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Abstract 17 

Background: Rapid urban expansion and land-use change in the Indo-Gangetic Plain interact with 18 

seasonal climate to shape regional air quality, yet how associations of fine particulate matter (PM₂.₅) 19 

with climatic and urban-growth factors vary jointly across space and time within one urban region 20 

is poorly understood. This study examined these associations across Lahore, Pakistan. 21 

Methods: Satellite-derived PM₂.₅ (2015–2024) was analysed using two geographically and 22 

temporally weighted regression (GTWR) models: a climatic model (temperature, relative humidity, 23 

rainfall and wind speed; 1,400 point-seasons) and a socioeconomic model (built-up area, road 24 

density and population; 5,710 point-years). Local coefficients significant at the 5% level (|t| ≥ 1.96) 25 

were mapped. 26 

Results: Annual mean PM₂.₅ ranged from 62.9 to 74.5 µg/m³, increased modestly (about 4.7% over 27 

the decade), spread from the centre toward the periphery and peaked in winter. In the climatic 28 

model (R² = 0.894), relative humidity was positively and rainfall negatively associated with PM₂.₅, 29 

temperature was predominantly negative, and wind speed changed sign: dispersive in the open 30 

north-east but positive in the western fringe, consistent with transport of regional crop-burning 31 

smoke. In the socioeconomic model (R² = 0.562), built-up area, road density and population were 32 

predominantly positive drivers, strongest on the rapidly urbanizing south-western periphery and in 33 

the congested Youhanabad/Model Town corridor. 34 
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Conclusions: PM₂.₅ in Lahore reflects a structural urban baseline overlaid by a strongly seasonal 35 

climatic signal. Converging climatic and structural hotspots on the south-western fringe call for 36 

spatially and seasonally differentiated interventions. 37 

Keywords: Urbanization; Land-use change; Climate variability; Spatial non-stationarity; Indo-38 

Gangetic Plain; Lahore 39 

1. Introduction 40 

Fine particulate matter (PM₂.₅; particles with an aerodynamic diameter ≤2.5 µm) is the leading 41 

environmental risk factor globally, contributing to premature mortality from cardiovascular and 42 

respiratory disease, stroke and lung cancer (Hamra et al. 2014; Cohen et al. 2017; Vodonos et al. 43 

2018; Murray et al. 2020; Alexeeff et al. 2021; Southerland et al. 2022). Because these particles 44 

penetrate deep into the lungs and can enter the bloodstream, long-term exposure is associated with 45 

higher risks of ischaemic heart disease, stroke and lung cancer, and meta-analyses report 46 

associations with mortality across a wide range of concentrations (Hamra et al. 2014; Vodonos et 47 

al. 2018; Alexeeff et al. 2021). Ambient air pollution caused approximately 4.2 million premature 48 

deaths in 2019, nearly half of them in urban areas, where more than 55% of the world’s population 49 

lives and where this share is expected to reach about 60% by 2030 (Cohen et al. 2017; United 50 

Nations 2018; Southerland et al. 2022). The burden is heaviest in rapidly urbanizing low- and 51 

middle-income countries, where most urban residents live in areas that exceed health-based 52 

guidelines and where growing urban populations increase the number of people exposed 53 

(Southerland et al. 2022). 54 

PM₂.₅ also affects the Earth’s radiation balance, while meteorological conditions regulate its 55 

formation, transport, dispersion and removal (UNEP 2021); understanding its controlling factors is 56 

therefore central to both air-quality management and climate adaptation (United Nations 1992). 57 

PM₂.₅ is a mixture of primary particles, emitted directly by combustion, industry and dust, and 58 

secondary particles formed in the atmosphere from precursor gases. Its concentration at any place 59 

therefore reflects both local emissions and atmospheric processes acting over hours to days. 60 

Effective management requires knowing not only where emissions originate but also under which 61 

conditions they accumulate. 62 

Urbanization, industrialization, transport and land-use change are well-established anthropogenic 63 

drivers of PM₂.₅ (Molina and Molina 2004; Gurjar et al. 2008; Fernando et al. 2012; Siwek and 64 

Osowski 2012; He et al. 2017; Luo et al. 2018; Wang et al. 2018, 2020; Chen et al. 2019). In 65 

megacities, dense traffic, energy use, construction and industrial activity concentrate emissions in 66 

a small area (Molina and Molina 2004; Gurjar et al. 2008), and studies of Chinese cities and cross-67 

country panels have linked PM₂.₅ to urban expansion, population growth, economic structure and 68 

technological change (Luo et al. 2018; Wang et al. 2018, 2020; Chen et al. 2019). At the same time, 69 

temperature, wind speed, humidity and precipitation modulate PM₂.₅ through their effects on 70 

atmospheric stability, chemistry and dispersion (Zhan et al. 2018; Liu et al. 2020). Stagnant, humid 71 

conditions with shallow boundary layers favour accumulation and secondary aerosol formation, 72 

whereas wind and rain disperse and remove particles (He et al. 2017; Zhan et al. 2018). Their 73 

relative contributions, however, vary across space and time, particularly in rapidly growing cities, 74 
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where land use, emission sources and local meteorology change over short distances and from 75 

season to season. 76 

Commonly used approaches, including linear regression, generalized additive models, Stochastic 77 

Impacts by Regression on Population, Affluence and Technology (STIRPAT) models, 78 

geographical detector models and positive matrix factorization (Lecoeur and Seigneur 2013; Bari 79 

and Kindzierski 2017; Wang et al. 2017, 2018; Luo et al. 2018; Zhan et al. 2018), generally assume 80 

spatial or temporal stationarity, treat climatic and socioeconomic factors separately, or rely on data 81 

of limited spatial or temporal resolution (Liu 2013; Megaritis et al. 2014; Lyu et al. 2016; Cheng 82 

et al. 2017; Liu et al. 2019; Wang et al. 2019). Global regression models estimate a single 83 

coefficient for each factor across the whole study area, so opposing local effects can cancel out and 84 

produce weak or misleading average relationships. Source-apportionment and chemical-transport 85 

studies, although valuable, are usually limited to a few sites or periods (Lecoeur and Seigneur 2013; 86 

Megaritis et al. 2014; Bari and Kindzierski 2017). Geographically weighted regression relaxes the 87 

assumption of spatial stationarity by estimating local coefficients, and geographically and 88 

temporally weighted regression (GTWR) extends this by allowing regression coefficients to vary 89 

over both location and time (Huang et al. 2010). GTWR has shown that the effects of 90 

socioeconomic and natural factors on PM₂.₅ differ markedly between places and years (Liu et al. 91 

2020). However, most studies of the drivers of PM₂.₅, including GTWR applications, have been 92 

conducted at national or regional scale using city- or country-level averages (Cheng et al. 2017; 93 

Liu et al. 2019, 2020; Wang et al. 2019), and city-scale applications that can inform local 94 

management remain scarce. 95 

Air quality in rapidly growing cities is increasingly an expression of regional environmental change 96 

rather than of local emissions alone. Across South Asia, cities are expanding into surrounding 97 

agricultural land, converting cropland to built-up area and extending road networks into their 98 

hinterlands, while seasonal climate, including winter stagnation and monsoon rainfall, governs how 99 

the resulting emissions accumulate or disperse (Molina and Molina 2004; Gurjar et al. 2008; Zhan 100 

et al. 2018). In the Indo-Gangetic Plain, these processes interact with trans-boundary influences, 101 

such as seasonal crop-residue burning across the Pakistan–India border, so that PM₂.₅ in any one 102 

city reflects land-use change, climate and cross-jurisdictional sources together (Ali and Athar 2010; 103 

Bilal et al. 2022). Understanding where and when urban growth and climate are most strongly 104 

associated with PM₂.₅ therefore helps identify which parts of an expanding urban region, and which 105 

seasons, are most vulnerable, and provides evidence relevant to other megacities of the Indo-106 

Gangetic Plain that face similar pressures. 107 

Lahore, Pakistan’s second-largest city, consistently ranks among the world’s most polluted cities 108 

and experiences severe winter smog (Ali and Athar 2010; Khanum et al. 2017; Bilal et al. 2022). 109 

Located in the north-western Indo-Gangetic Plain, the city combines a growing population, 110 

expanding road traffic and industry with winter conditions that trap pollutants near the surface: low 111 

wind speeds, temperature inversions, high humidity and fog (Khanum et al. 2017; Bilal et al. 2022). 112 

Its poor air quality has been linked to transport, industry, biomass burning and transboundary 113 

pollution (Aziz and Bajwa 2007, 2008; Ali and Athar 2010; Khanum et al. 2017; Bilal et al. 2022), 114 

with documented cardiovascular and respiratory health effects (Sughis et al. 2012; Mehmood et al. 115 

2021b) and a mitigating role of urban vegetation (Khan et al. 2022). Studies in the city have 116 
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reported higher blood pressure in schoolchildren exposed to particulate pollution (Sughis et al. 117 

2012) and increased hospital admissions associated with air pollution (Mehmood et al. 2021b). 118 

Most studies, however, have relied on short-term monitoring at a few sites or examined individual 119 

sources, and the long-term spatiotemporal interplay of climatic and socioeconomic drivers across 120 

the city is not known. Satellite-derived PM₂.₅ estimates and reanalysis meteorology now make it 121 

possible to examine this interplay continuously over space and time in cities where ground 122 

monitoring is sparse. 123 

This study applies GTWR to Lahore for 2015–2024 to (i) characterize the spatial and temporal 124 

variation of PM₂.₅, (ii) quantify the local effects of temperature, relative humidity, rainfall and wind 125 

speed, and (iii) quantify the local effects of built-up area, road density and population, in order to 126 

inform land-use planning and regional adaptation in rapidly urbanizing regions. By combining a 127 

decade of satellite-derived PM₂.₅, reanalysis meteorology and remote-sensing-based indicators of 128 

urban growth, the study identifies where and in which seasons each factor is most strongly 129 

associated with PM₂.₅, and where climatic and socioeconomic influences coincide. The approach 130 

is transferable to other data-limited cities in South Asia. 131 

2. Materials and Methods 132 

2.1 Study Area 133 

Lahore (approximately 31.55°N, 74.34°E), the capital of Punjab province, lies in north-eastern 134 

Pakistan on the Ravi River (Fig. 1a). It had a population of about 13.0 million at the 2023 census, 135 

up from 11.1 million in 2017, an average increase of about 2.7% per year (Pakistan Bureau of 136 

Statistics 2017, 2023), and has a semi-arid climate with cool, foggy winters (late November to mid-137 

February), hot summers (April to June) and monsoon rainfall peaking in July. The city comprises 138 

nine towns: Ravi, Shalimar, Data Ganj Bakhsh, Aziz Bhatti, Samanabad, Gulberg, Wagah, Nishtar 139 

and Iqbal, together with the Lahore Cantonment (Fig. 1b). 140 

 141 

Fig. 1 Study area: (a) location of Lahore in Punjab province, Pakistan; (b) map of Lahore with town boundaries 142 
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Lahore is a major industrial and commercial hub, with approximately 4 million registered vehicles 143 

and about 2,150 industries, including automobile, steel, chemical, pharmaceutical and construction-144 

material manufacturing, and it contributes about 11.5% of Pakistan’s national economy (Tahir 145 

2017). Its main transport corridors include Canal Road, Ring Road, Ferozepur Road, Raiwind 146 

Road, Grand Trunk (GT) Road and the M-2, M-3 and M-11 motorways. Industrial and traffic 147 

emissions, coal combustion and biomass burning are the principal local sources of air pollution. 148 

2.2 Data 149 

2.2.1 PM₂.₅ Data 150 

Monthly and annual ground-level PM₂.₅ for 2015–2024 were obtained from the V5.GL.06 product 151 

of the Atmospheric Composition Analysis Group (ACAG) at Washington University in St. Louis, 152 

at 0.01° (≈1 km) resolution. The product combines satellite aerosol optical depth with the GEOS-153 

Chem chemical transport model and is calibrated to ground-based observations by geographically 154 

weighted regression (van Donkelaar et al. 2016, 2021). V5.GL.06 applies a single methodology 155 

over 1998–2024 with an updated set of calibration monitors; its developers report annual-mean 𝑅2 156 

values against ground monitors of 0.68–0.91 across Asia and have assessed the effect of changes 157 

in satellite instruments (van Donkelaar et al. 2021; Hammer et al. 2023; SatPM n.d.). 158 

2.2.2 Meteorological Data 159 

Monthly 2 m air temperature, 2 m dewpoint temperature and 10 m wind components were obtained 160 

from the ERA5-Land reanalysis of the European Centre for Medium-Range Weather Forecasts at 161 

0.1° resolution (≈9–11 km at the latitude of Lahore). Relative humidity was derived from air and 162 

dewpoint temperature using the Magnus formula, and wind speed was computed from the zonal 163 

 wind components. Monthly precipitation was obtained from the Climate 164 (ݒ) and meridional (ݑ)

Hazards Group InfraRed Precipitation with Station data (CHIRPS). Monthly values were 165 

aggregated to winter (December–February, DJF), spring (March–May, MAM), summer/monsoon 166 

(June–August, JJA) and autumn (September–November, SON). 167 

2.2.3 Socioeconomic Data and Spatial Sampling 168 

Built-up area, road density and population were used as indicators of urban growth, infrastructure 169 

and human activity (Seto et al. 2012; Liu et al. 2020; Angel 2023). Land use was mapped from 170 

multi-temporal Landsat imagery (Seto et al. 2011; Naab et al. 2013; Chai and Li 2016; Naikoo et 171 

al. 2020; Shah et al. 2022) and classified into built-up, cultivated (green) and barren land using 172 

unsupervised classification in ArcGIS (Duda and Canty 2002). Road networks were derived from 173 

OpenStreetMap and digitized for each period against contemporaneous imagery, and gridded 174 

population was obtained from WorldPop, a product comparable to LandScan (Bhaduri et al. 2002; 175 

Bright et al. 2018). 176 

2.2.4 Consistency of the PM₂.₅ Dataset with Ground Observations 177 

Ground observations cannot serve as a continuous reference for 2015–2024. Regulatory-grade 178 

monitoring in Lahore is limited to the United States (US) Consulate monitor, which published data 179 

from 2019 (Babar et al. 2024; IQAir n.d.) until March 2025 (Hasan and Myllyvirta 2025), a few 180 

Punjab Environmental Protection and Climate Change Department sites operated intermittently 181 

during 2019–2024, and an Urban Unit monitor at Township operating since 2021 (Babar et al. 182 

2024). Real-time aggregators republish these monitors, and their historical data are unvalidated and 183 
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not intended for formal comparison (World Air Quality Index Project n.d.); they were therefore not 184 

used. 185 

Because continuous ground monitoring is not available for the full study period, the satellite-186 

derived dataset was compared with the limited published monitor data for Lahore in three ways: 187 

the seasonal pattern, annual levels and winter peaks (Table 1). 188 

First, both the satellite data and the ground monitors show the same seasonal cycle, with the highest 189 

concentrations in winter and the lowest in the monsoon. Averaged over 2015–2024, the satellite 190 

data give city-wide means of about 97 µg/m³ in winter and 40 µg/m³ in the monsoon, a winter-to-191 

monsoon ratio of about 2.4. The corresponding ratios at the ground monitors were about 2.7 at 192 

Township in 2022 (192.7 vs 72.3 µg/m³) and about 3.6 at the US Consulate in 2020 (166.3 vs 45.7 193 

µg/m³) (Babar et al. 2024). The satellite data therefore capture the seasonal contrast, although less 194 

strongly than the US Consulate monitor. 195 

Second, the satellite city-wide annual mean for 2022–2023 (about 71 µg/m³) is about 70–75% of 196 

the annual means of 97–100 µg/m³ reported for Lahore from ground monitoring in those years 197 

(Babar et al. 2024). 198 

Third, in the same years as the monitor records, the highest winter values in central Lahore in the 199 

satellite data (about 125–132 µg/m³ in 2020 and 145–151 µg/m³ in 2022; Fig. 4) are about 75–80% 200 

of the winter means at the US Consulate and Township monitors. 201 

Overall, the satellite data reproduce the seasonal pattern observed at the ground stations but 202 

underestimate absolute concentrations by roughly 20–30%. Such an underestimate is expected 203 

because each satellite value is a monthly average over a 1 km grid cell, whereas a ground monitor 204 

measures at a single point that is often close to local sources such as traffic (SatPM n.d.). Because 205 

the comparison uses different years and locations, it indicates broad consistency rather than formal 206 

validation. Because the socioeconomic model uses standardized PM₂.₅, a constant additive or 207 

multiplicative bias does not affect its coefficients; a bias that varies with season or with a predictor 208 

(for example, relative humidity) could, however, affect the climatic coefficients. The dataset was 209 

therefore considered suitable for the relative spatiotemporal analysis undertaken here, and the 210 

coefficients are interpreted as relative associations with the satellite-derived PM₂.₅ field. 211 

Table 1 Comparison of the satellite-derived PM₂.₅ dataset (this study) with published ground-monitor data for 212 
Lahore (Babar et al. 2024) 213 

Comparison Satellite (this study) Ground monitor Satellite as % 

of monitor 

Winter-to-monsoon 

ratio 
2.4 (2015–2024 average) 2.7 (Township, 2022); 3.6 

(US Consulate, 2020) 
— 

Annual mean, 2022–
2023 

≈71 µg/m³ (city-wide) 97–100 µg/m³ ≈70–75% 

Winter peak, 2020 125–132 µg/m³ (central 

city) 
166.3 µg/m³ (US Consulate) ≈75–79% 

Winter peak, 2022 145–151 µg/m³ (central 

city) 
192.7 µg/m³ (Township) ≈75–78% 

 214 
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2.3 Geographically and Temporally Weighted Regression Model 215 

GTWR extends geographically weighted regression by estimating a separate set of coefficients for 216 

each location and time, weighting neighbouring observations by their proximity in space and time 217 

(Huang et al. 2010): 218 

 ௜ܻ = ௜ݑ)0ߚ , ௜ݒ , (௜ݐ + ∑ ௜ݑ)௞ߚ , ௜ݒ , (௜ݐ ௜ܺ௞௣௞=1 +  ௜ (1) 219ߝ

where Yi is PM₂.₅ for observation i, Xik is the kth of p predictors, (ui, vi) and ti are the location and 220 

time of observation i, εi is the error term, and the local coefficients are estimated by weighted least 221 

squares: 222 

௜ݑ)ߚ̂  , ௜ݒ , (௜ݐ = [ܺTܹ(ݑ௜ , ௜ݒ , ௜ݑ)௜)ܺ]−1ܺTܹݐ , ௜ݒ ,  ௜)ܻ (2) 223ݐ

The weight matrix is the product of a spatial and a temporal Gaussian kernel: 224 

௜ݑ)ܹ  , ௜ݒ , (௜ݐ = diag( ௜ܹ௝ST) ,   ௜ܹ௝ST = ௜ܹ௝S × ௜ܹ௝T (3) 225 

 ௜ܹ௝S = exp (− (ௗ೔ೕS )2ℎS2 ) ,   (݀௜௝S )2 = ௜ݑ) − ௝)2ݑ + ௜ݒ) −  ௝)2 (4) 226ݒ

 ௜ܹ௝T = exp(− (ௗ೔ೕT )2ℎT2 ) ,   (݀௜௝T )2 = ௜ݐ) −  ௝)2 (5) 227ݐ

where ݀௜௝S  is the Euclidean distance (m) between locations ݅ and ݆, ݀௜௝T  is their separation in time 228 

(season index for the climatic model and year index for the socioeconomic model), and ℎS and ℎT 229 

are the spatial and temporal bandwidths. Because both kernels are Gaussian, their product is 230 

equivalent to a single kernel of the space-time distance [(݀௜௝S )2 + ߬(݀௜௝T )2]1 2⁄
, where ߬ = ℎS2 ℎT2⁄  231 

is the spatio-temporal scale parameter (Huang et al. 2010). 232 

Two GTWR models were fitted independently (Table 2). The climatic model related seasonal PM₂.₅ 233 

to temperature, relative humidity, rainfall and wind speed on a regular 7 × 5 grid of 35 points (1,400 234 

point-seasons). Because ERA5-Land (≈9–11 km) resolves only regional, synoptic-scale gradients, 235 

the climatic model used these 35 grid points with an adaptive bandwidth of 53 nearest neighbours 236 

(space–time observations). The socioeconomic model related annual PM₂.₅ to built-up area and 237 

road density (both log-transformed) and population at 571 urban locations (5,710 point-years). All 238 

variables in this model were standardized, so each local coefficient (ܾ௭) is the change in PM₂.₅, in 239 

standard deviations, per standard-deviation increase in the predictor, holding the other predictors 240 

constant. A single combined model was not feasible because the two sets of inputs differ in spatial 241 

resolution and temporal structure. Local significance was assessed with the local t-statistic (ݐ ௞ߚ̂ 242= local standard error⁄ ) against the two-tailed critical value of 1.96 (5% level), and only 243 

coefficients significant at the 5% level are reported and used for the shaded map surfaces. In the 244 

seasonal maps (Fig. 5), the value at each grid point is the mean of its significant coefficients over 245 

2015–2024. 246 
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Table 2 Final geographically and temporally weighted regression (GTWR) model specifications for the climatic 247 
and socioeconomic models reported in Section 3 248 

Parameter Climatic GTWR model Socioeconomic GTWR model 

Predictors Temperature, relative humidity, 

rainfall, wind speed 
Built-up area (BA, log), road 

density (RD, log), population 

(Pop) 

Kernel Gaussian Gaussian 

Bandwidth type Adaptive (nearest neighbours) Fixed 

Bandwidth 53 nearest neighbours 2,140.3 m 

Spatio-temporal scale (࣎) 1.7 3.8 

Locations 35 (7×5 regular grid) 571 unique urban locations 

Temporal resolution Seasonal (DJF, MAM, JJA, 

SON) 
Annual 

N (point-observations) 1,400 point-seasons 5,710 point-years 

Significance threshold |ݐ| ≥ 1.96 (5% level) |ݐ| ≥ 1.96 (5% level) ࡾ૛  0.894  0.562  

AICc / BIC  9,869.1/ 9,953.2  11,528.0 / 11,720.4 
AICc, corrected Akaike information criterion; BIC, Bayesian information criterion; BA, built-up area; RD, road density; 249 
Pop, population; DJF, December–February; MAM, March–May; JJA, June–August; SON, September–November 250 

3. Results 251 

3.1 Spatiotemporal Variation in PM₂.₅ 252 

Annual mean PM₂.₅ ranged from 62.9 µg/m³ (2020) to 74.5 µg/m³ (2021), reflecting interannual 253 

variability with peaks in 2016, 2018 and 2021 (Fig. 2). The 2020 minimum coincides with year-to-254 

year meteorological variation and with the COVID-19 lockdowns in Pakistan from late March 2020 255 

(Mehmood et al. 2021a). The fitted linear trend over the decade was 0.355 µg/m³ per year, an 256 

increase of about 3.2 µg/m³ (4.7%) between 2015 and 2024, and annual levels remained well above 257 

the World Health Organization (WHO) Interim Target 1 of 35 µg/m³ throughout.  258 

 259 
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Fig. 2 Temporal trend and variation of the annual average PM₂.₅ concentrations (µg/m³) in Lahore from 2015 to 260 
2024, with the fitted linear trend; the dashed line marks the World Health Organization (WHO) Interim Target 1 261 
(35 µg/m³) 262 

In 2015–2017, concentrations were highest (about 70–79 µg/m³) in the central towns (Ravi, 263 

Shalimar, Data Ganj Bakhsh, Samanabad, Gulberg and Aziz Bhatti) and lower (about 52–67 µg/m³) 264 

in Wagah and parts of Iqbal and Nishtar (Fig. 3). From 2018, elevated concentrations spread 265 

southward toward Nishtar and Wagah and later westward toward Iqbal; by 2021–2024, most towns 266 

exceeded 70 µg/m³, and central areas reached the highest mapped class (79–90 µg/m³). 267 

 268 

Fig. 3 Annual PM₂.₅ concentrations (µg/m³) in Lahore, 2015–2024 269 

Winter (DJF) concentrations were substantially higher than annual means (Fig. 4). Central areas 270 

already exceeded about 110 µg/m³ in 2015–2017; from 2020 onward, large parts of the city 271 

exceeded 100 µg/m³, and in 2021–2024 central peaks reached about 125–151 µg/m³, with 272 

peripheral areas typically at about 86–105 µg/m³. Averaged over 2015–2024, city-wide mean PM₂.₅ 273 

was about 97 µg/m³ in winter and 40 µg/m³ in the monsoon (JJA). 274 
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 275 

Fig. 4 Winter (December–February) PM₂.₅ concentrations (µg/m³) in Lahore, 2015–2024 276 

3.2 Climatic Factors and PM₂.₅ 277 

The results below are from the final climatic model (Table 2; 𝑅2 = 0.894). Seasonal maps of 278 

significant local coefficients are shown in Fig. 5. 279 

3.2.1 Relative Humidity 280 

Relative humidity was positively associated with PM₂.₅ estimates in each season. Mean coefficients 281 

were highest in winter and summer (both ≈1.48), lowest in spring (≈1.40) and intermediate in 282 

autumn (≈1.45). The strongest effects were centred on the central-southern Model 283 

Town/Township/Iqbal Town/Johar Town belt (≈74.2–74.3°E, 31.4–31.5°N) and weakened toward 284 

the eastern rural fringe near Burki and the Wagah border (≈74.5–74.6°E) (Fig. 5a). 285 
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 286 

Fig. 5 Local geographically and temporally weighted regression (GTWR) coefficients of (a) relative humidity 287 
(µg/m³ per %), (b) rainfall (µg/m³ per mm), (c) wind speed (µg/m³ per m/s) and (d) temperature (µg/m³ per °C) on 288 
PM₂.₅ by season: winter (December–February, DJF), spring (March–May, MAM), summer/monsoon (June–289 
August, JJA) and autumn (September–November, SON). Coefficients are significant at 5% level; values at each 290 
grid point are means of the significant coefficients over 2015–2024, interpolated between grid points and clipped 291 
to the Lahore district boundary, and n is the number of significant coefficients out of 350 (35 grid points × 10 292 
years) in each season. Each variable has a colour scale shared across seasons; for wind speed, the diverging scale 293 
is centred on zero and the dashed line marks the zero contour. Boundaries of the former Lahore City and Lahore 294 
Cantonment tehsils from geoBoundaries 295 

3.2.2 Rainfall 296 

Rainfall was negatively associated with PM₂.₅ estimates in each season. The effect was strongest 297 

in autumn (SON, mean ≈ −0.098), weakest in spring (MAM, ≈ −0.082) and intermediate in winter 298 

(≈ −0.089) and summer (≈ −0.092). The strongest effects occurred in central Gulberg (≈74.3°E, 299 

31.5°N) and the Defence Housing Authority (DHA)/Cantonment belt (≈74.5°E, 31.4°N), and the 300 

weakest along the northern edge near Shahdara and the Ravi riverbank (≈31.7°N) and the western 301 

edge (≈74.0–74.1°E) (Fig. 5b). 302 

3.2.3 Wind Speed 303 

Wind speed was the only climatic variable whose mean local coefficient changed sign across the 304 

city. Coefficients were negative in the north-east, around Shalimar, Baghbanpura, Harbanspura and 305 

the GT Road corridor toward Batapur (≈74.4–74.5°E, 31.55–31.65°N), and positive in the west, 306 

around Raiwind Road/Thokar Niaz Baig and the western outskirts (≈74.0–74.2°E) (Fig. 5c). This 307 

west-positive/north-east-negative pattern was present in winter, summer and autumn, although in 308 

summer the negative zone shifted to a broader central-eastern area. Spring differed: the positive 309 
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signal was confined to a narrow strip at the western edge, while the eastern two-thirds of the city 310 

was strongly negative, with a larger mean magnitude (≈ −6.3) than in any other season. 311 

3.2.4 Temperature 312 

Temperature coefficients were predominantly negative and significant in every season. The mean 313 

magnitude was largest in summer (JJA, ≈ −1.25) and spring (MAM, ≈ −1.20) and smaller in winter 314 

and autumn (≈ −0.86 and −0.84, respectively). The weakest effects occurred over the central Iqbal 315 

Town/Model Town cluster and the edge of the old city (≈74.1–74.3°E, 31.4–31.6°N), a pattern 316 

most pronounced in winter and visible in spring only at two central points (≈74.2°E, 31.6°N and 317 

74.3°E, 31.5°N), and the strongest toward the eastern and south-eastern periphery of the district 318 

near the outer phases of DHA (≈74.5–74.6°E) (Fig. 5d). 319 

3.3 Socioeconomic Factors and PM₂.₅ 320 

3.3.1 Built-up Area 321 

All significant built-up area coefficients were positive. The strongest effects formed a belt across 322 

Raiwind Tehsil on the southern periphery: the highest coefficient (ܾ௭ = ݐ ,0.312 = 5.60) was near 323 

Raiwind town, with further peaks along Sundar Road and Chah Jo Wala (ܾ௭ = 0.307 − ݐ ,0.310 =324 5.6 − 5.8) and in Ashrafi Town near Rohi Nala Road (ܾ௭ = ݐ ,0.300 = 5.66), all within a few 325 

kilometres of the Sundar Industrial Estate. A smaller secondary cluster occurred in the central-326 

eastern part of the city (≈74.37–74.40°E, 31.45–31.49°N; ܾ௭ ≈ 0.26 − 0.29) (Fig. 6a). 327 

 328 
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Fig. 6 Local standardized effects of (a) built-up area, (b) road density and (c) population on PM₂.₅ at the 5% 329 
significance level (|t| ≥ 1.96), from the socioeconomic geographically and temporally weighted regression model. 330 
Of 571 locations, built-up area had 417 significant positive, 0 significant negative and 154 non-significant 331 
coefficients; road density 163, 3 and 405; and population 234, 117 and 220. Surfaces are interpolated from the 332 
significant positive coefficients only and shown within about 1.5 km of them; blue triangles mark significant 333 
negative and grey dots non-significant coefficients. Values are highest in Raiwind Tehsil near the Sundar Industrial 334 
Estate (a), around Youhanabad, Model Town Tehsil (b), and on the urbanizing southern/south-western fringe near 335 
Jati Umra and Badhoke (c). Boundaries of the former Lahore City and Lahore Cantonment tehsils from 336 
geoBoundaries; tehsil names in the text follow the current administrative division 337 

3.3.2 Road Density 338 

Of the significant road-density coefficients, 98.2% were positive. The effect was more spatially 339 

concentrated than that of built-up area, with the highest values (ܾ௭ = 0.150 − ݐ ,0.178 = 2.2 −340 3.1) around Youhanabad in Model Town Tehsil and in the adjacent Green Cap Housing Scheme 341 

and Ghawala Colony (Fig. 6b). 342 

3.3.3 Population 343 

Population had the largest positive coefficients of the three factors (mean of the significant positive 344 

coefficients at the 5% level: ܾ௭ = 0.290, compared with 0.141 for built-up area and 0.091 for road 345 

density), although a substantial minority of its significant coefficients (117 of 351) were negative 346 

(shown as triangles in Fig. 6c). The strongest positive effects (ܾ௭ = 0.68 − ݐ ,0.83 = 3.5 − ݌ 347 ,5.9 < 0.01) were located on the southern and south-western urbanizing fringe around Jati Umra and 348 

Badhoke (Raiwind Tehsil), near Bhaiwala (Lahore Cantonment Tehsil) and at the eastern edge of 349 

the study area (≈74.49°E, 31.49°N) (Fig. 6c). 350 

Across Figs. 6a–c, significant positive coefficients were generally larger toward the outer, southern 351 

and south-western parts of the study area and smaller in the older central and northern parts of the 352 

city. 353 

4. Discussion 354 

4.1 Climatic Factors and PM₂.₅ 355 

The climatic results are consistent with known physical mechanisms. The positive humidity effect 356 

reflects hygroscopic growth of secondary sulphate, nitrate and organic aerosols, aqueous-phase 357 

secondary aerosol formation, and the association of humid air with the shallow, stable boundary 358 

layers and inversions that underlie Lahore’s winter fog and smog episodes (Biswas et al. 2008). 359 

The effect was strongest in the dense central-southern belt, where the most particulate mass is 360 

available for water uptake, indicating that humidity amplifies existing pollution rather than creating 361 

it. The strong summer effect, despite the lowest PM₂.₅ of the year, suggests that hygroscopic growth 362 

persists during the monsoon but is outweighed by wet removal. 363 

Rainfall removes particles through in-cloud and below-cloud scavenging, suppresses the 364 

resuspension of road and construction dust, and accompanies monsoon ventilation. Its cleansing 365 

effect was largest in the most polluted, high-traffic areas, where more particulate mass is available 366 

for removal. The seasonal ordering is consistent with diminishing returns: frequent monsoon rain 367 

leaves little accumulated PM₂.₅ between events, whereas the less frequent autumn rain follows a 368 
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period of rapid accumulation after monsoon withdrawal. The negative temperature effect reflects 369 

convective deepening of the boundary layer and the co-occurrence of warm, wet and well-370 

ventilated conditions during the monsoon. Its weakness in the central part of the city, especially in 371 

winter, may reflect persistent inversions that limit vertical mixing. An urban heat-island effect 372 

cannot be assessed with these data because ERA5-Land does not explicitly represent the urban 373 

canopy. 374 

The sign reversal of wind speed is the clearest evidence of spatial non-stationarity. In the open 375 

north-eastern Ravi/GT Road corridor, stronger wind dilutes local emissions, whereas the positive 376 

effect in the west may indicate transport: the western and south-western edge of the city borders 377 

the Punjab rice–wheat belt, and stronger winds may deliver more regionally transported crop-378 

residue smoke and dust. Because wind speed carries no directional information, this transport 379 

interpretation remains a hypothesis, and edge effects and peri-urban sources such as brick kilns 380 

cannot be excluded. A global model would average these opposing effects into a weak and 381 

misleading city-wide estimate. The weak western signal in spring is consistent with the seasonality 382 

of crop-residue burning, which peaks after the autumn rice harvest, while pre-monsoon winds and 383 

dust storms leave wind with a mainly ventilating role. These findings add a spatially explicit 384 

meteorological dimension to earlier Lahore studies that identified transport, industry, biomass 385 

burning and transboundary pollution as the main sources (Aziz and Bajwa 2007, 2008; Ali and 386 

Athar 2010; Khanum et al. 2017; Bilal et al. 2022). 387 

4.2 Socioeconomic Factors and the Peripheral Pattern 388 

The larger socioeconomic coefficients on the periphery (Figs. 6a–c) have two substantive 389 

explanations. First, the coefficients are standardized marginal effects, and additional built-up area, 390 

roads or residents add less new emitting activity where these are already saturated, as in the mature 391 

central city; the log form of built-up area and road density is consistent with such diminishing 392 

returns. On the rapidly urbanizing fringe, the same increment represents genuinely new sources: 393 

construction and paving dust, unpaved-road dust, industrial and construction-material activity 394 

around the Sundar Industrial Estate, and solid-fuel and generator use where grid power and public 395 

transport are limited. Population there grows fastest in relative terms, largely through unplanned 396 

conversion of agricultural land, even though absolute densities remain below those of the old city. 397 

Second, the south-western fringe may coincide with the main entry route of regionally transported 398 

smoke (Section 4.1), so growth-related emissions and imported pollution may reinforce each other. 399 

The road-density hotspot around Youhanabad reflects a dense residential area with narrow streets, 400 

heavy small-scale commercial and workshop traffic and limited arterial capacity, where road 401 

density acts as a proxy for stop-and-go traffic and roadside emissions rather than free-flowing 402 

arterial traffic. These patterns should be read with care: coefficients near the study-area boundary 403 

are estimated from one-sided neighbourhoods, local collinearity can blur separate effects in the 404 

dense core, and the largest values in Fig. 6c lie along the outer boundary. The maps show where 405 

additional growth is associated with the largest PM₂.₅ increase per standardized unit; they do not 406 

imply that the core is cleaner, because the highest absolute concentrations remained in central 407 

Lahore (Section 3.1). 408 
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The significant negative population coefficients (117 of 571 locations), concentrated in the central 409 

and northern parts of the city (≈74.27–74.43°E, 31.44–31.60°N), do not imply that more residents 410 

reduce PM₂.₅. Each coefficient is a partial effect estimated while holding built-up area and road 411 

density constant, and in the dense core these three variables are strongly correlated; WorldPop 412 

population estimates are themselves modelled partly from settlement and road covariates. At these 413 

locations, PM₂.₅ was highest (mean 73.5 µg/m³) and the built-up area and road-density coefficients 414 

were most often positive and significant (road density at 46% of these locations, compared with 415 

18–30% elsewhere), indicating that the built-environment variables absorb most of the association. 416 

Conditional on the built environment, a larger residential (night-time) population may indicate 417 

predominantly residential land use, with less commercial, transport and workshop activity, which 418 

are the main sources of daytime emissions. In addition, population in the core changes little over 419 

time and space, so its local slope is weakly identified. Established neighbourhoods with piped gas 420 

and grid electricity may also rely less on solid fuels and generators. These negative coefficients 421 

should therefore be read as a statistical consequence of collinearity and land-use mix rather than as 422 

a protective effect of population. 423 

4.3 Compound Hotspots and a Seasonal Climatic Overlay 424 

Two areas combine structural and climatic drivers. On the south-western periphery (Raiwind 425 

Tehsil, including Sundar Road, Chah Jo Wala, Ashrafi Town, Jati Umra and Badhoke), the highest 426 

built-up area and population coefficients coincide with the positive wind-speed effect, which may 427 

be transport-related. This area generates a rising local emission baseline and may also receive 428 

imported smoke, which could compound PM₂.₅ during the post-monsoon and winter burning 429 

season, whereas in spring the wind-speed association there is weak. In central-southern Lahore, the 430 

Youhanabad/Model Town road-density hotspot lies at the eastern margin of the belt of strongest 431 

humidity effects, so traffic emissions there are most likely to be amplified and trapped under humid, 432 

calm and inverted winter conditions. 433 

Taken together, the two models suggest that PM₂.₅ at a given place and time behaves approximately 434 

as a structural baseline, set by built-up area, road density and population, modulated by a strongly 435 

seasonal climatic overlay, as reflected in the more than two-fold difference between winter (≈97 436 

µg/m³) and monsoon (≈40 µg/m³) means. Locations with a high structural baseline are therefore 437 

expected to experience their worst absolute PM₂.₅ in humid, rain-free and calm winter months, 438 

consistent with the intensifying and expanding winter pollution in Fig. 4. This pattern is set against 439 

Lahore’s rapid growth: improvements in transport, services and commercial development have 440 

attracted migration and outward expansion (Conrad and Seitz 1994; Shirazi and Kazmi 2014; 441 

Ghafoor et al. 2022), increasing population, traffic, energy use and industrial activity on the urban 442 

fringe. Because the two models were estimated independently at different resolutions, these 443 

correspondences are descriptive geographic overlays rather than statistically estimated interactions. 444 

4.4 Implications for Urban Planning and Regional Adaptation 445 

The results point to spatially and seasonally differentiated planning rather than uniform city-wide 446 

measures, and identify where urban growth and climate act together across Lahore and its 447 

hinterland. Three priority areas emerge. (i) On the south-western fringe in Raiwind Tehsil, around 448 

the Sundar Industrial Estate and Jati Umra/Badhoke, where built-up area and population have their 449 

largest associations with PM₂.₅, the pace and form of peri-urban expansion and industrial siting 450 
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should be guided through land-use planning, and the contribution of seasonal crop-residue burning 451 

should be addressed through cross-jurisdictional cooperation within the Indo-Gangetic Plain. (ii) 452 

In the Youhanabad/Model Town corridor, where road density has its strongest association with 453 

PM₂.₅ at the eastern margin of the belt of strongest humidity effects, transport and land-use planning 454 

should aim to reduce congestion and roadside exposure, particularly during humid, low-wind 455 

winter conditions. (iii) The open north-eastern Shalimar/Ravi/GT Road corridor, where stronger 456 

winds were associated with lower PM₂.₅, appears to act as a natural ventilation pathway and should 457 

be considered in zoning decisions that limit further built-up encroachment. At the scale of the urban 458 

region, the development plan could incorporate these spatial and seasonal patterns, existing 459 

seasonal measures such as winter burning restrictions could be evaluated against them, urban green 460 

space should be protected and expanded (Khan et al. 2022), and meteorologically informed early-461 

warning systems could help residents and institutions adapt during high-risk winter periods. 462 

These patterns are likely to be relevant beyond Lahore. Many cities of the Indo-Gangetic Plain 463 

combine rapid peri-urban expansion onto agricultural land, winter stagnation and trans-boundary 464 

influences from seasonal crop-residue burning. The spatially explicit framework used here relies 465 

only on openly available satellite, reanalysis and remote-sensing data and can therefore be applied 466 

to other data-limited urban regions to identify where, and in which seasons, urban growth and 467 

climate act together. 468 

5. Conclusions 469 

The main strength of this study is the integration of a decade of gridded PM₂.₅, reanalysis climate 470 

and socioeconomic data within a spatially and temporally varying framework that is transferable to 471 

other data-limited cities. The limitation of this study is the climatic and socioeconomic variables 472 

could not be combined in a single GTWR model because of their different spatial resolution and 473 

temporal structure; a jointly estimated model on a common grid would allow the compound effects 474 

described in Section 4.3 to be tested formally. PM₂.₅ in Lahore remained far above WHO targets 475 

during 2015–2024, increased modestly and spread from the urban core toward the periphery, with 476 

the highest concentrations in winter. Relative humidity and rainfall had consistently positive and 477 

negative effects, respectively, across the city, temperature was mainly dispersive, and wind speed 478 

had a dual, location-dependent role: dispersive in the open north-east but positive, and possibly 479 

transport-related, in the west. Built-up area, road density and population were predominantly 480 

positive, spatially concentrated drivers, with the strongest effects on the rapidly urbanizing south-481 

western periphery around Raiwind Tehsil and a traffic-related hotspot around Youhanabad. 482 

Socioeconomic factors therefore largely determine where PM₂.₅ is generated, while climatic 483 

conditions govern its accumulation, transport and removal, and their overlap on the south-western 484 

fringe is likely to compound pollution. Effective mitigation in Lahore will require spatially and 485 

seasonally targeted interventions supported by meteorologically informed forecasting and early-486 

warning systems. 487 
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