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Abstract 

Urban Heat Islands (UHI) are critical indicators of urban climate change in rapidly 

urbanising regions of the Global South. This study applied smart geospatial analytics 

and remote sensing-based climate information systems to analyse the spatial 

distribution, intensity, temporal dynamics of the UHI and urban hotspot effects in 

Greater Francistown City between 2014 and 2023. Using Landsat 8 Operational Land 

Imager and Thermal Infrared Sensor data, Land Surface Temperature was derived to 

support climate monitoring, resilient infrastructure planning, and climate-responsive 

urban design. Results reveal notable spatiotemporal variability in urban thermal 

patterns, with UHI intensity showing fluctuations from 6.05 km² in 2016 to 4.71 km² in 

2019, concentrated in densely built-up areas. Urban hotspot precincts increased from 

1.59 km² in 2016 to 2.44 km² in 2023, reflecting land-use transformation and 

vegetation loss. These findings highlight the role of digital environmental monitoring 

tools and smart city approaches in identifying climate risk zones and supporting 

evidence-based urban planning. The study demonstrates how geospatial data 

analytics and Earth observation technologies enhance climate information systems, 

providing actionable insights for sustainable urban development. It underscores the 

integration of smart, data-driven approaches into planning frameworks to mitigate heat 

stress, improve environmental quality, and strengthen climate resilience in semi-arid 

cities. Positioning Greater Francistown as a Global South case study, the findings 

advance digital solutions for climate modelling and monitoring, contributing to the 

Sustainable Development Goals and climate-resilient, smart, and sustainable futures. 
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Policy action is recommended to embed UHI mitigation into zoning regulations, 

building standards, and incentives for heat-resilient infrastructure. 

Keywords 

Urban Heat Island, Climate Change, Remote Sensing, Land Surface Temperature, 

Smart Solution, Geospatial Analysis, Climate Resilience, Sustainable Futures 

1. Introduction 

Climate change and global warming have intensified heat stress in urban 

environments, driving significant increases in land surface temperatures (LST) [44, 18, 

26]. Rising urban temperatures [64] lead to thermal accumulation, making cities 

consistently warmer than surrounding rural areas [42,6,68]. This phenomenon, known 

as the Urban Heat Island (UHI) effect [14,82], is a direct consequence of rapid 

urbanisation [28]. UHI mitigation requires strategies such as smart city planning, 

resilient infrastructure and green infrastructure solutions [80,13]. In the era of digital 

transformation, remote sensing and geospatial analytics have become essential for 

monitoring dynamics and supporting climate-responsive urban design [13]. 

Embedding these approaches into urban governance is critical for advancing the 

Sustainable Development Goals (SDGs), including Industry, Innovation, and 

Infrastructure (SDG 9), Sustainable Cities and Communities (SDG 11), and Climate 

Action (SDG 13).  Moreover, in the Global South, inclusive resilience strategies are 

vital to ensure that adaptation measures address the vulnerabilities of rapidly 

urbanising populations [76, 2].  

Urbanisation has reshaped cities into complex, dynamic systems that profoundly 

influence local climates and human well-being. The expansion of impervious surfaces, 

reduction of vegetation, and increased anthropogenic heat emissions intensify urban 

temperatures [31,43]. Addressing these impacts requires climate-responsive urban 

design, smart-city strategies, and resilient infrastructure that integrate geospatial 

monitoring and digital climate solutions [46,62]. 80 and 13 emphasise that green 

infrastructure and nature-based solutions are effective in mitigating UHI effects while 

enhancing urban sustainability. Embedding these innovations into planning 

frameworks not only reduces vulnerability to heat stress but also advances 

Sustainable Cities and Communities through inclusive and resilient urban 

development; Climate Action by strengthening adaptation to climate extremes; and 
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Industry, Innovation, and Infrastructure by leveraging digital technologies for 

sustainable growth [1,5,39]. Importantly, in the Global South, such approaches 

contribute to a just and inclusive climate resilience agenda, ensuring that adaptation 

strategies address the needs of vulnerable communities [1, 51, 75, 76]. 

Advances in remote sensing and geospatial analytics now enable high-resolution 

monitoring of thermal patterns [22], offering actionable insights for smart climate 

information systems that support resilient and sustainable urban planning. Remote 

sensing applications in UHI research have advanced considerably [24], enabling 

systematic analysis of surface urban heat islands (SUHI) across diverse cities [55, 33]. 

Landsat 8 imagery, in particular, has proven effective for evaluating UHI dynamics in 

rapidly urbanising regions [69]. [16] demonstrates the value of integrating Earth 

observation with smart geospatial platforms to strengthen climate resilience and 

inclusive urban planning in Global South contexts. These digital tools underscore the 

growing importance of Earth observation technologies in mapping spatiotemporal heat 

variability and informing sustainable urban design. 

Evidence shows that UHI intensity is rising globally, with increases of 2.01 °C to 2.4 

°C in major cities [60]. Botswana’s urban centres are no exception and are projected 

to face some of Africa’s highest temperature increases [7, 53]. Regional climate 

assessments confirm that southern Africa is warming at rates above the global 

average [20,67, 19], intensifying risks for semi-arid cities such as Francistown. This 

trend underscores the urgent need for digital climate monitoring systems and smart 

adaptation strategies to accelerate Botswana’s efforts to build climate resilience. 

Integrating geospatial analytics with inclusive urban planning frameworks is 

increasingly recognised as essential for achieving equitable climate-resilient futures in 

the Global South [77, 8, 50, 51, 71]. 

Despite extensive modelling of heat waves in cities, the UHI problem remains complex 

and persistent. Global warming and rapid urbanisation are expected to intensify UHI 

effects in the coming years. Francistown, Botswana’s second city, is undergoing rapid 

urban growth, making it a critical case for assessing UHI intensity and exploring digital 

climate-monitoring solutions to inform sustainable urban planning. Population growth, 

urbanisation, and semi-arid climatic conditions have reshaped Francistown’s 

microclimate, altering ecosystem functions and structures [53, 11,12]. The UHI effect 
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is increasingly pronounced, with built-up areas experiencing elevated temperatures 

during spring and summer [77]. These changes intensify heat stress for residents, 

underscoring the need for smart geospatial analytics and climate information systems 

to guide adaptive urban design [8, 71, 51]. Semi-arid urban centres in southern Africa 

are particularly vulnerable to intensifying heat stress, requiring smart geospatial 

analytics and climate information systems to guide adaptive urban design [20,19]. 

Francistown’s temperatures are projected to surpass the 41.4 °C record set in 2011 

[10, 47], with warming trends exceeding global averages [49]. Such extremes threaten 

the Paris Agreement’s targets to limit warming below 2°C and highlight the urgency of 

deploying digital climate modelling and smart monitoring systems to anticipate risks 

and strengthen resilience [7].  Projections for southern Africa confirm that semi-arid 

regions are likely to experience more frequent and intense heat extremes, 

compounding risks for rapidly urbanising cities [19,48]. Despite rising concerns, 

Francistown lacks comprehensive research on the spatiotemporal dynamics of UHIs 

at the microclimate scale. Current development projections overlook UHI impacts, 

leaving critical knowledge gaps. Existing studies focus on heat waves [45, 70] and UHI 

in Gaborone [30, 53], underscoring the need for localised, data-driven climate 

assessments in Francistown. 

These knowledge gaps highlight the need to quantify and map Francistown’s UHI and 

urban hotspot dynamics between 2014 and 2023. Understanding spatiotemporal 

thermal patterns is essential for designing climate-resilient urban futures. This study is 

therefore motivated by the urgent need for microclimate-scale monitoring, using 

geospatial and remote sensing technologies, to provide evidence-based insights to 

guide sustainable urban development in semi-arid cities. Studies underscore that 

localised UHI assessments are critical for Global South cities, where rapid 

urbanisation and limited adaptive capacity heighten vulnerability [17, 77, 8, 51]. By 

situating Francistown as a case study, this study contributes to bridging regional 

knowledge gaps and advancing inclusive climate resilience strategies  

To address these gaps, this study employs remote sensing and geospatial analytics 

to quantify Francistown’s UHI dynamics from 2014 to 2023. The methodological 

framework focuses on Landsat 8 imagery and spatial analysis, providing evidence-

based insights to guide sustainable urban planning in semi-arid contexts. 
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2 Material and Methods 

2.1 Study Area Description 

Francistown, Botswana’s second-largest city (21°10′S, 27°30′E) (Fig 1), had a 

population of approximately 103,417 in 2022, covers 79 km², and is characterised by 

rapid urbanisation, semi-arid climatic conditions, and evolving land-use patterns that 

may influence its urban microclimate and heat stress [56; 53; 11]. The city experiences 

moderate to irregular rainfall [23], with an average annual total of approximately 460 

mm, and temperatures ranging from –6.5 °C to 41.1°C and is susceptible to drought 

conditions associated with broader climatic variability in Botswana [9, 12; 40]. Although 

regional studies link urban land-use change in Botswana to increased land-surface 

temperatures and vegetation loss [25], direct longitudinal evidence quantifying 

Francistown’s built-up expansion and localised UHI intensity remains limited. 

Nevertheless, the city provides a useful case for integrating remote sensing, 

geospatial monitoring, and climate data to assess ecological vulnerability and heat-

stress patterns and to support sustainable urban planning [38]. 

 

Fig 1 Location of Study Area 

2.2 Research Design 

This study employed an experimental research design to assess the spatiotemporal 

variability of UHI and urban hotspots in Greater Francistown City. Following the 

methodology outlined in the data acquisition section, the design sought to uncover 
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causal relationships between land use/land cover (LULC), land surface temperature 

(LST), and UHI intensity through controlled spatial analysis [65]. 

The workflow was structured into distinct tasks: 

• Retrieval of LST and Normalised Difference Vegetation Index (NDVI) to 

classify UHI and non-UHI areas. 

• Integration of GIS tools (QGIS, ArcMap) with statistical techniques (SAS) for 

spatial-temporal quantification. 

• Application of Google Earth Engine (GEE), a cloud-based computing platform, 

to process Landsat datasets and enhance reproducibility [3, 81]. 

This design highlights the role of digital geospatial technologies and climate 

information systems in monitoring urban thermal dynamics. By combining Earth 

observation data with smart analytics, the study provides a replicable framework for 

evidence-based urban planning and climate resilience. It also ensures methodological 

transparency, enabling future comparative studies across semi-arid cities in southern 

Africa. 

2.3 Data Acquisition 

This study utilised Landsat 8 Operational Land Imager (OLI) and Thermal Infrared 

Sensor (TIRS-1) data to analyse UHI variability in Greater Francistown City between 

2014 and 2023. Five time points (2014, 2016, 2019, 2021, 2023) were selected to 

capture the urban thermal change baseline, lower quartile, midpoint, upper quartile, 

and endpoint (2014-2023). Cloud-free Landsat OLI/TIRS imagery was sourced from 

the USGS Earth Explorer http://earthexplorer.usgs.gov/) and processed via the 

Google Earth Engine (GEE) catalogue, ensuring reproducibility and efficiency. 

Landsat 8 provides spectral bands with 15–30 m resolution, which can be downscaled 

to 10 m when fused with Sentinel-2 [52]. The thermal infrared bands (10 and 11) 

provide 100 m resolution, enabling precise LST retrieval. The 11 spectral bands vary 

in wavelength from 0.433 µm to 12.51 µm (Table 1). The dataset’s accessibility and 

proven reliability for UHI studies [72, 4, 78; 27, 32, 79, 57] make it ideal for long-term 

monitoring. 
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Image selection prioritised high-quality, low-cloud scenes across the study period, with 

a 16-day revisit cycle from 01 January 2014 to 31 December 2023. This digital 

workflow highlights the role of remote sensing and smart geospatial platforms in 

generating actionable climate data for sustainable urban planning. 

Table 1 Description of the Landsat 8 dataset utilised in the study area 

Sensor Description Band Spectral Range 

(micrometres) 

Resolution 

Landsat 8 Tier-1 LST 10 TIRS-1 10.60 - 11.190 30/100 m 

Landsat 8 OLI NDVI 4-Red  

5 Near-Infrared 

0.640 - 0.670 

0.850 - 0.880 

30m 

30m 

Source [27]  

2.4 Pre-Processing  

Pre-processing was conducted to correct atmospheric, geometric, and radiometric 

errors in Landsat imagery, using the Google Earth Engine (GEE) platform for efficiency 

and reproducibility. Landsat 8 OLI and TIRS-1 datasets were filtered for the Greater 

Francistown City region, with cloud, aerosol, and shadow masking applied to ensure 

data quality [35]. Water pixels were excluded to avoid bias from high specific heat 

capacity, and final images were clipped to the city’s shapefile boundaries. This 

streamlined digital workflow ensured accurate LST retrieval and reliable spatial 

analysis for UHI mapping. 

2.4.1 Land Surface Temperature Calculations 

Land Surface Temperature (LST) was derived from Landsat 8 OLI thermal band 10 

(10.60–11.19 µm). Radiometric correction converted digital numbers (DN) to top-of-

atmosphere (TOA) spectral radiance using Equation 1: 

 𝐿ఒ = ܯ௅ x ܳCal +   ܣ௅       Equations [1] 

Where 𝐿ఒ  is TOA spectral radiance, ܯ௅  the band-specific multiplicative rescaling 

factor, ܳCal the quantised and standardised product pixel value (DN), and  ܣ௅   the 

additive rescaling factor. This measurement is expressed in watts per square meter 

per steradian per nanometer (W/(m²·sr·nm)).  

TOA Tie1 data from Landsat 8 were processed for 2014, 2016, 2019, 2021, and 2023, 

with median values calculated and clipped to the Greater Francistown City shapefile. 
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Spectral radiance 𝐿ఒ  was then converted to brightness temperature (TB) using 

Equation 2, assuming unit emissivity in Kelvin.  

஻ܶ = ௄2ln(಼1ಽഊ +1)         Equations [2] 

Band-specific Thermal conversion constants were applied: K1 = 774.89 

mW/cm²/sr/µm and K2 = 1321.08 K, ensuring accurate retrieval of thermal gradients. 

To improve LST retrieval accuracy, surface emissivity was estimated using NDVI-

based threshold methods, which account for surface heterogeneity by assigning 

specific emissivity values to distinct built-up and vegetated land-cover classes [63, 29, 

21]. This digital workflow highlights the role of remote sensing and smart geospatial 

analytics in producing reliable LST estimates for UHI mapping and climate resilience 

studies. 

2.4.2 Land Surface Temperature Retrieval 

The LST was retrieved from Landsat 8 imagery satellite for 10 years (2014 to 2023) 

using thermal infrared data and atmospheric correction algorithms. The Landsat 8 

TIRS-1 band 10 (10.60-11.19 μm) with 30m resolution was utilised. The TIRS-1 is 

exceptionally sensitive to urban temperature variations due to its shorter wavelength 

and its ability to detect temperature gradients in urban areas, where UHI effects are 

very noticeable [26].  

Land surface temperature was retrieved from Landsat 8 TIRS-1 band 10 (10.60–11.19 

μm, 30 m resolution) for the period 2014-2023, applying atmospheric correction 

algorithms to ensure accuracy. Band 10 is highly sensitive to urban temperature 

variations, making it suitable for detecting UHI-related temperature gradients [26]. 

Landsat 8’s spatial and temporal coverage provides reliable datasets for LST 

estimation, valued for its precision and accessibility [15, 74.] Conversion from satellite 

brightness temperature to LST in Celsius was performed using Equation 3, 

incorporating physical constants (Planck’s constant, Boltzmann constant, and speed 

of light). Radiant temperatures were corrected by subtracting absolute zero (–273.15 

°C). 

LST( ௢C) = ்ಳ[1+(ఒ×೅ಳഐ )ln(௘)] − 273.15      Equations [3] 
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Where λ is the wavelength of the radiated radiance, = h(c/s) = 1.4388 102m K = 14388 

m K, h is Planck's constant = 6.626 1034Js, s is the Boltzmann constant = 1.38 

1023J/K, and c is the velocity of light = 2.998 108m/s.  This digital workflow 

demonstrates how remote sensing and smart geospatial analytics enable consistent 

monitoring of urban thermal dynamics, providing actionable data for climate-resilient 

urban planning. 

2.5 Calculations of Spatiotemporal Parameters of UHI 

2.5.1 Mapping of the UHI and Non-UHI 

The UHI distribution and development vary across cities, influenced by factors such 

as LST [55]. UHI distribution and intensity were quantified by comparing urban and 

non-urban LST values using Equations 4 and 5. UHI = LST > ߤ + 0.5 ∗  Equation [4]        ߜ

Non- UHI = 0 < LST ≤ ߤ + 0.5 ∗  Equations [5]       ߜ

Mean ( ߤ ) and standard deviation ( ߜ ) of LST were applied to classify elevated 

temperature zones. To improve accuracy, land use/land cover (LULC) maps were 

integrated with LST outputs, thereby ensuring precise delineation of heat island 

regions and reducing misclassification in transitional zones. 

2.5.2 Mapping Urban Hot Spot Areas 

The Urban Hot Spots (UHS) areas for Greater Francistown City were computed using 

Equation 6, which represents spatial clusters of high LST within built-up areas [58].  

 UHS =  LST > ߤ + 2 ∗  Equations [6]       ߪ

Thresholds were determined using statistical percentiles of LST values to ensure 

consistency across the five study years (2014, 2016, 2019, 2021, 2023). This 

combined approach linking statistical thresholds with geospatial mapping highlights 

the role of digital remote sensing and smart analytics in detecting climate risk zones 

and supporting sustainable urban design. 
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3 Results  

3.1 Spatiotemporal Distribution of UHI and non-UHI 

Fig. 2 depicts the UHI and non–UHI status in Greater Francistown City at the five 

time points of 2014, 2016, 2019, 2021, and 2023. 

 

Fig 2 Greater Francistown City Identified UHI and Non-UHI  

Table 2 summarises areas and the percentages of Greater Francistown City's UHI, 

non-UHI, and Urban hotspot precincts. The UHI was mainly observed in the city's built-

up and bare land precincts. These areas grew from the Southwest to the Northwest 

from 2014 to 2016, expanded from the city’s centre to the northern area in 2019-2021, 

and extended to the southwest in 2023, following the spatial patterns of LULC and 

LST changes. 

Table 2 . Spatiotemporal Variations of UHI, non-UHI, and Urban Hotspot Areas 

 2014 2016 2019 2021 2023 

Clas

s 

Area 

km2 

% Area 

km2 

% Area 

km2 

% Area 

km2 

% Area 

km2 

% 

UHI 6.05 7.74 5.19 6.64 4.71 6.03 5.84 7.48 6.62 8.47 

Non-

UHI 

72.07 92.2

6 

72.93 93.3

6 

73.41 93.9

7 

72.28 92.54 71.49 91.5

3 
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UHS 3.02 3.87 1.59 2.04 1.88 2.41 2.02 2.59 2.44 3.12 

In 2014, 6.05 km² (7.74%) of the Greater Francistown city was classified as UHI, 

largely concentrated in bare-land precincts. The UHI extent declined to 4.71 km² 

(6.03%) in 2019, before rising again to 6.62 km² (8.47%) in 2023, reflecting the city’s 

rapid expansion and land-use change. The period from 2021 (7.45%) to 2023 (8.47%) 

saw a 0.99% increase in the total area classified as UHI (Table 2). The average LST 

values for UHI were estimated at 35.13 °C (2014), 37.80 °C (2016), 39.61 °C (2019), 

36.89 °C (2021), and 35.43 °C (2023). This range (35–40 °C) confirms the strong link 

between impervious surfaces, vegetation loss, and heat retention. 

These results demonstrate the strong correlation between urban growth patterns and 

UHI intensity. The occurrence of UHI in the city can raise climatic and environmental 

concerns, potentially affecting individuals' general welfare. Furthermore, 2023 

confirms the growth of UHI regions. This underscores the need for digital climate 

monitoring systems to track spatiotemporal variability and guide adaptive planning.  By 

integrating geospatial analytics into climate information systems, cities like 

Francistown can identify risk zones and design resilience strategies that mitigate heat 

stress. 

Conversely, the non–UHI areas were extensive in the Northern and Southern regions 

of the city, covering 72.07 km2 (92.26%) in 2014, 72.28% in 2019, and 91.53% in 2023, 

as indicated by the white colour in Fig 3. The non–UHI area decreases across the 

study area as the UHI area increases. 

3.2 Spatiotemporal Distribution of Urban Hotspots 

Fig 3 depicts the Urban Hotspot (UHS) in Greater Francistown City at five time points: 

2014, 2016, 2019, 2021, and 2023, based on the LST analysis. The identified UHS 

were distributed in a few extremely concentrated areas in the bare land and built-up 

areas. 
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Fig 3 Greater Francistown City Identified Urban Hotspot 

Urban Hotspot precincts declined from 3.02 km² (3.87%) in 2014 to 1.59 km² (2.04%) 

in 2016, then expanded to 2.44 km² (3.12%) in 2023 (Fig 3), representing a 1.08% 

increase in UHS. The UHS exhibits less significance in water bodies and vegetation 

areas. In 2014, the UHS area was 3.02 km2 (3.87%).  

These hotspots were concentrated on bare land, in industrial zones, on metal roofs, 

and in parking bays, while vegetation and water bodies showed minimal heat 

accumulation. By 2023, 75.68 km2 (96.88%) of the city remained free of hotspots, 

indicating localised but intensifying thermal stress. These thresholds provide a 

quantitative benchmark for identifying risk zones and prioritising interventions. 

The identification of UHS thresholds were 40.02°C, 43.27°C, 40.86°C, 37.47°C, 

40.06°C, 42.45°C, 40.27°C, 40.07°C, 40.07°C and 38.10°C for 2014-2023 (ranging 

from 37.47 °C to 43.27 °C) highlights the precision of remote sensing and geospatial 

analytics in detecting microclimate extremes. Embedding these insights into smart 

climate information systems enables proactive resilience planning by targeting 

vulnerable precincts with cooling interventions, such as green, reflective, and 

permeable surfaces. 
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4 Discussions 

The results confirm that UHI intensity in Francistown is strongly associated with bare 

land and built-up precincts, where impervious surfaces and reduced vegetation amplify 

heat retention. The fluctuations observed between 2014 and 2023 reflect the dynamic 

interplay of land-use change, urban expansion, and climatic variability [66, 59, 36]. 

The resurgence of UHI extent after 2021 underscores the need for continuous 

high-resolution digital monitoring to anticipate thermal risks and guide adaptive 

interventions. Recent work on smart city digital twins demonstrates how integrated 

climate data can be used to forecast collective urban heat exposure and support 

proactive resilience planning [54]. 

The environmental implications are significant: elevated LST values increase energy 

demand, degrade air and water quality, and intensify health risks during heat waves 

[37, 34, 41]. These findings highlight the urgency of embedding smart climate 

information systems into urban governance to enable early warning, targeted cooling 

strategies, and resilience planning. Advances in big-data-driven prediction models 

now enable intelligent forecasting of UHI dynamics, strengthening the evidence base 

for sustainable urban design [73]. 

Conversely, the persistence of non-UHI zones in vegetated and open areas 

demonstrates the cooling potential of green infrastructure and ecosystem-based 

solutions. This reinforces the importance of integrating nature-based approaches with 

digital geospatial analytics to design sustainable urban futures. A recent global study 

using open data and collaborative technology confirms that combining vegetation 

mapping with UHI monitoring enhances resilience in rapidly urbanising regions [61].  

Urban Hotspot analysis further revealed localised but intensifying heat stress, 

concentrated in industrial zones, metal-roofed structures, and parking bays. The 

identification of UHS thresholds (37-43 °C) illustrates the precision of remote sensing 

and geospatial technologies in detecting microclimate extremes. Embedding these 

insights into smart urban planning frameworks can support targeted interventions such 

as reflective surfaces, shading, and urban greening. 

Overall, the study demonstrates how digital transformation in climate monitoring, 

enabled by remote sensing, geospatial analytics, and smart information systems, 

provides actionable evidence for sustainable urban design. By linking thermal 
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dynamics to resilience strategies, Francistown offers a model for semi-arid cities 

seeking to balance rapid urbanisation with climate-smart sustainability. 

5 Conclusion  

This study demonstrates that the spatial patterns of Urban Heat Island intensity and 

thermal hotspot dynamics in Francistown are closely associated with rapid 

urbanisation, land-use change, and vegetation loss. By integrating geospatial 

analytics and Earth observation technologies, the study generates spatially explicit 

evidence that can inform climate information systems and support more sustainable 

urban development. The findings highlight the value of integrating smart, data-driven 

approaches into urban planning frameworks to identify heat-vulnerable areas, guide 

targeted intervention, reduce heat stress, improve environmental quality, and 

strengthen resilience in semi-arid cities. 

As a global South case study, Francistown city illustrates the challenges and 

opportunities associated with managing urban heat in rapidly urbanising contexts. The 

study contributes to a more just and inclusive climate-resilience agenda by 

demonstrating how locally grounded geospatial evidence can support climate-

responsive planning and governance. Its findings align with SDG 11 (Sustainable 

Cities and Communities) by supporting more resilient and sustainable urban 

development, SDG 13 (Climate Action) by informing climate-risk monitoring and 

adaptation, and SDG 9 (Industry, Innovation, and Infrastructure) through the 

application of digital technologies for climate modelling, environmental monitoring, and 

decision support. More broadly, the study offers transferable insights into how smart, 

climate-resilient, and context-sensitive planning approaches can contribute to 

sustainable urban futures. 

6 Policy Recommendations 

To effectively mitigate UHI impacts in Greater Francistown City, government 

authorities should adopt and enforce a comprehensive urban heat resilience policy 

that integrates zoning regulations for green spaces, mandates the use of cool roofs 

and energy-efficient building materials, and incentivises developers to implement 

sustainable, heat-resilient practices. Establishing clear standards and guidelines for 

climate-responsive infrastructure will ensure that all new developments account for 
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thermal risks, thereby safeguarding public health, enhancing environmental quality, 

and strengthening long-term urban resilience. 

7 Limitations and Future Research Directions 

This study offers valuable insights into UHI dynamics in Greater Francistown City but 

has several limitations. Reliance on Landsat 8 imagery, with moderate resolution and 

a 16-day revisit cycle, may miss finer temporal variations. Limited ground-based 

climate and health data constrained validation and direct linkage to human exposure, 

while focusing on a single semi-arid city, restricts wider generalisability. 

Future research should employ higher-resolution datasets (Sentinel-2, MODIS, UAV 

imagery), expand ground-truthing using local climate stations, and apply 

machine-learning models for predictive UHI mapping. Comparative studies across 

southern African cities and integration of socio-economic vulnerability assessments 

would strengthen regional relevance. Policy-oriented research is also needed to 

evaluate zoning regulations, green infrastructure incentives, and heat-resilient building 

standards, ensuring scientific evidence informs urban governance and climate 

adaptation. 
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    L  𝜆


    T  B =     K 2  ln ⁡  (     K 1    L  𝜆 + 1 )


  LST  (     o C ) =     T  B   [ 1 +  ( 𝜆 ×     T  B  𝜌 ) ln ⁡ ( e ) ] − 273 . 15


  UHI = LST > 𝜇 + 0 . 5 ∗ 𝛿


  Non- UHI  = 0 < LST ≤ 𝜇 + 0 . 5 ∗ 𝛿  
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   UHS  =  LST  > 𝜇 + 2 ∗ 𝜎
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