estimated rate of change is 0.0056°C per year, and Pettitt’s test detects a potential change point 

around August 2012 (31-08-2012). From the result, the change point is August 2012 though 



32 

 

this was not statistically significant (p-value of 0.1776 is greater than 0.05) and therefore we 

cannot say with confidence that there was an abrupt change in LST around the period. The 

graph shows this change clearly as shown in figure 4.3. 

 

 

Figure 4. 1: LST and NDVI for dry season in Accra, 2021 
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Table 4.3: Statistics of Mean LST for Dry Seasons of 2015, 2021, and 2024 

LST (°C) 2015 2021 2024 

mean 35.86 35.83 36.42 

 

Table 4. 4: Statistics of Mean NDVI of Dry Seasons of 2015, 2021, and 2024 

NDVI 2015 2021 2024 

mean 0.15 0.18 0.14 
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Figure 4.2: List Trend Across Various Towns (2015-2024) 

 

Figure 4.3: Monthly NDVI Trend in Accra with Change Point 
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Figure 4.4: LST and NDVI time series for dry season in Accra, (2015-2024) 

4.2.2 Zonal Statistics: Varying LST and NDVI Across Various LULC 

The minimum values provide insight into cooler temperature distributions across the same land 

cover classes. Minimum LST values generally range from approximately 16.47°C to 26.20°C. 

Water recorded the lowest minimum LST and bare area with the highest.   

Maximum LST ranged from 40.06°C to 49.41°C representing Mangrove and Built-up 

respectively. Mangrove has been proven to have a low LST due to high NDVI values compared 

to bare or built-up areas (Kanjin & Alam, 2024; Rendana et al., 2023). The highest LST were 

recorded for areas with less vegetation or with high amounts of impervious surfaces (Adyatma 

et al., 2022), for example water, bare, and built-up which showed values 47.22°C, 47.76°C and 

49.41°C respectively. Values from Built-up showed relatively low standard deviation indicating 

low variation in the distribution across the land cover type. This also means Built-up has thermal 

stability which indicates low cooling potential (Zhao et al., 2020). This is due to the UHI effect 

that tends to create a "dome" of elevated temperatures over urban areas, which can lead to a 

more uniform temperature distribution within the built environment (Gyasi-Addo, 2021).  

Averagely, mangrove, trees and water, and shrub had reduced mean LST with 30.31°C, 

30.42°C, 30.70°C, and 32.18°C respectively. The highest mean LST were recorded in bare, 

cropland, grass and built-up areas in that order. The highest mean LST was bare with 38.84°C. 

In 2021, Built-up area was 25% of the entire Greater Accra Region while Grass occupied 43%. 
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These two classes alone with low vegetation and corresponding high LST (Ahmed et al., 2020; 

Asare et al., 2024) make up more than half of the entire region.  

In general, LST ranged from 16.47˚C to 49.41˚C representing trees and built-up area 

respectively. Built up recorded the highest LST for study area similar to a study by (Gyile et 

al., 2025). A similar study by (Twumasi et al., 2021) found that the LST temperature for Accra 

ranged from 21.10˚C to 46.13˚C in 2020 for the same study area.  

NDVI measured in the dry season for Accra ranged from 0.43 to -0.14 representing maximum 

NDVI of trees and minimum NDVI of water. Vegetation types such as shrubs, cropland, grass 

and mangrove also indicate relatively high NDVI with mean values of 0.42, 0.19, 0.18 and 0.17 

respectively. As expected, water, bare and built-up show very average to low NDVI mean 

values of 0.02, 0.08 and 0.12 respectively. As was mentioned before NDVI for clear water 

bodies should be negative but positive values can be observed for waters with high amounts of 

biomass or for mixed pixels that contain water and land (German et al, 2020).  

 

Table 4. 5: Mean, minimum and maximum LST for dry season across various LULC, 2021 

Land Cover Dn Max(°C) Mean(°C) Min(°C) Area (%) StdDev 

Tree 10 42.46 30.42 16.47 7.38 2.41 

Shrub 20 44.91 32.18 16.48 6.58 2.90 

Grass 30 47.32 37.13 18.92 43.58 3.22 

Cropland 40 44.51 37.61 23.90 10.02 3.97 

Built-up 50 49.41 35.86 25.46 25.80 2.24 

Bare 60 47.76 38.84 26.20 2.00 3.69 

Water 80 47.22 30.70 24.69 2.25 5.58 

Flooded vegetation 90 47.60 35.91 24.75 2.14 5.44 

Mangrove 95 40.06 30.31 25.72 0.25 2.05 
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Figure 4.5: Mean LST for dry season across various LULC, 2021 

 

Table 4.6: Mean, minimum and maximum NDVI for dry season, 2021 

Land Cover Dn Max Mean Min Area (%) StdDev 

Tree 10 0.43 0.27 0.01 7.38 0.05 

Shrub 20 0.42 0.25 0.01 6.58 0.04 

Grass 30 0.41 0.18 -0.05 43.58 0.04 

Cropland 40 0.41 0.19 -0.04 10.02 0.04 

Built up 50 0.38 0.12 -0.06 25.80 0.04 

Bare 60 0.34 0.08 -0.11 2.00 0.03 

Water 80 0.35 0.02 -0.14 2.25 0.04 

Flooded 

vegetation 

90 0.39 0.12 -0.09 2.14 0.08 

Mangrove 95 0.38 0.17 -0.01 0.25 0.05 
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Figure 4.6: Mean LST for dry season across various LULC, 2021 

4.3. Cooling Potential of Green Spaces 

Mean LST in non-vegetation area is 37.30°C and that of vegetation area is 33.32°C and the 

cooling potential obtained is 3.98°C. This means green spaces (NDVI ≥ 2.0), are on average 4 

cooler than non-vegetation areas. LST range of vegetation areas is 24.67°C - 43.37°C and that 

of non-vegetation areas is 26.22°C - 43.36°C. The visualized map shows massive green spaces 

in the north with only patches of green within the built-up areas while the southern portion is 

dominated by non-vegetation. Notable green spaces within more dense impervious areas are 

the Achimota Forest, which is a government reserved forest within the heart of the region, and 

Legon Botanical Gardens.  
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Figure 4.7: Showing Areas of Green and Non-Green Spaces  

4.4. Cooling Intensity of UGSs 

The line graph shows the cooling potential of each UGSs. Each of the five UGSs produced 

different cooling intensities and this is due various factors including the size, the height and 

thickness of vegetation, and microclimate of the surrounding (Jaganmohan et al., 2016; Y. Li 

et al., 2024). Legon and Achimota exhibit the highest cooling potential. Legon peaks at 4.1°C 

while Achimota peaks 3.3°C and flatten onwards from around 550m. These two well 

performing UGSs are the largest of the group which resonates with previous finds by (Yuan et 

al., 2018) Awudome and Osu Cemeteries perform moderately with about 2.5°C of cooling 

intensity around 180m indicating the limited influence of these green areas on nearby climate. 

Disperse vegetation and high built-up surroundings account for the low performance of these 

two green spaces. Similarly, Efua Sutherland Childrens’ Park showed extremely low potential 

mainly because of its small size and presence of high-rise buildings. This is an indication of 

urban heat interference on small vegetation which conforms with findings by Sheng et al 

(2025).   

https://www.zotero.org/google-docs/?broken=MwH46q
https://www.zotero.org/google-docs/?broken=MwH46q
https://www.zotero.org/google-docs/?broken=iKr2jo
https://www.zotero.org/google-docs/?broken=iKr2jo
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Figure 4.8: Cooling Potential Across 30m Buffer Rings (per Park) 

4.4. Regression Analysis 

The scatter plot shows a correlation between NDVI and LST using a sampled dataset. The 

regression model shows a fitted line with an equation shown below: 

Y = −36.05x+40.65 

where  y represents LST (°C) and x represents NDVI 

The negative slope indicates inverse correlation between NDVI and LST, consistent with 

similar findings from several other studies (Chandrakar & Kumar Sinha, 2021; Devendran & 

Banon, 2023; Gelata et al., 2023). The coefficient of determination (R²) is 0.57, meaning 57% 

of the variance in LST can be explained by variations in NDVI, a moderately strong 

relationship. A p-value of nearly 0 indicates a statistically high significant confirmation of the 

observed correlation. Higher NDVI values show denser vegetation which reduce LST due to 

evapotranspiration and shading compared to low NDVI values which represent bare, 

impervious surfaces or less vegetation areas where LST values are higher due to high heat 

retention of such surfaces. This conclusion is consistent with urban heat island effect 

(Chanpichaigosol et al., 2025)  

https://www.zotero.org/google-docs/?broken=MPc09C
https://www.zotero.org/google-docs/?broken=MPc09C
https://www.zotero.org/google-docs/?broken=fKjAv3
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Figure 4.9: Graph of LST and NDVI   

4.5. Scenarios  

4.5.1. Urbanization vs Greening 

The two scenarios being considered showed varying Mean LST values. Reducing grassland 

cover primarily due to urbanization and building of more impervious surfaces to 80% 0f 

grassland cover rises mean LST from 34.21°C to 35.0°C. This shows a warming of about 0.8°C. 

On the contrary, planting of trees to cover grassland by 80% reduces the mean LST of the 2021 

dry season from 34.21°C to 33.13°C, indicating cooling of about 1.07°C. This has been shown 

spatially in figure 4.10. 
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Figure 4.10: Figure showing the spatial changes in afforestation scenario against built-up 

4.5.2. Shared Socio-economic Pathways 

Currently, the heat stress index is estimated between 7.8 indicating a very high impact of heat 

on the human body. This is expected to rise further under various SSP scenarios. Except for the 

sustainability pathway (SSP1-/RCP2.6) which shows relatively lower projections for the year 

2030, 2040 2050 and 2100, all pathways indicate extremely high indexes ranging from 7.9 to 

8.3.  

 
 

Figure 4.11: Shared Socio-Economic Pathway 
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4.6. DISCUSSION 

The World Cover and Dynamic World datasets performed exceptionally well. Both products 

gave almost identical real-time value classification results. However, ESA World Cover had a 

significantly higher total accuracy of 99.85% than Dynamic World (70.96%). Both models are 

appropriate for their intended function, as they both received good accuracy ratings. The spatial 

resolution of both products is 10m, which is sufficient for our investigation. Dynamic World 

provides more frequently updated datasets than World Cover Map, making the former more 

dependable for short-term investigations. However, for the purpose of our study we would 

utilize ESA world cover because of its nearly perfect performance in classification assessment 

of our study area, this conforms to similar result shown in a study by Venter et al. in (2022)  

 

Spatio-temporal analysis showed variation in LST with pronounced UHI in highly built-up 

areas such as Accra, Adabraka, Nungua, Tema, and Prampram. On the contrary, areas such as 

Weija, Legon, Achimota and Dodowa showed relatively lower LST due to high NDVI and tree 

cover. Over the years, however, LST and NDVI were found to be increasing and decreasing 

respectively due to increase in built-up areas and loss of green cover. The increasing LST and 

concurrent reducing NDVI over the period provides evidence of urban sprawl and receding tree 

cover in the Greater Accra region as evident in a study conducted by Devendran & Banon 

(2022). 

 

Through a rigorous zonal analysis, it was proved that land covered with green cover such as 

trees, mangrove and shrubs show lower LST. This analysis provided an in-depth understanding 

to how various land cover across the study relate with LST and hence their cooling potential to 

reduce temperature. Tree cover had a momentous 5.44°C lower LST than built-up area. On the 

whole, green spaces in Greater Accra showed a cooling potential of about 4°C compared to 

non-green areas supported by observations made by Gyile et al. (2025) 

 

A simple regression model shows a strong negative correlation between LST and NDVI 

justifying the cooling potential of vegetation as demonstrated in many studies (Massaro et al., 

2023; Schwaab et al., 2021).  This proves the significance of NDVI, which is an index of green 

cover, in mitigating LST and hence UHI resonating with recent findings by Gyile et al in 2025. 

Using the model, we have been able to estimate the minimum greenness to reduce LST and this 

is essential for policy and afforestation programs.  
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High thermal differences exist between the vegetation and non-vegetation areas.  All parks 

except the Childrens’ Park indicate an initial increase in cooling potential up to at least 300m 

which is consistent with previous findings in similar studies(Spronken-Smith & Oke, 1998). 

Cooling range is higher in Legon Botanical Garden followed by Achimota and almost non-

existent around the Childrens’ Park. While Achimota Forest is five-fold the size of Legon 

Botanical Garden, the latter shows the highest cooling intensity and cooling range among the 

five UGSs. This could be attributed to fragmentation within the Achimota Forest compared to 

Legon Botanical Garden (Jaganmohan et al., 2016). Also, in Legon, there are less impervious 

spaces in the surrounding built up areas and UHI is less pronounced compared to Achimota.  

 

Using scenario analysis, it was observed that 80% of grassland converted to vegetation with at 

least vegetation index (NDVI) of 0.27 achieves a 1°C reduction in LST (using records of 2021). 

This is based on a huge assumption that all other factors remain constant.  

 

Extremely high projected heat stress (7.5 - 8.3) under various SSPs scenarios is in conformation 

with other estimation studies (Vargas Zeppetello et al., 2022) which stated that for the tropics, 

the heat index will increase by 50 - 100 percent even when global warming is reduced below 

the thresholds (2°C) of the Paris Agreement.  

  

https://www.zotero.org/google-docs/?broken=CU8hNX
https://www.zotero.org/google-docs/?broken=WNTyke
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5. CONCLUSION AND RECOMMENDATION 

5.1. Conclusion 

Green spaces play an important role in reducing LST, and hence they are essential in mitigating 

urban heat effects and improving quality of life. The effectiveness of urban greening scenarios 

in reducing extreme LST is significant. This goes to affirm the need for enhancing urban green 

spaces in urban development in the Greater Accra Region.   

While green spaces have a significant cooling potential, urban green parks across the region 

remain fragmented making their cooling potential highly inefficient, calling for a more well-

structured and incorporation of green spaces in urban restructuring and planning. The region 

lacks green spaces healthy enough to reduce LST during the dry season.  

The result of scenario building has shown significance of adding more green infrastructure such 

as green roof, trees to urban built-up and reducing the cutting of trees. Policy implementation 

is a key to ensuring that our urban areas remain green, protect existing trees and mitigate urban 

heat. Accra must develop and implement frameworks like the Sydney Green Grid and Greener 

Places Framework to establish networks of green cover and open spaces in the city. Also, public 

education is also important to improve green space preservation and improving the 

incorporation of trees and other green facilities in homes. Increasing awareness among 

stakeholders and the general public about the value of urban green spaces, the importance of 

planting trees in our communities and protecting existing ones is crucial for sustainable urban 

living.  

From the study trees, shrub and mangrove have shown to have the best option for reducing LST 

across the region, emphasizing the importance of afforestation and preservation of these 

species. When the rate of urbanization, loss of green space, and rate deforestation outstrip the 

rate afforestation, it will lead to extreme UHI effect, posing health risk to dwellers in certain 

areas of the reason. 

High cooling intensity proves a strong correlation between buffer distance and cooling 

potential. This is an indication of the significant role of well-placed and well sized UGSs in 

mitigating urban heat. Medium to large parks such as Achimota and Legon Botanical Garden 

serve as examples of well serving UGSs while smaller parks the Children’s Park require 
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attention. The buffer analysis has proven to be a robust tool for estimating the spatial cooling 

gradients around UGSs. However, using surface temperature could be problematic as it does 

not exactly reflect the thermal situation on human skin (Martilli et al., 2020; Voogt & Oke, 

2003). 

Scenario analysis indicates extremely dangerous heat stress with associated health implications 

for humans under all SSP pathways, further amplifying the need to build more green spaces 

across the Greater Accra Region in face of increasing global warming and climate change.  

5.2. Recommendation 

Observed cooling efficiency of UGSs reinforces the need for large well vegetated green spaces 

in urban areas.  

 

This study focused on one season and could not give a general perspective of the LST of the 

study area. Using Landsat data from December does not provide enough data to make a general 

conclusion. Using machine learning to harness insight from a large data set would be more 

reliable.  

While NDVI is a valuable tool for comparing vegetation across urban areas, its numerical 

values do not indicate a direct relationship with physical quantities like biomass or weather 

parameters like temperature. As a result, analysing the NDVI values alone could be problematic 

and ambiguous. This limits the depth of the analysis and its application in urban planning and 

climate mitigation. For this reason, AGB can be employed in a future study. 

This study focused on LST across the Greater Accra Region but this may be limiting. Using 

LST may not fully represent the thermal experience of people living in the region as it measures 

the temperature at the surface level. It is recommended to use multiple air temperature data 

collected across the region in order to correctly understand the impact of green spaces in face 

of increasing global temperatures.  

Lastly, it is recommended that policy makers, the public and scientific communities build 

synergy towards a collaborative response to degradation and disregard of green spaces. It is 

worthy to note that urban green spaces are known to enhance communal engagement, promote 

peace coexistence and social interaction. As green spaces enhance the aesthetic appeal and 

attractiveness of neighbourhoods, it is the best interest of people to plant more trees.   
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