Dust, Heat and Urban Exposure in Kano Metropolis: A Remote Sensing Assessment of Atmospheric Vulnerability


Abstract
This study assessed dust–heat atmospheric vulnerability across Kano Metropolis, Nigeria, using a remote sensing and geospatial index approach. The Dust–Heat Atmospheric Vulnerability Index (DHAVI) was developed for eight metropolitan Local Government Areas: Dala, Fagge, Gwale, Kano Municipal, Kumbotso, Nasarawa, Tarauni and Ungogo. The index integrated satellite-derived atmospheric indicators, land surface temperature, vegetation condition, built-up pressure, population exposure, road density, market pressure, industrial/commercial activity, nighttime activity and wind-dispersion context. Atmospheric indicators were extracted for the dust season from 1 November 2023 to 31 March 2024, while surface heat indicators were extracted for the hot-dry season from 1 March to 31 May 2024. Results show clear spatial inequality in atmospheric vulnerability. Gwale recorded the highest DHAVI score of 0.602 and was classified as High vulnerability. Tarauni ranked second with 0.520, followed by Dala with 0.516 and Nasarawa with 0.501. Kano Municipal, Kumbotso and Fagge were classified as Moderate, while Ungogo recorded the lowest score of 0.240. The findings show that vulnerability was compound rather than single-factor. Kumbotso recorded the highest mean land surface temperature at 49.280°C, while Ungogo recorded the highest AOD at 0.576, yet neither ranked highest overall. Gwale ranked first because atmospheric burden, NO2, CO, road pressure, industrial/commercial activity, nighttime activity and population exposure overlapped. The study concludes that DHAVI is useful for spatial prioritisation, and recommends immediate ground monitoring and LGA-specific atmospheric-risk planning in Gwale, Tarauni, Dala and Nasarawa.
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1. Introduction
Urban atmospheric vulnerability is an increasing concern in rapidly growing African cities, where air pollution, heat exposure, land-cover change, population concentration and urban activity pressure often overlap. In dryland and semi-arid cities, these risks are intensified by seasonal dust, high surface temperatures, limited vegetation and expanding built-up surfaces. Recent studies show that air-quality and atmospheric-risk assessment in African cities increasingly requires satellite observations, meteorological data, population indicators, land-surface variables and ground monitoring where available (Abdulraheem et al., 2025; Adong et al., 2025; Okure et al., 2025; Westervelt et al., 2025). Kano Metropolis is a suitable case for this type of assessment because it combines dense residential districts, old commercial cores, major markets, road corridors, industrial/commercial activity zones and expanding peri-urban settlements. Its dryland setting also exposes it to dust-season atmospheric conditions and strong hot-season surface heating. These conditions suggest that atmospheric vulnerability may be strongest where dust/aerosol burden, combustion-related indicators, surface heat, weak vegetation, hard surfaces, population exposure and urban activity pressure overlap. Recent Nigerian and African studies support the use of remote sensing and open geospatial data where ground monitoring is limited. Abdulraheem et al. (2025) modelled PM2.5 across Nigerian cities using machine learning and open-source variables, while Omokpariola et al. (2024) used Sentinel-5P products to analyse air-quality trends across Nigeria. At the West African scale, Westervelt et al. (2025) showed that satellite data, surface monitors and machine learning can improve high-resolution PM2.5 estimation. However, these studies also show that satellite-derived indicators require careful interpretation because they do not directly measure breathing-level exposure.
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This distinction is important for the present study. Aerosol Optical Depth (AOD), Absorbing Aerosol Index, tropospheric nitrogen dioxide (NO2) and carbon monoxide (CO) are useful atmospheric column indicators, but they are not direct measurements of personal exposure or ground-level PM2.5. AOD describes aerosol loading, while NO2 and CO provide information on combustion-related atmospheric conditions. Adong et al. (2025) showed that MODIS MAIAC AOD can support PM2.5 estimation when combined with ground measurements, and Shabbir et al. (2024) demonstrated the value of Sentinel-5P NO2 and CO for regional atmospheric pollution assessment. Urban heat is another core part of atmospheric vulnerability. Across African cities, vegetation loss, built-up expansion and land-use change have been linked with rising land surface temperature and stronger urban thermal stress (Melese et al., 2025; Muhoza et al., 2025; Muhoza & Zhou, 2025). However, LST must also be interpreted carefully because it measures land surface temperature, not air temperature or personal heat exposure. Recent studies caution that satellite-derived LST can misrepresent urban heat hazard when treated as a direct measure of human-relevant heat exposure (Hurduc et al., 2024; Zhan et al., 2025). Population exposure, urban activity and meteorology further shape atmospheric vulnerability. Human activity, transport, markets, combustion sources and population distribution influence urban pollution patterns and policy priorities (Abdulraheem et al., 2025; Okure et al., 2025). Wind speed also affects dispersion because calmer conditions may allow dust and pollutants to persist for longer periods (Adong et al., 2025; Westervelt et al., 2025). For this reason, this study combines atmospheric indicators, LST, NDVI, NDBI, GHSL built-up surface, GHSL population, VIIRS nighttime lights, OpenStreetMap activity-pressure indicators and ERA5-Land wind speed.
Despite growing remote-sensing research on air pollution, heat and land-cover change, few studies integrate these dimensions into one metropolitan-scale vulnerability framework for northern Nigerian cities. This study addresses that gap by developing a Dust–Heat Atmospheric Vulnerability Index (DHAVI) for the eight metropolitan LGAs of Kano: Dala, Fagge, Gwale, Kano Municipal, Kumbotso, Nasarawa, Tarauni and Ungogo. DHAVI does not replace ground monitoring or claim direct health exposure. Instead, it provides a transparent spatial screening framework for identifying where dust, heat, population exposure, urban activity pressure and dispersion conditions overlap, and where field verification and targeted atmospheric-risk planning should begin.
2. Literature Review
2.1 Remote Sensing and Geospatial Assessment of Atmospheric Vulnerability
Urban atmospheric vulnerability is increasingly understood as the combined outcome of air pollution, heat exposure, land-cover change, population concentration and urban activity pressure. In fast-growing cities, especially in the Global South, these risks are difficult to assess with ground monitoring alone because air-quality stations are often limited, unevenly distributed or absent. This has encouraged wider use of remote sensing and geospatial indicators to support environmental monitoring, urban-risk screening and policy prioritisation. For Kano Metropolis, this approach is useful because the city combines dense settlement, dry-season dust exposure, surface heating, road activity, market pressure and expanding built-up areas. Recent studies show that satellite and open-source data can support air-quality assessment where ground monitoring is weak. Abdulraheem et al. (2025) modelled PM2.5 across Nigerian cities using machine learning and open-source data, including satellite-derived indicators, meteorological variables, population growth and human activity. Their study shows that Nigerian urban air-quality analysis can be strengthened by combining environmental and human-pressure variables rather than relying on one source of data.
2.2 Aerosol, NO2 and CO indicators in Air-Quality Studies
Aerosol Optical Depth, Absorbing Aerosol Index, NO2 and CO are useful satellite-derived atmospheric indicators, but they should not be treated as direct personal exposure measurements. AOD describes aerosol loading in the atmospheric column, while Sentinel-5P NO2 and CO describe atmospheric gases associated with combustion-related conditions. Adong et al. (2025) estimated PM2.5 in Kampala using MODIS MAIAC AOD together with low-cost and reference-grade monitors. Their findings support the use of AOD for air-quality screening in African cities, while also confirming that satellite AOD should be calibrated or validated with ground measurements when the aim is to estimate ground-level PM2.5. Sentinel-5P products are also important for identifying atmospheric gas patterns. Shabbir et al. (2024) used Sentinel-5P to analyse tropospheric NO2 and CO over Punjab and Haryana, showing the value of these products for detecting spatio-temporal patterns in atmospheric pollution. However, such indicators remain column-based observations. They are strongest when used for spatial comparison, hotspot identification and screening, and weaker when used alone to claim ground-level exposure.
2.3 Urban Heat, Vegetation Loss and Built-Up Pressure
Urban heat is another major component of atmospheric vulnerability. Land surface temperature is widely used because it provides spatially detailed evidence of surface heating, especially where weather-station coverage is limited. Muhoza et al. (2025) examined vegetation loss and urban heat across 151 African cities from 2003 to 2023 and found that urbanisation and vegetation decline are closely linked with rising land surface temperature. Melese et al. (2025) also showed in Bahir Dar, Ethiopia, that LULC change affects LST and contributes to urban heat island intensification. These findings support the use of LST, NDVI and built-up indicators in urban heat-risk analysis. For Kano, low vegetation, hard-surface expansion and dense built-up conditions are expected to intensify surface heating and reduce local cooling potential. NDVI is commonly used to represent vegetation greenness, while NDBI and built-up surface products help describe built-up or hard-surface intensity. Combining LST, NDVI, NDBI and GHSL built-up surface therefore provides a stronger urban-form interpretation than using LST alone. At the same time, recent literature warns that LST should be interpreted carefully. Hurduc et al. (2024) noted that different satellite LST products vary in their suitability for surface urban heat island studies because sensors differ in resolution, retrieval method and observation time. This means LST is not the same as air temperature or human thermal comfort. In the DHAVI framework, LST is therefore used as a surface heat indicator, not as direct air temperature or physiological heat exposure.
2.4 Population Exposure, Activity Pressure and Wind Dispersion
Population exposure is an important dimension of atmospheric vulnerability because environmental stress becomes more policy-relevant where many people are exposed to it. GHSL population data can help identify where atmospheric and surface risks overlap with people. However, population should not be interpreted as vulnerability by itself. A densely populated LGA may not rank highest if atmospheric and urban-pressure indicators are weaker. This is why compound indexing is useful: it separates places with only one strong risk signal from places where several risk conditions overlap.
Urban activity indicators also strengthen spatial interpretation. VIIRS nighttime lights can indicate urban intensity, nighttime activity and electrified or commercial activity, while road density, market density and industrial/commercial density can represent transport and activity pressure. These indicators do not directly measure emissions, electricity access or generator use, but they help identify where human activity may intensify atmospheric stress. Abdulraheem et al. (2025) showed that human activity and population-related variables are useful in Nigerian PM2.5 modelling. This supports the inclusion of activity-pressure indicators in DHAVI, especially in a city where traffic, markets, generators and informal commercial activities may affect local atmospheric conditions.
Meteorology is also important because pollutant accumulation depends partly on dispersion conditions. Lower wind speed can reduce dispersion and may allow dust or pollutants to remain concentrated for longer periods. Recent air-quality modelling increasingly includes meteorological factors because atmospheric conditions influence pollutant transport and concentration (Abdulraheem et al., 2025; Adong et al., 2025). In this study, ERA5-Land wind speed was included as a regional wind-dispersion context indicator. It is not a street-level ventilation measure, but it provides useful background information for interpreting atmospheric vulnerability.
3. Materials and Methods
Create a workflow of the methodology and include each of the items and phases of the work development.
3.1 Study area and research design
The study covered eight metropolitan LGAs of Kano Metropolis: Dala, Fagge, Gwale, Kano Municipal, Kumbotso, Nasarawa, Tarauni and Ungogo. These LGAs represent the main urban, commercial, residential and peri-urban structure of the metropolis. The LGA boundary shapefile was prepared and checked in ArcGIS, then used in Google Earth Engine and Google Colab for spatial analysis.  The study used a remote sensing and geospatial index approach to assess dust–heat atmospheric vulnerability. The Dust–Heat Atmospheric Vulnerability Index (DHAVI) was designed to identify where atmospheric burden, surface heat, vegetation weakness, built-up pressure, population exposure, urban activity pressure and weak wind-dispersion conditions overlap. DHAVI is a spatial screening tool; it does not directly measure ground-level PM2.5, personal exposure or health outcomes.
Create a figure with the localization in the country.
3.2 Data sources and indicators
The analysis used two seasonal windows. Atmospheric indicators were extracted for the dust season from 1 November 2023 to 31 March 2024, while land-surface heat indicators were extracted for the hot-dry season from 1 March to 31 May 2024. See the table 1.
Table 1: Data sources and Indicator Roles
	Indicator
	Dataset/source
	Role in DHAVI

	AOD at 0.47 µm
	MODIS MAIAC MCD19A2
	Aerosol/dust burden indicator

	Absorbing Aerosol Index
	Sentinel-5P
	Absorbing aerosol indicator

	Tropospheric NO2 column
	Sentinel-5P
	Combustion-related atmospheric indicator

	CO column
	Sentinel-5P
	Combustion-related atmospheric indicator

	LST
	Landsat 8/9 Collection 2 Level 2
	Surface heat indicator

	NDVI
	Landsat 8/9 Collection 2 Level 2
	Vegetation condition indicator

	NDBI
	Landsat 8/9 Collection 2 Level 2
	Built-up/hard-surface indicator

	Built-up surface
	GHSL built-up surface
	Built-up surface intensity indicator

	Population
	GHSL population
	Population exposure indicator

	Nighttime radiance
	VIIRS nighttime lights
	Nighttime activity indicator

	Roads, markets and industrial/commercial features
	OpenStreetMap
	Urban activity-pressure indicators

	Wind speed
	ERA5-Land monthly aggregated data
	Wind-dispersion context indicator


3.3 Atmospheric, Surface and Exposure Indicators
AOD from MODIS MAIAC was used to represent aerosol and dust burden. Sentinel-5P Absorbing Aerosol Index represented UV-absorbing aerosols such as dust and smoke. Sentinel-5P NO2 and CO represented combustion-related atmospheric conditions linked to traffic, generators, fuel use, biomass burning and other urban activities. These variables were interpreted as atmospheric column indicators, not direct ground-level pollution measurements. Landsat 8/9 Collection 2 Level 2 data were used to derive land surface temperature, NDVI and NDBI. Poor-quality pixels affected by cloud, cloud shadow, cirrus and fill were removed using the QA_PIXEL band, and median composites were produced. LST represented surface heat, not air temperature. NDVI represented vegetation condition, with lower values indicating weaker vegetation and lower cooling potential. NDBI represented built-up or hard-surface pressure. GHSL built-up surface was used to represent built-up surface intensity, while GHSL population represented population exposure. VIIRS nighttime radiance represented nighttime activity intensity. OpenStreetMap road, market and industrial/commercial features were converted to density indicators to represent transport, commercial and urban activity pressure.
3.4 Wind speed, extraction and normalisation
ERA5-Land monthly wind data were used to calculate 10 m wind speed from the u and v wind components (Eq. 1).
Wind speed = √(u² + v²)      (1)
Lower wind speed was treated as higher weak-dispersion risk because dust and pollutants may disperse less efficiently under calmer conditions. This was used as regional dispersion context, not as a measure of street-level ventilation. All raster indicators were clipped to the Kano Metropolitan boundary and summarised by LGA using zonal statistics. Mean values were extracted for atmospheric, surface, built-up, nighttime-light and wind indicators, while population was summed by LGA. Road, market and industrial/commercial features were converted to density values using LGA area. Each indicator was normalised to a 0–1 scale. For indicators where higher values mean higher vulnerability, the formula was in the equation (2).
X′ = (X − Xmin) / (Xmax − Xmin)     (2)
For NDVI and wind speed, inverse normalisation was applied because lower vegetation and lower wind speed indicate higher vulnerability, see the equation (3).
X′ = (Xmax − X) / (Xmax − Xmin)      (3)
3.5 DHAVI construction and limitation
The Dust–Heat Atmospheric Vulnerability Index was calculated as the arithmetic mean of the normalised risk components, see the equation (4).
DHAVI = ΣX′ᵢ / n	(4)
where DHAVI is the final vulnerability score, X′ᵢ is each normalised indicator, and n is the number of indicators. Equal weighting was used to keep the index transparent and avoid unsupported subjective weighting. Higher DHAVI values indicate stronger overlap of atmospheric burden, heat, exposure and urban-pressure conditions. The DHAVI framework should be interpreted as a spatial prioritisation tool. Satellite atmospheric indicators describe column conditions, not direct ground-level concentrations. LST measures land surface temperature, not air temperature. VIIRS, OSM and GHSL indicators support urban-pressure interpretation but do not directly measure emissions, electricity access, poverty or personal exposure. Future work should add ground air-quality monitoring, traffic counts, generator-use data, field observations and health or household exposure data to validate and refine the index.
4. Results and Discussion
4.1 Overview of the DHAVI results
The Dust-Heat Atmospheric Vulnerability Index (DHAVI) was developed to identify where satellite-derived atmospheric indicators, dust/aerosol burden, surface heat, vegetation condition, built-up pressure, population exposure, road pressure, market pressure, industrial/commercial activity, nighttime activity and weak wind-dispersion conditions overlap in Kano Metropolis. The index is interpreted as a spatial screening tool for identifying where atmospheric, heat, exposure and urban-pressure indicators overlap. It is not a direct measure of ground-level PM2.5, personal exposure, respiratory disease or health outcome. This approach is consistent with recent air-quality studies in data-scarce African and Nigerian contexts, where satellite-derived indicators and open-source data are increasingly used because ground monitoring is limited or irregular (Abdulraheem et al., 2025; Adong et al., 2025). See table 2.
Table 2: DHAVI ranking of Kano metropolitan LGAs
	Rank
	LGA
	DHAVI score
	Vulnerability class

	1
	Gwale
	0.601898
	High

	2
	Tarauni
	0.519761
	High

	3
	Dala
	0.516265
	High

	4
	Nasarawa
	0.501156
	High

	5
	Kano Municipal
	0.471869
	Moderate

	6
	Kumbotso
	0.442358
	Moderate

	7
	Fagge
	0.427251
	Moderate

	8
	Ungogo
	0.240304
	Lower



The final DHAVI output in Figure.1 shows a clear spatial difference across the eight metropolitan LGAs. Four LGAs were classified as High vulnerability: Gwale, Tarauni, Dala and Nasarawa. Three LGAs were classified as Moderate: Kano Municipal, Kumbotso and Fagge. Ungogo was classified as Lower. This pattern shows that atmospheric vulnerability in Kano is not controlled by one factor. It is produced by the combined effect of aerosol burden, atmospheric gases, heat, vegetation condition, built-up pressure, population exposure and urban activity indicators.

[image: ] Figure 1: Spatial Distribution of the Dust–Heat Atmospheric Vulnerability Index – put the coordinate system, projection and datun
4.2 Spatial Ranking and Compound Vulnerability Pattern
Gwale ranked first with a DHAVI score of 0.602 (Table 2). This score places it clearly within the High vulnerability class. Tarauni ranked second with 0.520, followed by Dala with 0.516 and Nasarawa with 0.501. The difference between the highest and lowest DHAVI values is large: Gwale’s score is about 2.50 times Ungogo’s score of 0.240. This shows that the distribution of atmospheric vulnerability is uneven across Kano Metropolis. The result is important because the highest-ranked LGA was not the hottest LGA and was not the LGA with the highest AOD. Kumbotso recorded the highest mean LST at 49.280°C, while Ungogo recorded the highest mean AOD at 0.576. However, Gwale ranked first because several risk components overlapped there, especially NO2 risk, CO risk, industrial/commercial pressure, road pressure, nightlight activity and population exposure. This confirms that DHAVI is a compound vulnerability index, not a single-variable heat or dust map. This finding agrees with recent multi-source air-quality studies that argue that air-pollution vulnerability cannot be explained by one atmospheric variable alone. Abdulraheem et al. (2025) showed that PM2.5 modelling in Nigerian cities benefits from open-source and satellite-derived predictors, including meteorological factors, population growth and human activity. Similarly, recent multi-source remote-sensing work shows that air-quality assessment improves when satellite, environmental and urban predictors are integrated rather than interpreted separately (Kalaiselvi et al., 2025).
Table 3: Atmospheric, Surface and Exposure Indicators by LGA
	LGA
	Mean AOD
	Mean AAI
	Mean NO2
	Mean CO
	Mean LST (°C)
	Mean NDVI
	Mean NDBI
	Pop2025
	Mean wind speed (m/s)

	Gwale
	0.555013
	1.098655
	0.000059653
	0.040065
	47.615586
	0.141241
	0.082509
	757652
	1.971853

	Tarauni
	0.536943
	1.101348
	0.000051090
	0.039355
	47.675927
	0.150323
	0.070145
	344056
	1.949177

	Dala
	0.543586
	1.079507
	0.000047452
	0.039526
	48.525664
	0.114045
	0.084442
	472184
	1.974774

	Nasarawa
	0.539277
	1.092491
	0.000043831
	0.038996
	47.932993
	0.126788
	0.084711
	419409
	1.949368

	Kano Municipal
	0.526752
	1.108284
	0.000060027
	0.039721
	47.500881
	0.141221
	0.077624
	464316
	1.973335

	Kumbotso
	0.555079
	1.039516
	0.000041944
	0.039397
	49.280319
	0.164107
	0.112285
	1285802
	1.928641

	Fagge
	0.553945
	1.067751
	0.000041013
	0.039076
	48.928073
	0.154141
	0.088530
	359176
	1.978478

	Ungogo
	0.575906
	1.003763
	0.000032447
	0.038619
	48.604873
	0.160567
	0.116872
	903433
	1.982175



4.3 Aerosol and Dust-Season Atmospheric Pattern
The AOD results in Figure 2 shows that aerosol burden was spatially widespread across Kano Metropolis during the dust-season window. Ungogo recorded the highest mean AOD at 0.576, followed by Kumbotso at 0.555, Gwale at 0.555 and Fagge at 0.554. The AOD range between the highest and lowest LGA was 0.049, from 0.527 in Kano Municipal to 0.576 in Ungogo. This relatively narrow range suggests that dust/aerosol burden affected the metropolis broadly, rather than being restricted to one LGA. However, AOD did not control the DHAVI ranking. Ungogo had the highest AOD but ranked lowest overall with a DHAVI score of 0.240. This is because its other risk components were weak relative to the rest of the metropolis. Its NO2 risk, CO risk, road pressure, market pressure, nightlight activity and weak-wind risk were all low in the normalized risk Table 3. Therefore, Ungogo is better interpreted as a dust/aerosol concern, not as the strongest compound atmospheric vulnerability hotspot. The use of AOD as a indicator is defensible, but it must be interpreted cautiously. Recent studies show that satellite AOD is useful for air-quality screening in places with limited monitoring, but AOD is a column-based aerosol measure and does not directly equal ground-level PM2.5. Adong et al. (2025) used MODIS MAIAC AOD with ground monitors in Kampala and found that model performance improved when AOD was combined with other data. This supports the logic of the present study: AOD is useful, but stronger interpretation comes from combining it with heat, land-cover, population and activity indicators.
[image: ] Figure .2: AOD/Dust Risk across Kano Metropolis – put the coordinate system, projection and datun

4.4 Absorbing Aerosol, NO2 and CO Pattern
Figure.3 shows the Absorbing Aerosol Index (AAI) which provided additional information on UV-absorbing aerosols such as dust and smoke. Kano Municipal recorded the highest AAI at 1.108, followed by Tarauni at 1.101, Gwale at 1.099 and Nasarawa at 1.093. This shows that the strongest absorbing-aerosol signal leaned more toward central and inner-metropolitan LGAs than the AOD signal alone. NO2 and CO helped identify possible combustion-related atmospheric pressure. Kano Municipal recorded the highest mean NO2 column at 0.000060027, closely followed by Gwale at 0.000059653. Gwale also recorded the highest CO column at 0.040065. These values help explain why Gwale ranked first in DHAVI even though it was not the hottest LGA. Its atmospheric profile was strengthened by high gas-related risk components, especially normalized NO2 risk of 0.986 and CO risk of 1.000. This interpretation is consistent with the role of Sentinel-5P in atmospheric monitoring. Sentinel-5P/TROPOMI is used for air-quality and climate monitoring, and its NO2, CO and aerosol products are widely applied for atmospheric screening. Positive AAI values are associated with UV-absorbing aerosols such as dust and smoke, which is relevant for a Sahelian dust-season context. In this study, these products are not treated as ground exposure measurements, but as atmospheric indicators that help identify spatial differences in compound vulnerability.

 Figure 3.: Absorbing Aerosol Index, NO2 and CO Atmospheric Pattern
4.5 Surface Heat, Vegetation and Built-Up Pressure
The LST results in Figure .3 show strong hot-dry season surface heat across the metropolis. Kumbotso recorded the highest mean LST at 49.280°C, followed by Fagge at 48.928°C, Ungogo at 48.605°C and Dala at 48.526°C. The lowest mean LST was recorded in Kano Municipal at 47.501°C. The difference between the hottest and coolest LGAs was 1.779°C, which is meaningful at LGA scale because these are averaged values across large administrative units. The heat pattern differs from the DHAVI pattern. Kumbotso had the highest LST and a high AOD value of 0.555, but it ranked sixth in DHAVI with 0.442. Fagge also recorded high LST and AOD, but ranked seventh with 0.427. This means that heat and dust signals are important but do not automatically translate into the highest compound atmospheric vulnerability. They become more significant when they overlap with other urban and exposure pressures.
The NDVI results also support the heat-vulnerability interpretation. Dala recorded the lowest NDVI at 0.114, followed by Nasarawa at 0.127. In the normalized risk Table 3, Dala recorded the highest low-vegetation risk score of 1.000, while Nasarawa recorded 0.745. This is important because weak vegetation may reduce cooling, reduce dust interception and increase surface exposure. Recent African urban heat research also shows that vegetation loss is strongly linked with rising LST, and that vegetation plays a measurable cooling role across African cities (Muhoza et al., 2025). NDBI and GHSL built-up indicators show the role of hard-surface pressure. Ungogo recorded the highest mean NDBI at 0.117, followed by Kumbotso at 0.112. However, Dala recorded the highest GHSL built-up risk score of 1.000, followed by Nasarawa at 0.761, Kano Municipal at 0.752 and Tarauni at 0.705. This distinction matters because NDBI captures spectral built-up tendency, while GHSL built-up gives a built-up surface intensity indicator. Recent LST studies in African cities also show that land-use change, built-up expansion and vegetation decline can intensify urban heat, supporting the inclusion of LST, NDVI and built-up indicators in DHAVI (Melese et al., 2025; Muhoza et al., 2025).

 Figure 4: Land Surface Temperature Pattern 
4.6 Population Exposure and Urban Activity Pressure
Population exposure strongly shaped the interpretation of atmospheric vulnerability. Kumbotso had the highest estimated population at 1285802, followed by Ungogo at 903433, Gwale at 757652, Dala at 472184, Kano Municipal at 464316, Nasarawa at 419409, Fagge at 359176 and Tarauni at 344056. In the normalized risk Table 3, Kumbotso had the highest population exposure risk score of 1.000, while Gwale had 0.439. Population alone did not determine DHAVI. Kumbotso had the largest population and the highest LST, but it ranked sixth. Ungogo had the second-largest population and the highest AOD, but it ranked eighth. This result is important because it shows that exposure must be interpreted with atmospheric and urban-pressure indicators. A large population in a dusty or hot LGA signals concern, but DHAVI identifies where several stressors overlap at the same time.
Table 4.: Composite Urban Pressure Indicators by LGA
	LGA
	Area (km²)
	Road density (km/km²)
	Mkt count
	Mkt density/km²
	Indust/comm count
	Indust/comm density/km²

	Gwale
	23.620
	21.499
	2
	0.085
	18
	0.762

	Tarauni
	26.673
	20.840
	5
	0.187
	12
	0.450

	Dala
	13.400
	25.784
	1
	0.075
	1
	0.075

	Nasarawa
	41.653
	21.054
	5
	0.120
	8
	0.192

	Kano Municipal
	17.168
	18.691
	1
	0.058
	5
	0.291

	Kumbotso
	191.506
	13.260
	0
	0.000
	8
	0.042

	Fagge
	38.525
	15.936
	7
	0.182
	12
	0.311

	Ungogo
	222.690
	9.877
	0
	0.000
	22
	0.099



Urban activity indicators in Figure.5 helped explain the difference between high and moderate LGAs. Gwale recorded the highest industrial/commercial density at 0.762 per km², the highest industrial/commercial normalized risk score of 1.000, and a high road-pressure risk score of 0.731. Tarauni recorded the highest market-pressure risk score of 1.000 and the highest nightlight-activity risk score of 1.000. Dala recorded the highest road-pressure risk score of 1.000. These values show that the High-class LGAs were not only exposed to atmospheric and heat signals; they also showed stronger urban activity pressure. This agrees with recent Nigerian PM2.5 modelling evidence that population growth and human activities influence particulate pollution modelling in Nigerian cities (Abdulraheem et al., 2025). It also agrees with broader air-quality modelling research showing that remote-sensing indicators become more useful when combined with human activity, land-use and meteorological variables (Adong et al., 2025; Kalaiselvi et al., 2025).

Figure 5: Population Exposure and Urban Activity Pattern
4.7 Wind Speed and Weak-Dispersion Risk
ERA5-Land wind speed was included to represent atmospheric dispersion context. Lower wind speed was treated as higher weak-dispersion risk because dust and pollutants may disperse less efficiently under calmer conditions. The mean wind speed values across the LGAs in Figure 6 ranged from 1.929 m/s in Kumbotso to 1.982 m/s in Ungogo. The metropolitan-scale test produced an overall mean of about 1.956 m/s during the dust-season window. The wind-speed variation was small, but it still affected the index through normalized weak-wind risk. Kumbotso had the highest weak-wind risk score of 1.000, while Tarauni and Nasarawa had risk scores of 0.616 and 0.613, respectively. Ungogo had the lowest weak-wind risk score of 0.000 because it recorded the highest mean wind speed. This partly explains why Ungogo’s high AOD did not translate into a high DHAVI score.
Industrial/commercial risk and VIIRS nighttime activity also strengthened the interpretation of weak-dispersion conditions. Areas with higher industrial/commercial density and stronger nighttime radiance may represent locations where human activity, transport movement, fuel use, commercial operations and possible combustion sources remain concentrated, especially where wind movement is relatively weak. For example, Tarauni recorded the highest VIIRS nighttime-activity risk score of 1.000, while Gwale recorded the highest industrial/commercial pressure risk score of 1.000, helping explain why both LGAs remained in the High DHAVI class even though they did not have the highest surface temperature. Wind should be interpreted with caution because ERA5-Land is coarser than street-level atmospheric flow. It does not measure ventilation within narrow roads, dense neighbourhoods or market corridors. Still, it adds useful context because atmospheric vulnerability depends not only on pollutant burden and heat, but also on dispersion conditions and the intensity of urban activities occurring within those conditions. Recent air-quality modelling studies also show the value of including meteorological and environmental variables when interpreting satellite-based atmospheric indicators (Abdulraheem et al., 2025; Kalaiselvi et al., 2025).
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Figure 6: Wind Speed and Weak-Dispersion Risk – put the coordinate system, projection and datun

4.8 Why the High-Vulnerability LGAs Ranked Highest
Gwale ranked highest because it combined several strong risk signals. It had high AOD (0.555), high NO2 (0.000059653), the highest CO (0.040), high population exposure (757652), high road-pressure risk (0.731) and the highest industrial/commercial pressure risk (1.000). Its LST was not the highest, at 47.616°C, but DHAVI shows that atmospheric vulnerability is not a heat-only issue. Gwale’s ranking is therefore best explained by combustion-related gases, industrial/commercial activity, road pressure and exposed population. Tarauni ranked second because it had a balanced compound profile. It recorded DHAVI of 0.520, the highest market-pressure risk (1.000), the highest nighttime-activity risk (1.000), and relatively high NO2 risk (0.676). Its wind-dispersion risk was also moderate-to-high at 0.616. Tarauni therefore represents a mixed urban activity and atmospheric vulnerability pattern, rather than a purely heat- or dust-driven pattern.
Dala ranked third because of high surface and built-up stress. It had the lowest NDVI (0.114), the highest low-vegetation risk (1.000), the highest GHSL built-up risk (1.000), and the highest road-pressure risk (1.000). Its LST was also high at 48.527°C. Dala’s result suggests a compact built-up vulnerability pattern where heat, low vegetation, hard surfaces and road density overlap. Nasarawa ranked fourth with DHAVI of 0.501, just above the High-class threshold. It had high low-vegetation risk (0.745), high GHSL built-up risk (0.761), high road-pressure risk (0.703), high market-pressure risk (0.640) and high nighttime-activity risk (0.934). Its atmospheric gas indicators were weaker than Gwale and Kano Municipal, but its combined exposure, vegetation and activity profile pushed it into the High class.
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Table 5: Selected normalized DHAVI Risk Components by LGA
	LGA
	AOD risk
	NO2 risk
	CO risk
	Heat risk
	Low vegetation risk
	GHSL built-up risk
	Population risk
	Road pressure risk
	Market pressure risk
	Industrial/commercial risk
	Nightlight risk
	Weak wind risk

	Gwale
	0.575
	0.986
	1.000
	0.064
	0.457
	0.653
	0.439
	0.731
	0.452
	1.000
	0.704
	0.193

	Tarauni
	0.207
	0.676
	0.509
	0.098
	0.275
	0.705
	0.000
	0.689
	1.000
	0.567
	1.000
	0.616

	Dala
	0.342
	0.544
	0.627
	0.576
	1.000
	1.000
	0.136
	1.000
	0.398
	0.046
	0.390
	0.138

	Nasarawa
	0.255
	0.413
	0.261
	0.243
	0.745
	0.761
	0.080
	0.703
	0.640
	0.209
	0.934
	0.613

	Kano Municipal
	0.000
	1.000
	0.762
	0.000
	0.457
	0.752
	0.128
	0.554
	0.311
	0.346
	0.971
	0.165

	Kumbotso
	0.576
	0.344
	0.538
	1.000
	0.000
	0.078
	1.000
	0.213
	0.000
	0.000
	0.200
	1.000

	Fagge
	0.553
	0.311
	0.316
	0.802
	0.199
	0.399
	0.016
	0.381
	0.969
	0.374
	0.586
	0.069

	Ungogo
	1.000
	0.000
	0.000
	0.620
	0.071
	0.000
	0.594
	0.000
	0.000
	0.079
	0.000
	0.000



4.9 Moderate and Lower-Vulnerability LGAs
Kano Municipal ranked fifth with a DHAVI score of 0.471869. It recorded the highest NO2 value (0.000060027) and the highest absorbing aerosol index (1.108), but it still ranked Moderate because other indicators reduced its composite score. Its heat risk was 0.000, AOD risk was 0.000, and population risk was 0.128. This result shows why single indicators can mislead planning decisions if interpreted alone. Kumbotso ranked sixth with 0.442, despite having the highest LST (49.28°C), the highest population (1285802) and a high AOD value (0.555). Its rank was reduced because it had low road-pressure risk (0.213), zero market-pressure risk, zero industrial/commercial risk, and zero low-vegetation risk. Kumbotso is therefore best interpreted as a heat–population concern, not the strongest compound atmospheric vulnerability hotspot. Fagge ranked seventh with 0.427, although it recorded high LST (48.928°C), high AOD (0.554) and high market-pressure risk (0.969). Its lower rank is explained by weaker NO2, CO, population, road and weak-wind risk scores. Fagge therefore represents a heat–dust–market pressure concern, but not the strongest combined atmospheric vulnerability area under DHAVI. Ungogo ranked lowest with 0.240, despite recording the highest AOD (0.576) and the second-highest population (903433). This result is important because it shows that Ungogo may be more exposed to dust/aerosol burden, but it does not show the same level of combined combustion, road, market, industrial/commercial, nightlight and weak-dispersion pressure. Ungogo should therefore be treated as a dust-exposure monitoring area, not ignored.
4.10 Integrated Vulnerability Typology
The results suggest three atmospheric vulnerability types in Kano Metropolis. The first is compound atmospheric-urban vulnerability, represented by Gwale, Tarauni, Dala and Nasarawa. These LGAs had High DHAVI scores because multiple atmospheric, heat, land-cover and urban-pressure indicators overlapped. They should be treated as the first priority for low-cost air-quality monitoring, dust-season warning, vegetation improvement and emission-sensitive urban management. The second type is heat–dust exposure concern without highest compound score, represented by Kumbotso, Fagge and Ungogo. These LGAs recorded strong heat, AOD or population indicators, but their combined DHAVI scores were lower because other risk components were weaker. This distinction is important for policy because it prevents a heat-only or dust-only interpretation. The third type is central combustion and urban-activity pressure, represented mainly by Kano Municipal and Gwale. Kano Municipal had the highest NO2 and AAI values, while Gwale had very high NO2 and the highest CO value. These LGAs require closer attention to traffic, fuel use, generator activity, road corridors, commercial zones and possible combustion-related atmospheric stress.
4.11 Summary of Key Findings
The DHAVI results show that atmospheric vulnerability in Kano Metropolis is spatially uneven. Gwale ranked first with a DHAVI score of 0.602, followed by Tarauni (0.520), Dala (0.516) and Nasarawa (0.501). These four LGAs were classified as High vulnerability. Kano Municipal, Kumbotso and Fagge were classified as Moderate, while Ungogo was classified as Lower. The most important inference is that atmospheric vulnerability does not follow a single-variable pattern. Kumbotso had the highest LST at 49.280°C, and Ungogo had the highest AOD at 0.576, but neither ranked highest. Gwale ranked highest because multiple indicators overlapped: high NO2, high CO, high industrial/commercial pressure, high road pressure, high nightlight activity and large population exposure. The study therefore contributes a compound atmospheric vulnerability framework for a data-scarce Nigerian city. It moves beyond general PM2.5 or heat mapping by integrating dust/aerosol indicators, atmospheric gases, heat, vegetation, built-up pressure, population exposure, road and market pressure, industrial/commercial activity, nightlight activity and wind-dispersion context. The results should guide where ground monitoring, field verification and targeted atmospheric-risk planning should begin.
5. Conclusion and Recommendations
Conclusion
The study developed and applied the Dust–Heat Atmospheric Vulnerability Index to assess the spatial overlap of dust-season atmospheric burden, surface heat, vegetation condition, built-up pressure, population exposure, urban activity indicators and wind-dispersion context across Kano Metropolis. The results showed clear spatial inequality among the eight metropolitan Local Government Areas. Gwale, Tarauni, Dala and Nasarawa formed the high vulnerability group, while Kano Municipal, Kumbotso and Fagge were classified as moderate, and Ungogo was classified as lower. The findings demonstrate that atmospheric vulnerability in the metropolis is compound rather than single-factor. Kumbotso recorded the highest mean land surface temperature of 49.280319°C, and Ungogo recorded the highest mean aerosol optical depth of 0.575906, but both ranked below Gwale in the final index. Gwale emerged as the strongest compound hotspot because multiple indicators, including atmospheric gas signals, road pressure, industrial and commercial activity, nighttime activity and population exposure, overlapped within the LGA. The index is therefore useful as a spatial prioritisation tool for identifying where monitoring and intervention should begin. However, DHAVI should not be interpreted as a direct measure of ground-level pollution, personal exposure or health outcomes.
Complete with more innovation and future perspectives.
5.2 Recommendations
1. Ground-level air-quality monitoring should begin in Gwale, Tarauni, Dala and Nasarawa because they recorded High DHAVI scores and represent the main priority zone.
2. Policy response should be LGA-specific. Gwale requires attention to combustion and industrial/commercial pressure; Tarauni to market and nighttime activity; Dala to vegetation loss, heat and road density; and Nasarawa to mixed built-up and activity pressure.
3. Moderate and Lower LGAs should not be excluded from planning. Kumbotso requires heat-exposure action, Fagge requires heat–dust–market monitoring, and Ungogo requires dust-season aerosol monitoring.
4. Urban cooling should target dense, hot and low-vegetation areas, especially in Dala, Nasarawa, Fagge and Kumbotso, through vegetation improvement, shaded public spaces and surface-cooling measures.
5. DHAVI should guide screening and prioritisation only. Future work should add ground sensors, traffic counts, generator-use data, field observations and health or household exposure data to validate and strengthen the assessment.
Limitations
This study has some important limitations. The Dust–Heat Atmospheric Vulnerability Index was developed from satellite-derived and open geospatial indicators, which provide useful spatial screening information but do not directly measure ground-level pollution, personal exposure or health outcomes. Aerosol optical depth, absorbing aerosol index, nitrogen dioxide and carbon monoxide represent atmospheric column conditions and may differ from breathing-level concentrations. Land surface temperature represents surface heating and should not be interpreted as air temperature or direct human heat stress. The use of LGA-level mean values may also mask smaller neighbourhood-level hotspots. Some urban activity indicators, including road density, market density, industrial and commercial features, and nighttime radiance, are proxy variables and may not fully represent actual emissions or exposure intensity. Wind speed from ERA5-Land provides regional dispersion context but cannot capture street-level ventilation. Future work should include ground air-quality monitoring, traffic counts, generator-use data, field observations, household exposure information and sensitivity testing of the index weights.
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