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Abstract

The COVID-19 pandemic presented an unprecedented opportunity to assess the environ-
mental effects of reduced anthropogenic activity on urban climates. This study investigates
the impact of COVID-19-induced lockdowns on land surface temperature (LST) and the in-
tensity of the surface urban heat island (SUHI) in Nowshera District, Khyber Pakhtunkhwa
Province, Pakistan, which is experiencing rapid urbanization. Using Landsat 8/9 imagery,
we assessed thermal changes across three periods: pre-lockdown (April 2019), during
lockdown (April 2020), and post-lockdown (April 2021). Remote sensing indices, including
NDVI and NDBI, were applied to evaluate the relationship between land cover and LST.
Our results show a significant reduction in average LST during lockdown, from 31.38 °C
in 2019 to 25.34 °C in 2020, a 6 °C decrease. Urban-rural LST differences narrowed from
9°Cto 6 °C. A one-way ANOVA confirmed significant differences in LST across the three
periods (F (2, 3) = 3691.46, p < 0.001), with Tukey HSD tests indicating that the lockdown
period differed significantly from both the pre- and post-lockdown periods (p < 0.001).
SUHI intensity fell from 35.10 °C to 28.89 °C during lockdown, then rebounded to 35.37 °C
post-lockdown. The indices analysis shows that built-up and rangeland areas consistently
recorded the highest LST (e.g., 35.36 °C and 37.09 °C in 2021, respectively), while vege-
tation and water bodies maintained lower temperatures (34.68 °C and 32.69 °C in 2021).
NDVI confirmed the cooling effect of green areas, while high NDBI values correlated with
increased LST in urban areas. These findings underscore the impact of human activity on
urban heat dynamics and highlight the role of sustainable urban planning and green infras-
tructure in enhancing climate resilience. By exploring the relationships among land cover,
anthropogenic activity, and urban climate resilience, this research offers policymakers and
urban planners’ valuable insights for developing adaptive, low-emission cities amid rapid
urbanization and climate change.
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1. Introduction

Urbanization is one of the significant processes of transforming the Earth’s surface,
changing land use and land cover in ways that disturb the urban thermal environment [1,2].
The well-documented phenomenon arising from urbanization is the higher temperature
of urban areas than their rural surroundings, known as UHI (Urban Heat Island) [3].
This temperature variation is driven by various factors, including the replacement of
natural vegetation with hard surfaces, reduced evapotranspiration, and increased emissions
from vehicles, industries, and buildings due to anthropogenic activities [4]. The UHI
exacerbates environmental and social challenges, including increased energy consumption,
heightened vulnerability to heat waves, and degraded air quality [5]. The effect of UHI
has gained global attention due to its direct implications for public health and urban
sustainability [6]. The rapid urbanization in developing countries has intensified the effects
of UHI in urban areas, where infrastructure development often outpaces the measures of
climate adaptation [7]. Similarly, only 2% of the Earth’s surface is occupied by cities, yet they
account for 70% of global energy consumption and 75% of greenhouse gas emissions [8].
Therefore, understanding and mitigating the effects of UHI has become a cornerstone for
sustainable development strategies.

Globally, China, India, and European countries have observed a drop in the concentra-
tion of NO; up to 30%, which has helped to reduce the impact of the UHI by minimizing
the land surface temperature [9]. It shows the impact on the region’s climate by decreasing
human activity. For example, there has been a noticeable drop in LST due to reduced
emissions [10]. This noticeable drop in LST has provided a natural experiment to examine
the dynamics of urban thermal behavior during reduced human activity. It has yielded
insights into sustainable urban design and climate adaptation techniques.

The Coronavirus Disease 2019 (COVID-19) began in late 2019. It provided a unique
opportunity to examine the urban heat island and its relationship with human activities
and land surface temperature (LST). Lockdowns implemented across the world to stop
the virus’s spread significantly decreased industrial activity, transportation, and other
human-caused activities, which had a significant impact on the environment [11]. These
measures drastically reduced the use of fossil fuels and enhanced air quality [12]. A cleaner,
calmer urban environment resulted from the suspension of commercial activity, which also
reduced noise pollution and vehicle emissions [9]. Specifically, the transportation systems
experienced unprecedented disruptions, leading to reduced traffic flow and mobility, as
also highlighted in recent studies on urban traffic prediction and management during
pandemics [13].

The dynamics of urban heat, particularly land surface temperature (LST) and surface
urban heat island (SUHI) intensity, have been widely studied in large metropolitan regions
worldwide. Several studies from megacities of high-population countries, such as Karachi,
Lahore, Delhi, Beijing, and New York, highlight how urbanization and anthropogenic
activity exaggerate the thermal environments of these cities [14,15]. However, the rapidly
urbanizing secondary cities remain underrepresented in this discourse, despite experienc-
ing rapid population growth and unregulated urban expansion that make them equally
vulnerable to heat-related hazards. The COVID-19 lockdown period from 2019 to 2021
created an unprecedented opportunity to observe how sudden reductions in anthropogenic
activity—such as transport, industry, and commercial operations—affect urban thermal
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behavior [16]. While recent studies from global metropolises such as Wuhan, Delhi, and
Karachi have documented cooling effects during lockdown periods, evidence from sec-
ondary cities in Pakistan remains undocumented. This gap is critical, as smaller urban
centers host significant populations, yet lack the adaptive infrastructure and planning
frameworks available in larger cities.

Cities can moderate their thermal environment through planning and management
measures; failing to account for these interventions obscures the extent to which LST
changes observed are driven by land-cover conversion rather than policy or design choices.
Recent studies show that urban management strategies, especially the provision and design
of green infrastructure, land-use zoning, and modifications to urban morphology, produce
measurable cooling effects at neighbourhood-to-city scales. Small-to-medium green patches
and connected green corridors can lower air and surface temperatures by about 1-3 °C
locally, and larger, well-distributed green networks deliver larger cooling and public-health
benefits [17,18]. Similarly, managing impervious-surface extent and spatial configuration
through compact mixed land use, protected green patches, and lower-albedo materials
reduces daytime LST, while three-dimensional urban form (building density, height, and
sky-view factor) controls radiative exchanges that amplify or mitigate surface heating [19].
Finally, multiple recent spatiotemporal analyses demonstrate that trajectories of LULC
change, the timing, rate, and spatial pattern of built-up expansion, vegetation loss, and
water-body change, strongly determine LST trends and SUHI development in mid-sized
and secondary cities [3]. Together, these findings imply that assessing lockdown-related LST
changes without considering concurrent land-use dynamics and management strategies
gives an incomplete picture; integrating policy-relevant explanations strengthens both the
interpretation and the planning relevance of LST results [20,21].

This study addresses that gap by focusing on Nowshera City, a mid-sized urban
centre in Khyber Pakhtunkhwa, Pakistan, which has not been previously studied in terms
of SUHI dynamics. This is the first empirical investigation to evaluate how movement
restrictions during the COVID-19 lockdown influenced LST and SUHI in a secondary city in
Pakistan. By linking mobility restrictions with local-scale heat dynamics, the study provides
novel insights into how reductions in anthropogenic activity translate into measurable
cooling effects.

Beyond academic contribution, the findings carry important policy implications. For
example, if temporary reductions in human activity can yield noticeable thermal im-
provements, sustainable planning measures—such as green infrastructure provision, reg-
ulated transport emissions, and controlled urban expansion—could play a decisive role
in mitigating SUHI effects. Thus, this study not only fills a geographical and thematic
research gap but also provides evidence-based lessons for heat-resilient urban planning in
developing countries.

The Nowshera district, with a semi-arid climate and rapidly urbanizing terrain, is of
concern because it is undergoing significant changes in land use and land cover (LULC)
driven by fluctuations in urbanization and population. The semi-arid climatic setting of
the district, with its unique combination of urban, agricultural, and riverine areas, makes it
an ideal location to explore the nexus between human heat emissions and LULC changes
within urban thermal dynamics.

This paper explores how the COVID-19 lockdown affected LST and SUHI intensity
in Nowshera, providing insight into the effects of reduced human activities on an urban
environment. By considering such variations, the study contributes to broader research on
the relationship between human activity and the dynamics of urban thermal fields. The
results are thus highly relevant to designing areas that are resilient and sustainable and
able to cope with the double onslaught of rapid urbanization and climate change.
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2. Study Area and Methods
2.1. Geographic Context

Nowshera district lies in the province of Khyber Pakhtunkhwa, Pakistan, and has a
semi-arid climatic condition. Its total area is approximately 1748 km?. The dominant land
uses/land cover are built-up areas, agriculture, and water bodies. District Attock lies to the
east, and Districts Peshawar and Charsadda lie to the west and northwest of Nowshera.
The northern side contains the districts of Mardan and Swabi, and to the southern side
lies the Kohat district. The Nowshera district is located between longitudes 72°16'15"” E
and latitudes 33°41'30” to 34°10'15” N. As per the 2017 Census, it has a population of
approximately 1.5 million. Nowshera district has two major rivers: The River Kabul and
the River Indus. The Kabul River enters the district from the west through Kund Khairabad
and merges with the River Indus. The drainage network of the district is characterized by
several annual dry torrents joining the Kabul River from the south [22]. Figure 1 illustrates
the location of the study area.
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Figure 1. Location Map of the Study Area.

2.2. Climatic Characteristics

Nowshera has a semi-arid climate with apparent seasonal variations that profoundly
affect its environment and land-use patterns. Summers are hot, typically from May to
September, when temperatures often reach 40 °C or higher. The hottest month is usually
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June, with an average maximum temperature of 33.6 °C. These conditions and low relative
humidity make it a challenging environment for human activity and vegetation, especially
in urban areas, where the surface urban heat island (SUHI) effect intensifies heat. Winters
fall between November and February, with January the coldest month, with an average
minimum of 10.1 °C. These months are relatively cooler, offering temporary respite from
summer’s intensity, sometimes boosted by moderate rainfall that benefits agriculture.
Rainfall in Nowshera is somewhat irregular, and the bulk of the annual precipitation falls
during the monsoon season of July—September, peaking in August with 112 mm. The driest
month is October with only 13 mm. The diurnal range is also noteworthy, with significant
increases during months of transition, such as March and October, due to clear skies and
low atmospheric moisture. These climatic features shape Nowshera’s land use, vegetation,
and urban thermal behavior, which, in turn, influence the city’s climatic vulnerability and
resilience capacity.

2.3. Data Collection

Based on the study objective, data were collected from multiple sources, including
primary and secondary sources and remote sensing technology. The data sources and their
specific applications are described below:

a. Satellite Data:

The thermal bands of Landsat 8 (Bands 10) were acquired from the USGS Earth Ex-
plorer platform (https://earthexplorer.usgs.gov/, accessed on 22 November 2025) [23].
This data was used to determine the Land Use/Land Cover (LULC), land surface tem-
perature (LST), and Normalized Difference Vegetation Index (NDVI), Normalized Differ-
ence Built-up Index (NDBI), and Normalized Difference Water Index (NDWI). Data were
selected between the years 2019 through 2020, and 2021 to capture all three periods: pre-
lockdown, lockdown, and post-lockdown. Table 1 depicts the satellite imagery acquisitions
of this study.

Table 1. Landsat 8 Acquisition Details for Nowshera (2019-2021).

Year Acquisition Sensor Path/Row Spatlefl Description
Resolution
. Landsat 8 30 m (TIR 100 m .
2019 18 April 2019 OLI/TIRS 152/38 resampled) Pre-lockdown period
. Landsat 8 .
2020 14 April 2020 OLI/TIRS 152/38 30m Lockdown period
2021 08 April 2021 Landsat 8 152/38 30 m Post-lockdown period
P OLI/TIRS p

Source: USGS Earth Explorer, https:/ /earthexplorer.usgs.gov/, accessed on 22 November 2025 [23].

MODIS thermal band data, available through Google Earth Engine, were used further
to validate the mean temperature for the three periods.

b.  Meteorological Data:

Mean maximum and minimum temperature data were also collected from the regional
metrology office in Peshawar, the provincial capital of Khyber Pakhtunkhwa. The informa-
tion on the lockdown was cross-checked against mean temperature measurements from
1-20 April 2020, in Nowshera.

C. Lockdown Timeline:
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In Pakistan, the first lockdown lasted from March 2020 to May 2020, during which
significant reductions in human activity were observed.

2.4. Data Analysis
2.4.1. Land Use/Land Cover Change Detection

Land Use/Land Cover Change (LULCC) analysis was performed using supervised
classification in ArcGIS 10.5. Five major land-cover classes were identified: built-up areas,
vegetation, rangeland, water bodies, and agricultural land. Training samples for each class
were manually digitized using high-resolution Google Earth imagery to ensure clear spec-
tral representation. The Maximum Likelihood Classification (MLC) algorithm was applied
to classify Landsat scenes for 2019, 2020, and 2021. After classification, land-cover maps for
the three years were compared to identify changes in urban expansion, vegetation loss, and
shifts in other land-cover types. This multi-year comparison allowed a clear assessment of
LULC dynamics over the pre-lockdown, lockdown, and post-lockdown periods.

Land Cover Classification Accuracy Assessment

Classification accuracy was evaluated using an independent validation set. A con-
fusion matrix was produced to compute overall accuracy and the Kappa coefficient. The
overall classification accuracies were 89.4% in 2019, 91.2% in 2020, and 90.6% in 2021, with
corresponding Kappa coefficients of 0.87, 0.89, and 0.88, respectively. These values indicate
strong agreement between the classified outputs and reference data and meet the generally
accepted accuracy thresholds for LULC studies.

2.4.2. Land Surface Temperature (LST) Estimation

Land surface temperature (LST) estimation models are vital for assessing the thermal
characteristics of Earth’s surface, particularly for environmental monitoring and urban
planning. These models typically utilize remote sensing data, particularly from satellites
like Landsat, to derive surface thermal characteristics and temperatures through thermal
infrared bands [24]. The estimation process often involves converting digital numbers
from satellite imagery into radiance and then into brightness temperature, followed by
applying algorithms that account for atmospheric effects [25]. Accurate LST estimation
is crucial for understanding land cover changes, urban heat island effects, and climate
variations, enabling informed decision-making for sustainable land management and urban
development [26].

The Landsat 8 thermal and optical bands for 2019, 2020, and 2021 were processed in
ArcGIS 10.5. The raw Level 1 images downloaded from USGS EarthExplorer were con-
verted to top-of-atmosphere (TOA) reflectance and spectral radiance using the calibration
coefficients from the metadata file. Brightness temperature was computed from the thermal
band (TIRS 10), followed by land surface emissivity estimation using NDVI. The final LST
was extracted using the standard single-channel algorithm. Three Landsat scenes were
used, corresponding to the pre-lockdown (18 April 2019), lockdown (14 April 2020), and
post-lockdown (8 April 2021) periods.

LST was derived from Landsat thermal infrared data following standard algorithms:

i.  Digital Numbers (DN) Conversion: Thermal bands (Band 10 and 11 for Landsat 8/9)
were processed to convert DN values into spectral radiance using Equation (1).

TOA (L) = ML x Qcal + AL (1)

where:
ML = Band specific multiplicative rescaling factor from the meta data
(RADIANCE_MULT_BAND_x, where x is the band number).
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Qcal = corresponds to band 10

AL = Band — specific additive rescaling factor from the metadata
(RADIANCE_ADD_BAND_x, where x is the band number).
TOA = 0.0003342 * “Band 10” 4-0.1

ii. Brightness Temperature: Top-of-atmosphere (TOA) spectral radiance values were
transformed into brightness temperature using Equation (2).

BT = (K2/ (In (K1/ L) +1)) —273.15 )

where:
K1 = Band — specific thermal conversion constant from the metadata
(KI_CONSTANT_BAND_x, where x is the thermal band number).
K2 = Band — specific thermal conversion constant from the metadata
(K2_CONSTANT_BAND_x, where x is the thermal band number).
L = TOA
To get the results in Celsius, the radiant temperature is therefore modified by adding
absolute zero (roughly —273.15 °C) from Equation (3).

BT = (1321.0789/Ln((774.8853/“%TOA%") + 1)) — 273.15 3

iili. Normalized Difference Vegetation Index (NDVI): NDVI is frequently used to de-
termine changes in the vegetation and to identify the cover of the vegetation [27].
Equation (4) is used to obtain it from the red and near-infrared (NIR) bands’ re-
flectance [28].

(Band 5 — Band 4)

DVI =
NDVI = float (Band 5+ Band 4)

(4)

The NDVI calculation is important because it requires estimating the vegetation
proportion (Pv), which has a strong correlation with NDVI, and emissivity (¢), which is
related to Pv.

iv. Proportion of Vegetation (Pv): Derived from NDVI values to estimate emissivity
(Equations (5) and (7)).

(NDVI — NDVImin)
Pov =
v = Square ((NDVImax ~ NDVImin) ©)
ArcGIS allows us to observe the NDVI minimum and maximum values within
the image.
(“NDVI” —0.216901)
Pov =
v=95 q””re( (0.632267 — 0.216901) (©)
e  Calculate Emissivity ¢ by employing Equation (7)
e = 0.004 x Pv +0.986 (7)
The 0.986 in the formula represents the equation’s correction value.
e  The land surface temperature was calculated by using Equation (8)
LST = { BT/{ 1+ | 0.00115 x BT x Ln(e) (8)
B ' 1.4388

where:
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BT: Brightness Temperature, derived from satellite thermal bands, measured in Kelvin
(K) &: Land Surface Emissivity, derived from Equation (7).

To ensure seasonal consistency and minimize weather-related variability, a single
cloud-free Landsat scene was selected for each year, all acquired within the same month
(April). These images represent the closest available temporal match across the three
periods. Although multi-date or seasonal composites can further reduce the influence of
atmospheric conditions, suitable cloud-free images were limited in the study area. The
selected scenes, therefore, provide the most consistent basis for comparison across the pre-,
during-, and post-lockdown periods.

2.4.3. Indices

Different landscape types can be distinguished using various remote sensing in-
dices [29]. In this study, NDBal, NDBI, and NDWI indices were calculated to evaluate the
influence of land-cover characteristics on LST. Zonal statistics were applied to extract mean
LST values within NDVI, NDBI, and NDWI-defined zones. This allowed direct comparison
between vegetation density, built-up intensity, moisture conditions, and surface temper-
ature. Through this, we will underscore the impact of LST on the growth of the surface
urban heat island. An evaluation of the correlation between LST, NDBI, NDVI, NDWI,
and NDBal will be conducted. These spectral indices are usually +1.0. The built-up areas,
bare land, vegetation, and water surface are generally represented by the positive values of
NDBal, NDBI, NDVI, and NDWI, respectively [30].

i.  Normalized Difference Built-up Index (NDBI): Measured to identify urban built-up
areas using shortwave infrared and near-infrared bands (Equation (9)).

SWIR (b6) — NIR (b5)
SWIR (b6) + NIR(b5)

NDBI = float 9)

According to Zhao et al. (2003), the built-up area’s spectral response shows more
reflectance in the SWIR than in the NIR wavelength range [31].

ii. Normalized Difference Water Index (NDWI): Used to identify water bodies, employ-
ing visible green and shortwave infrared reflectance (Equation (10)). Equation (10) [32]
indicates how to find the water using the Modified Normalized Difference Water
Index. Availability in vegetation using the reflectance of visible green and Shortwave
Infrared (Landsat-8):

Green (b3) — SWIR(b6)
Green (b3) — SWIR(b6)

MNDWI = float (10)

iili. Normalized Difference Bareness Index (NDBal): Developed by Zhao and Chen (2005),
this will be utilized to extract bare land from Landsat imagery [33]. Equation (11) will
be used to derive it, utilizing Landsat-8’s Thermal Infrared (band 10) and Shortwave
Infrared (band 6) [34].

SWIR (b6) — TIR(b10)
SWIR (b6) + TIR(b10)

Correlations between LST and spectral indices (NDVI, NDBI, NDWI, and NDBal) were
assessed to evaluate the thermal impact of different LULC types. Positive values indicated

NDBai = float 11

built-up or bare land, while negative values represented vegetation or water bodies.
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2.4.4. Statistical Analysis

The impact of the COVID-19 lockdown on land surface temperature (LST) was ex-
amined using a one-way Analysis of Variance (ANOVA). Three periods were compared:
pre-lockdown (April 2019), during lockdown (April 2020), and post-lockdown (April 2021).
To ensure consistent seasonal conditions, LST values were extracted from two dates in each
year (April 1 and April 20), and the mean LST was calculated for each period.

Before applying ANOVA, the required assumptions were tested. Independence was
ensured by selecting spatially non-overlapping sampling points. The normality of LST
distributions was assessed using the Shapiro-Wilk test, while Levene’s test was used to
confirm homogeneity of variances. Both tests indicated that the assumptions were satisfied
(p > 0.05), validating the use of ANOVA for group comparison.

The null hypothesis (Hp) stated that the mean LST does not differ across the three
periods, while the alternative hypothesis (H;) proposed that at least one period differs
significantly. A p-value of <0.05 was used to evaluate statistical significance. When the
ANOVA test indicated a significant difference, Tukey’s Honestly Significant Difference
(HSD) post hoc test was applied to identify which periods differed from one another.

All statistical analyses were conducted in IBM SPSS Statistics 30.0.0, which was used
for assumption testing, ANOVA computation, and post hoc evaluation. This statistical
approach provided a robust framework for detecting temporal LST differences and un-
derstanding the extent to which reduced human activity during the lockdown influenced
surface temperatures.

This statistical method will provide a strong framework for understanding how the
lockdown affects changes in land surface temperature. It will benefit us to identify tem-
perature patterns across multiple periods, enabling a more thorough investigation of
environmental dynamics and supporting broader debates on environmental and climatic
changes driven by limited human activities. The results underline the need for statistical
analysis in evaluating environmental changes and contribute to broader debates on climatic
changes driven by human activity constraints. Furthermore, the research highlights the
connection between lower anthropogenic activity and fluctuations in metropolitan heat,
providing valuable insights for sustainable urban management and the development of
future climate resilience.

2.4.5. Study of Surface Urban Heat Islands (SUHI)

Because this study derives heat island intensity directly from satellite-based LST, the
analysis refers specifically to the surface urban heat island (SUHI), not to urban canopy or
boundary-layer heat islands. Comparing regional temperature variations between urban
and rural areas helped one to estimate the surface urban heat island (SUHI) effect. To
compute the SUHI intensity, two key steps were followed:

1. Urban and Rural Reference Zone Selection:
Urban areas were delineated using built-up land identified through supervised LULC
classification. Rural reference zones were selected from non-urban areas dominated
by vegetation and bare land, located outside the urban boundary but within the same
climatic region to ensure comparability.

2. Zonal Statistics for LST Extraction:
Average LST values for both urban and rural zones were extracted using zonal statis-
tics. This enabled consistent comparison across homogeneous land cover categories.

The technique involved building land surface temperature (LST) distribution maps to
identify urban thermal hotspots, therefore providing an unambiguous visual depiction of
temperature variations over the study area. Zonal statistics helped to determine average
LST values for specified urban and rural zones. At last, the temperature difference between
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these zones was computed using Equation (12), therefore approximating the degree of
SUHLI. This multi-scale approach gave a more realistic evaluation of the SUHI effect and its
geographical fluctuations.

SUHI Intensity = LSTurban — LSTrural (12)

This approach provides a consistent and spatially explicit method for estimating
SUHI magnitude and understanding its variation across the pre-lockdown, lockdown, and
post-lockdown periods.

2.4.6. Uncertainty Considerations

Several sources of uncertainty are associated with satellite-derived LST, atmospheric
correction, and LULC classification. For LST estimation, uncertainties may arise from sensor
calibration, emissivity estimation, and atmospheric effects. To minimize these effects,
the study used standard USGS-recommended radiometric and atmospheric correction
procedures, along with land-cover-based emissive values. While residual atmospheric
influence cannot be eliminated, using images from the same month (April) across all study
years helps maintain temporal consistency.

In LULC classification, uncertainty may arise from spectral overlap among certain
classes. The use of a supervised maximum likelihood classifier and validation through over-
all accuracy and the Kappa coefficient reduces classification error. The classification outputs
in this study achieved acceptable accuracy levels for detecting major land-cover categories.

Although these uncertainties do not alter the main results, future studies may conduct
sensitivity analyses or incorporate multi-source datasets to quantify them further and
reduce their impact. Figure 2 illustrates the detailed methodology used in this study.
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3. Results

This study determined land surface temperature (LST) differences and the formation
of the surface urban heat island (SUHI) effect in the Nowshera district across three periods
of the COVID-19 pandemic: before, during, and after the lockdown. Data analysis of pre-
(2019), during (2020), and post- (2021) shows significant temperature variations within the
urban agglomeration and between urban and rural areas, with the most significant cooling
observed during the 2020 lockdown. The LST variations between urban centers, major
roads, and rural areas highlight human activities, especially vehicular traffic, as significant
drivers of changes in the thermal environment. The comparative analysis of LST before,
during, and after the lockdown periods is shown in Figure 3, while Table 2 calculates the
temperature differences. The analysis shows an intuitive relationship between reduced hu-
man activity during lockdown and the resulting reduction in urban temperatures. Figure 4
plots the pre-lockdown SUHI over the Nowshera district. The LST difference of 9 °C is
experienced between urban downtown and suburban rural areas. A 6 °C difference be-
tween urban and rural areas was observed during the April 2020 lockdown. After the
lockdown, a 7.5 °C difference in temperature was observed between urban and rural areas
of Nowshera District.
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Figure 3. LST Trends Across Pre-, During-, and Post-Lockdown Phases in Nowshera District (April
2019-2021).

Table 2. LST for Nowshera District (1-20 April 2019, 2020 and 2021).

Maximum .. Average LST SD of LST
Date LST Minimum LST ©0) ©0)
Pre-Lockdown

April. 2019 37.08 25.68 31.38 5.65
During the

lockdown in 30.347 20.35 25.34 4.95
April. 2020

Post lockdown 38.88 2415 3151 7.20

April. 2021
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Temporal Variations of Urban and Rural LST with SUHI in Nowshera (2019-2021)
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Figure 4. Surface Urban Heat Island (SUHI) Trends: Pre-Lockdown, Lockdown, and Post-Lockdown
Periods (April 2019-April 2021).

3.1. The Land Surface Temperature of District Nowshera

The land surface temperature (LST) analysis was conducted from 2019 to 2021, using
April of each year. This period was chosen to ensure continuity in seasonal and environmen-
tal conditions, therefore enabling a correct comparison of LST trends pre-lockdown, during
lockdown, and post-lockdown. The findings show notable differences in the maximum and
minimum mean LST during these eras, thereby highlighting the influence of human activi-
ties and environmental changes on surface temperatures. The average LST was 31.38 °C,
with a standard deviation of 5.65 °C; the maximum LST was 37.08 °C, recorded before the
COVID-19 lockdown in April 2019; the minimum LST was 25.68 °C. The high average LST
and moderate SD reflect typical urban heat impacts resulting from pre-pandemic activity
levels, including vehicle emissions, industrial operations, and reduced vegetation coverage.

The maximum and minimum LST values dropped during the COVID-19 lockdown
in April 2020. With an average of 25.35 °C, the highest Mean LST dropped to 30.35 °C,
a notable dip in LST, from the pre-lockdown period in 2019. Similarly, the minimum
LST dropped from 5.33 °C to 20.35 °C. The decline in the standard deviation to 4.95 °C
suggests more homogeneous temperatures across the region. The lower SD points to
less anthropogenic heat generation, suggesting a reduced SUHI effect. The cessation of
commercial operations, reduced vehicle traffic, and decreased anthropogenic heat emissions
during the lockdown period helped explain this significant drop in LST. Moreover, better air
quality and lower pollution levels most certainly contributed to explaining the cooling effect
noticed during this period. Following the easing of lockdown restrictions in April 2021, LST
values both maximum and minimum showed an increasing trend. While the minimum
LST rose to 24.15 °C, somewhat below its pre-lockdown equivalent, the maximum LST
rose to 38.88 °C, exceeding pre-lockdown values by 1.80 °C. Reflecting rising temperature
variability, the average LST rebounded to 31.52 °C, and the standard deviation dropped
considerably to 7.20 °C. The higher SD indicates more obvious temperature fluctuations.
The rebound in LST values aligns with the resumption of regular economic and social
activities, rising vehicle emissions, and ongoing urbanization trends. This post-lockdown
increase emphasizes how much human activity shapes land surface temperatures. Table 2
and Figure 3 illustrate the thorough examination of the LST variances before, during, and
after the COVID-19 lockdown.
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3.2. Temporal Changes in SUHI

The SUHI analysis for Nowshera revealed clear temporal variations across the pre-
lockdown (2019), lockdown (2020), and post-lockdown (2021) periods, as shown in
Figures 4 and 5. During the pre-lockdown period (April 2019), the SUHI effect was strongly
pronounced, with the inset profile graph showing an urban-rural temperature gradient
of nearly 9 °C. The temperature dropped from approximately 36 °C in the urban core
to 27 °C in the suburban northwest over a distance of 15 km, indicating significant heat
accumulation in densely built-up zones with limited vegetation (Figure 5a).
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Figure 5. It shows the spatial LST distribution, while the corresponding SUHI intensities were
computed separately using the urban—rural LST (a) pre-lockdown 2019, (b) lockdown 2020, and
(c) post-lockdown 2021.

In contrast, the lockdown period (April 2020) was characterized by a notable reduction
in the SUHI effect. The temperature difference between urban and rural areas decreased to
about 6 °C, with urban LSTs averaging 30 °C and rural zones registering around 24 °C. This
decline reflects the cooling effect of reduced anthropogenic heat emissions due to restricted
vehicular movement, industrial activities, and commercial operations (Figure 5b).

Following the easing of restrictions in the post-lockdown period (April 2021), the SUHI
intensity rebounded. The urban—rural LST differential broadened again to approximately
7.5 °C, with maximum urban LSTs exceeding 34 °C while rural surroundings remained
comparatively cooler at 26 °C. This resurgence highlights the rapid return of anthropogenic
drivers of SUHI as economic and social activities resumed (Figure 5c).

The results show that urban areas consistently exhibited higher LST than surrounding
rural zones during all three periods. In 2019, the mean urban temperature exceeded the
rural temperature by approximately 9 °C, representing the highest SUHI intensity observed
in the study area. During the 2020 lockdown, both urban and rural LST values decreased,
lowering the SUHI intensity to nearly 6 °C. This decline reflects reduced anthropogenic
activity during the lockdown. In 2021, urban temperatures increased again, resulting in a
SUHI intensity of approximately 8 °C, indicating a partial rebound of heat accumulation
following the resumption of everyday activities.

Based on the temporal comparison, it was underscored that human activity strongly
influences SUHI dynamics in Nowshera. The shrill cooling effect during the lockdown and
subsequent rebound demonstrates the direct relationship between urban anthropogenic
emissions and local thermal environments.

3.3. LST Variance Analysis Across Lockdown Phases

The impact of the COVID-19 lockdown on land surface temperature (LST) was assessed
using a one-way ANOVA, with LST recorded on April 1 and April 20 across three distinct
periods: Pre-Lockdown (2019), During Lockdown (2020), and post-lockdown (2021). The
LST values for each date of the period and the average LST for each year were calculated to
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yield an overall comparison table. The ANOVA test was performed to determine whether
there were statistically significant differences in LST among the three periods. The null
hypothesis (Hp) assumes no significant difference in mean LST across the periods, while the
alternative hypothesis (H;) suggests that at least one period exhibits a significant deviation.
A significant level of 0.05 was used to evaluate the outcomes. The Table 3 below shows the
LST obtained for 1st April and 20th April for three distinct periods.

Table 3. LST variation of pre, during, and post-lockdown periods in COVID-19 in Nowshera.

Pre-Lockdown During Lockdown Post-Lockdown

Period

(2019) (2020) (2021)
April-01 31.45 254 31.55
April-20 31.31 25.28 31.47
Average 31.38 °C 25.34 °C 31.51 °C

The ANOVA test revealed a statistically significant difference in LST between the
pre-lockdown, during-lockdown, and post-lockdown periods. The degree of freedom is F
(2, 3) =3691.46, and the p-value is <0.001. To further analyze which specific periods differed
significantly, a Tukey HSD (Honestly Significant Difference) post hoc test was performed.
The results of the Tukey HSD are presented in Table 4 below.

Table 4. Tukey HSD Test Results Comparing LST in Three Time Periods of Nowshera City.

Group 1 Group 2 Dilf\;[:rirr‘lce p-Adj 95%&?35:: nee Reject Hp
During Lockdown Post-Lockdown 6.17 <0.001 (5.8271, 6.5129) True
During Lockdown Pre-Lockdown 6.04 <0.001 (5.6971, 6.3829) True

Post-Lockdown Pre-Lockdown —-0.13 0.3763 (—0.4729, 0.2129) False

Based on the Tukey HSD test, the following results were concluded:

1.  The LST during the lockdown period was 6.17 °C lower than the post-lockdown
period (p < 0.001).

2. The LST during the lockdown period was 6.04 °C lower than the pre-lockdown period
(p <0.001).

3.  There was no significant difference in LST between the post-lockdown and pre-
lockdown periods (p = 0.3763).

The assumption tests confirmed that the data met the criteria for one-way ANOVA.
The Shapiro-Wilk test showed that LST values for all three periods followed a normal
distribution (p > 0.05), and Levene’s test indicated that the variances were homogeneous
across groups (p > 0.05). After confirming these assumptions, the ANOVA results showed
a statistically significant difference in mean LST across the pre-lockdown, lockdown, and
post-lockdown years (p < 0.05). These findings validate the temporal differences in LST
identified in the study.

The ANOVA and Tukey HSD tests indicated that the lockdown period had a significant
impact on land surface temperature (LST). The LST during the lockdown was significantly
lower than the pre-lockdown and post-lockdown periods. This advocates that reduced
human activities, such as decreased industrial operations, transportation, and urbanization,
contributed to a measurable cooling effect on the environment. The LST returned to near
pre-lockdown levels after the lockdown, indicating that the cooling effect was temporary
and dependent on the reduced activity levels during the lockdown.
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3.4. Influence of LULC on LST

The land surface temperature (LST) over land use land cover (LULC) before, during,
and after the COVID-19 lockdown has been determined and shown in Table 5 and Figure 6.
The analysis reveals a diverse correlation between LULC and LST, underscoring the lock-
down period’s significance in shaping thermal patterns in Nowshera. On 15 April 2019,
before the lockdown, the highest LST of 35.53 °C was observed in rangelands, while the
lowest LST of 28.85 °C was recorded in water bodies. Similarly, during the 15 April 2020,
lockdown, a noticeable decrease in LST across all LULC classes was observed. For example,
the LST of rangelands dropped to 28.90 °C, and in water bodies, it reduced to 23.49 °C, show-
ing the effect of the cessation of human activities on cooling. However, on 15 April 2021,
after the lockdown, the LST rebounded, reaching 39.09 °C in rangelands and 31.10 °C in
water bodies, signaling a revival in human activities and associated thermal emissions.
Similarly, the built-up areas, characterized by densely populated settlements and infras-
tructure, had an average LST of 34.18 °C before the lockdown, which dropped to 26.8 °C
during the lockdown but increased significantly to 35.36 °C afterwards. Similarly, range-
lands showed a comparable trend, with an average LST of 35.53 °C before the lockdown,
decreasing to 27.26 °C during the lockdown, and then climbing to 37.09 °C post-lockdown.
Agricultural lands and vegetation cover followed a similar trajectory, with average LST
values decreasing during the lockdown and then rising. Agricultural land, for instance, had
an LST of 31.83 °C before the lockdown, which decreased to 24.54 °C during the lockdown
and then rose to 32.52 °C afterwards. The LST of the vegetation cover was 33.32 °C before
the lockdown, 24.27 °C during the lockdown, and 34.68 °C after the lockdown. Throughout
all periods, water bodies continuously maintained the lowest LST, with pre-lockdown tem-
peratures of 30.50 °C, lockdown temperatures of 24.20 °C, and post-lockdown temperatures
of 32.69 °C. The spatial analysis of LST maps reveals distinct thermal hotspots concentrated
within the densest built-up zones, particularly along major transportation corridors and
commercial clusters. Cooler zones remain concentrated in agricultural and vegetated areas
at the city’s periphery. The comparison across the three years shows a clear contraction of
cooler surfaces during the lockdown year, followed by the re-emergence of hotter zones
in 2021. These spatial variations closely align with LULC patterns, particularly the domi-
nance of impervious surfaces and the reduction in vegetation cover, as shown in Table 5
and Figure 6.

Table 5. District Nowshera, LST derived for various LULCC in April 2019, 2020, and 2021.

Average Land Surface Temperature °C

LULC Classes
April 2019 April 2020 April 2021
Built-Up Area 34.18 26.8 35.36
Rangeland 35.53 27.26 37.09
Agriculture land 31.83 24.54 32.52
Vegetation Cover 33.32 24.27 34.68
Water Bodies 30.5 24.2 32.69

This analysis shows that human activities have a significant impact on Nowshera’s
thermal environment, as demonstrated by the decrease in LST during the lockdown and
the subsequent increase in the post-lockdown. The cooling effect was supported by the
temporary halt in activities during the lockdown, which decreased anthropogenic heat
emissions and vehicular activity.

Conversely, the rebound in LST post-lockdown indicates a resumption of human
activities and the thermal emissions associated with them. The findings show that the
provision of green spaces, optimal land use, and the regulation of emissions will influence
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the region’s climate and, hence, offer potential strategies to address urban heat challenges
and enhance environmental resilience in rapidly urbanizing regions.

The NDVI, NDBI, and NDWI indices were analyzed to examine their relationship
with spatial temperature patterns across the study area. A clear and consistent trend was
observed in all three years. Areas with higher NDVI values (dense vegetation and irrigated
agricultural zones) showed lower LST, reflecting the cooling influence of evapotranspiration.
In contrast, zones with high NDBI values, representing built-up and impervious surfaces,
consistently exhibited higher LST, confirming their role in intensifying surface heating.
Water bodies, indicated by high NDWI values, showed the lowest temperatures among all
land-cover types.

These relationships were further examined using zonal statistics, which showed
negative correlations between NDVI and LST and positive correlations between NDBI and
LST across all three periods. This pattern remained stable in the pre-lockdown, lockdown,
and post-lockdown years and supports the interpretation that vegetation loss and built-up
expansion significantly influence surface heating in the district.
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Figure 6. (A) LST derived on 04-2019, (B) LST derived on 04-2020, (C) LST derived on 04-2021,
(D) Normalized Difference Water Index (NDWI), (E) Normalized Difference Vegetation Index (NDVI),
and (F) Normalized Difference Built-Up Index (NDBI) of the study area.

Figure 5 illustrates LULC and LST in the pre-, during, and post-pandemic periods.
Figure 6 shows the different indices in the pre-, during, and post-pandemic periods. Figure 7
shows the Land Use/Land Cover (LULC) distribution and corresponding land surface
temperature (LST) patterns for the study area.
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Figure 7. Land Use/Land Cover (LULC) distribution and corresponding land surface temperature
(LST) patterns for the study area.

4. Discussion

This study comprehensively examined the surface urban heat island (SUHI) effect
and land surface temperature (LST) variations in the Nowshera district before, during,
and after the COVID-19-induced lockdown. The findings provide critical insights into
how anthropogenic activities impact urban thermal environments and how temporary
disruptions in human activity can mitigate the effects of urban heat.

4.1. SUHI Dynamics Across Lockdown Phases

The dynamics of the SUHI in Nowshera city exhibit distinct temporal variations across
the pre-lockdown, and post-lockdown periods, closely reflecting variations in human activity.

During the pre-lockdown phase (April 2019), the SUHI effect was strongly developed,
with an urban-rural thermal difference of nearly 9 °C. The urban core reached about 36 °C,
while suburban and rural areas recorded about 27 °C. This pronounced gradient highlights
the role of dense built-up structures, traffic congestion, and limited vegetation in driving
intense heat accumulation.

In the lockdown period (April 2020), SUHI intensity declined noticeably to around
6 °C. Urban areas averaged 30 °C, compared with 24 °C in rural regions. This reduction
corresponds to the cooling effects of reduced anthropogenic activities, including lower
vehicular traffic, delayed industrial operations, and reduced energy use. Similar reductions
were documented in other global cities during COVID-19 restrictions, where decreases in
human activity not only lowered urban heat intensity but also improved air quality by
reducing NO;, SO,, and particulate matter.

By the post-lockdown phase (April 2021), the SUHI effect rebounded, with the urban—
rural differential widening again to approximately 7.5 °C. Maximum LSTs in the urban
core exceeded 34 °C, while rural surroundings remained relatively cooler at 26 °C. This
resurgence reflects the rapid return of anthropogenic heat sources as economic and social
activities resumed, reinstating pre-pandemic thermal stress conditions.

As a whole, the three stages underscore SUHI's sensitivity to human-driven processes.
The lockdown acted as a unique natural experiment, demonstrating that temporary re-
ductions in anthropogenic activity can significantly mitigate urban heat. However, the
swift rebound of SUHI post-lockdown underscores the unsustainability of these effects and
underscores the need for structural, long-term strategies to curb urban heat. Interventions
such as increasing urban vegetation, adopting reflective and permeable surfaces, and re-
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ducing vehicular and industrial emissions represent more sustainable solutions to address
the intensification of urban thermal environments.

Driving Factors of SUHI

The intensity of the surface urban heat island (SUHI) effect in Nowshera varies signifi-
cantly over time and space, driven by a complex interplay of human activities and natural
factors. This dynamic relationship underscores the critical importance of understanding
both anthropogenic influences and biophysical conditions to effectively address and miti-
gate urban heat impacts in the region. During the COVID-19 lockdown (2020), a marked
reduction in traffic flows, industrial activity, and associated anthropogenic heat emissions
likely contributed to the observed decline in SUHI intensity. Similar reductions in urban
heat linked to decreased economic activity during lockdown periods have been reported in
other regions [35,36].

Vegetation also played a significant role in SUHI dynamics. The observed increase in
NDVI values during the lockdown period indicates that vegetation health and coverage
improved, possibly due to reduced air pollution and human disturbances. This expansion
of green cover increased evapotranspiration, which, in turn, mitigated surface heating.
Previous studies confirm that vegetation density is a key cooling driver in regulating SUHI
effects [37,38].

Conversely, the pre-lockdown (2019) and post-lockdown (2021) phases highlighted
the role of population density and built-up expansion in driving higher baseline SUHI
intensities. As impervious surfaces expand and compact urban forms dominate, the city’s
thermal capacity increases, leading to more pronounced heat-island effects. This aligns
with global findings that rapid urbanization and land-use change are principal drivers of
SUHI development, particularly in medium-sized cities of developing countries [39,40].

Thus, SUHI in Nowshera appears to be shaped by a combination of reduced anthro-
pogenic heat during lockdown, vegetation recovery, and long-term pressure from urban
growth. These highlight the importance of balanced land-use planning, strict air-quality
regulations, and green infrastructure development in mitigating future urban heat.

Similarly, the ANOVA and Tukey HSD tests reveal significant differences in land
surface temperature (LST) across the pre-lockdown, lockdown, and post-lockdown periods.
The ANOVA test (F (2, 3) =3691.46, p = 0.001) indicates that at least two of the period’s LST
values are significantly different. The Tukey HSD post hoc test further indicates that during
the lockdown period, LST was significantly lower than in the pre-lockdown (p < 0.001) and
post-lockdown (p < 0.001) periods. This demonstrates that reduced human activities during
the lockdown, such as decreased industrial and transportation operations, contributed to
the cooling effect of the environment. However, the lack of significant difference between
the pre-lockdown and post-lockdown periods (p = 0.3763) indicates that the cooling effect
was temporary, with LST returning to near-normal levels after restrictions were lifted.
These findings highlight the potential benefits of reducing human activities on the overall
city environment.

Although ANOVA and Tukey HSD provide a robust statistical basis for testing dif-
ferences in LST across the three study periods, more advanced spatial or multivariate
models, such as Multiple Linear Regression (MLR) or Geographically Weighted Regression
(GWR), could further explain the spatial determinants of LST variation. Incorporating such
techniques would enable a deeper analysis of how land covers, built-up density, vegetation
patterns, or elevation contribute to LST distribution. These approaches are recommended
for future studies aiming to model LST drivers rather than to compare temporal changes.
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4.2. LST and LULC Relationships

A detailed investigation of the relationship between LST and various Land Use/Land
Cover (LULC) classes further reinforces the critical role of land cover in moderating ur-
ban temperatures. The findings indicate that built-up areas and rangelands consistently
recorded the highest LST values, while vegetated and water bodies maintained relatively
lower temperatures. During the lockdown, the cooling effect was particularly pronounced
in built-up areas and rangelands, where the cessation of anthropogenic heat sources led
to notable temperature declines. The reduction of industrial emissions and diminished
vehicular traffic likely played a pivotal role in this cooling trend. Conversely, water bodies
exhibited minimal change, maintaining their role as natural cooling elements in the urban
landscape. The post-lockdown period witnessed a rapid rebound in LST values across
built-up and rangeland areas, suggesting that human activities resumed at higher inten-
sity. This pattern demonstrates the challenge of maintaining thermal stability in urban
areas under traditional development paradigms that prioritize impervious surfaces and
limited vegetation.

The findings demonstrate that the COVID-19 lockdown significantly reduced land
surface temperature (LST) and the intensity of the surface urban heat island (SUHI) in Now-
shera, a secondary city in Pakistan. While similar cooling effects have been documented
in global metropolitan contexts such as Wuhan, China [41], Delhi, India [42], and Milan,
Italy [43]. This study is unique in extending the analysis to a mid-sized South Asian urban
setting that is rarely represented in SUHI literature.

While the spatial maps reveal visible patterns of thermal clustering, future studies may
apply spatial statistics, such as the Getis—-Ord Gi* hotspot analysis, to identify statistically
significant high- and low-temperature clusters. Such techniques would enable a more
formal assessment of hotspot persistence and spatial autocorrelation, complementing the
temporal and LULC-based interpretation presented in this study.

The novelty of this research lies in revealing that the relationship between reduced
anthropogenic activity and urban heat mitigation is not limited to megacities. In Nowshera,
decreased traffic flow, industrial slowdown, and reduced commercial operations during
lockdown resulted in a noticeable decline in LST and SUHI. This demonstrates that even
secondary cities—where rapid urban growth often weakens governance capacity—exhibit
measurable climate responses to shifts in human mobility and energy use.

Furthermore, this study provides localized evidence for Pakistan, a country where
most SUHI research has concentrated on megacities such as Lahore [44] and Karachi [45].
By focusing on Nowshera, this study highlights that mid-sized cities, projected to absorb
most of the urban population growth in South Asia [46], are equally vulnerable to urban
heat risks but also hold untapped opportunities for sustainable urban planning.

The implications of this study extend beyond Nowshera. The observed cooling
during lockdown suggests that targeted interventions, such as traffic demand management,
green infrastructure, and compact energy-efficient urban design, could deliver similar
benefits without requiring extreme mobility restrictions. This strengthens the argument for
integrating climate-sensitive policies into urban planning in secondary cities of Pakistan
and other developing countries, where climate adaptation strategies often prioritize only
larger metropolitan regions.

This study provides several contributions that extend beyond the existing SUHI
literature. First, unlike most SUHI studies that focus on long-term urbanization trends, this
research examines how an abrupt and unprecedented reduction in human activity during
the COVID-19 lockdown influenced surface temperatures. This offers a unique opportunity
to isolate the impact of anthropogenic activity from broader climatic or seasonal variations.
Second, the study integrates LULC classification, SUHI intensity mapping, and seasonal
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LST comparisons to examine how short-term changes in mobility and emissions correspond
to thermal behavior across different land cover types. Such an approach is less common in
previous SUHI studies, which often rely on single-period analyses. Third, the study area,
medium-sized cities in a developing region, represents an understudied urban context in
global SUHI literature. Much of the existing research focuses on large metropolitan cities,
leaving gaps in understanding how SUHI responds to human-activity shocks in smaller,
rapidly urbanizing environments. By addressing this gap, the study offers new insights into
SUHI dynamics in regions with limited data availability and environmental monitoring.

5. Limitations and Future Directions

This study provides valuable insights into the impacts of the COVID-19 lockdown on
land surface temperature (LST) and surface urban heat island (SUHI) intensity in Nowshera,
Pakistan. However, several limitations must be acknowledged. First, the analysis is based
on Landsat-derived LST, which provides daytime measurements and captures the nocturnal
surface urban heat island (SUHI) effect, which is typically most pronounced then. Future
studies should incorporate nighttime thermal data from Landsat’s Thermal Infrared Sensor
(TIRS), which can capture nighttime thermal signals. Suitable nighttime scenes for the
study years were not available with acceptable cloud-free conditions. For this reason,
the analysis in this study is based only on daytime LST. While daytime observations are
sufficient for detecting SUHI patterns, incorporating nighttime thermal data in future
research would allow a more complete understanding of diurnal heat island dynamics.
Second, the spatial and temporal resolution of Landsat, while adequate for localized
analysis, may not fully capture short-term or fine-scale variations in thermal conditions.
Higher-resolution imagery, such as from Sentinel-3 SLSTR or commercial satellites, could
improve the robustness of findings.

The study relies on a single cloud-free Landsat image per period due to limited data
availability during the selected months. While these scenes were chosen to ensure consistent
seasonal conditions, future studies could integrate multi-date or seasonal LST composites
to further reduce weather-related bias.

Methodologically, the study employed a conventional SUHI estimation approach
based primarily on temperature differences. While this provides a valuable baseline, more
sophisticated statistical or machine-learning approaches could be employed to disentangle
the complex interplay among land use, vegetation cover, and anthropogenic activities in
driving SUHI intensity. Additionally, due to data limitations, the study did not incorporate
atmospheric pollutants (e.g., NO,, SO,, CO, and Aerosol Optical Depth) that significantly
influence surface heating and cooling dynamics, particularly during the lockdown when
emissions patterns were altered. Future research should integrate air quality indicators
and socio-economic activity datasets (e.g., traffic flow, industrial activity indices, or energy
consumption) to strengthen causal inferences.

Although remote sensing data and statistical analysis were used to study land surface
temperature and vegetation dynamics, no ground-truth data, such as in-situ LST measure-
ments from local weather stations or field surveys, were collected. The absence of ground
validation may limit the precision of the satellite-derived estimates. Future research should
integrate field-based observations with remote sensing datasets to enhance the accuracy
and robustness of urban climate assessments.

Similarly, the focus on temporal variation in LST under lockdown conditions led to
the use of ANOVA and Tukey’s HSD to test differences among the three periods. Future
research may extend this work by applying multivariate or spatially explicit models (e.g.,
MLR or GWR) to explore the spatial drivers of LST further.
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The spatial interpretation of LST patterns using classified maps and SUHI gradients.
Incorporating statistical hotspot analysis (e.g., Getis—Ord Gi*) could enhance future research
by quantifying the significance of thermal clusters.

This study also acknowledges uncertainties in LST retrieval, atmospheric correction,
and LULC classification. These were minimized using standardized correction work-
flows and validated classification procedures; however, future research may incorporate
dedicated uncertainty modeling for more detailed quantification.

Lastly, this study focused on a medium-sized city in Pakistan, which limits the
generalizability of the results. Comparative multi-city analyses across varying urban
morphologies and climatic contexts would enhance the broader applicability of findings.
Future studies should also extend the temporal scope beyond the lockdown period to
assess post-pandemic recovery patterns in LST and SUHI trends, providing more holis-
tic evidence on the long-term implications of reduced anthropogenic activity for urban
thermal environments.

6. Conclusions

This study explored the variations in land surface temperature (LST) and the sur-
face urban heat island (SUHI) effect in the Nowshera district before, during, and after
the COVID-19 lockdown, providing the first empirical evidence from a secondary city in
Khyber Pakhtunkhwa, Pakistan. The analysis revealed that reductions in anthropogenic
activities, particularly traffic and industrial operations, led to measurable changes in the
thermal environment. Specifically, during the lockdown period, urban LST dropped signifi-
cantly, highlighting the direct link between human activities and urban heat dynamics. This
cooling effect was most evident near major transportation corridors and metropolitan zones
where reductions in vehicular flow were most pronounced. The results further demon-
strated that before the lockdown (2019), Nowshera experienced a strongly pronounced
SUHI effect, with urban—rural temperature differences reaching nearly 9 °C. The lockdown,
however, resulted in a sharp reduction in this gradient to about 6 °C, underscoring how
curtailed human mobility and industrial activity reduced anthropogenic heat emissions.
After restrictions were lifted (2021), LSTs and SUHI intensity rebounded, reaching nearly
7.5 °C of differential, reflecting the rapid recovery of urban heat once economic and social
activities resumed. This clear temporal trajectory emphasizes the dynamic role of human
behavior in shaping local heating environments.

By examining the relationship between LST and Land Use/Land Cover (LULC), the
study also confirmed that built-up areas contributed most to SUHI intensity due to their
heat-absorbing properties. At the same time, green spaces and water bodies consistently
acted as cooling zones. This highlights vegetation’s ecological role in moderating heat stress
and provides practical evidence for integrating green infrastructure into urban planning.
In addition, the study demonstrates methodological innovation by using multi-temporal
Landsat-derived LST to capture SUHI variations at a local scale in a mid-sized South Asian
city, a context rarely addressed in the existing literature.

In short, the study makes several key contributions: (i) it is among the first to link
COVID-19 lockdown-related mobility restrictions with SUHI dynamics in a secondary Pak-
istani city, moving beyond the focus on megacities; (ii) it empirically demonstrates the scale
of cooling associated with reduced anthropogenic heat emissions, thereby strengthening the
evidence base for sustainable urban heat mitigation; and (iii) it advances policy implications
by showing that while temporary reductions in human activity can significantly reduce
SUHI, long-term resilience requires structural interventions such as expanding urban green
cover, adopting reflective building materials, and promoting energy-efficient urban de-
sign. The findings not only document a unique natural experiment in Nowshera but also
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contribute regionally and internationally to the growing understanding of human-urban
climate interactions.
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