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1. Introduction

In 2019, the emergence of a novel coronavirus, SARS-CoV-2, was identified as a causative agent
with human-to-human transmission. Due to the absence of a vaccine or specific medical treatment
tor COVID-19 at the time, measures such as social distancing and public interventions in the form
of lockdowns were imposed in an attempt to curb the epidemic (Cassidy et al. 2020; Huaiyu Tian
et al., 2020). In an effort to prevent the spread of the novel coronavirus, various policies including
lockdowns, social distancing, and the use of masks have been enforced in the United States (Huang
et al. 2021; Arora et al. 2020). Lockdowns involve the restriction of movement and gathering of
people in an effort to limit the spread of the virus. Lockdowns varied in severity and geographical
scope, including the closure of non-essential businesses, the cancellation of public events, and the
implementation of stay-at-home orders. These measures were aimed at reducing the number of
people who came into contact with the virus (State of California 2020). Research has shown that
these lockdowns were generally effective at reducing the spread of COVID-19 and flattening the
curve. California’s lockdown provided a unique opportunity to quantify the impact of
transportation on urban climate change.

The Urban Heat Island (UHI) is a phenomenon where a metropolitan area has a temperature
significantly higher than the surrounding rural areas (Oke 1981; Gorsevski et al. 1998). The
temperature difference is typically 2-3°C, but may be up to 11°C. The difference is typically larger
at night than during the day and is most apparent when winds are weak (Oke et al. 1999). The
main causes for the UHI effect include waste heat generated from anthropogenic activities and
energy usages, such as vehicle exhaust, and human and industrial activities (Kato and Yamaguchi
2005). Another cause is impervious surfaces, such as buildings, concrete, and asphalt surfaces.
With little vegetation coverage, these surfaces effectively retain more heat. The UHI effect is
among the best expressions of the impact of human activities on local climate (Hinkel et al. 2003),
which play an important role in the climate warming trend. For example, research in China
indicates that UHI contributes to about 30% of local climate warming (Ren et al. 2015).

The UHI effect is one of the most apparent consequences of environmental change induced by
anthropogenic activities and an important indicator of climate change (Huang and Lu 2015). It
has been reported that anthropogenic activities have caused the rise of global mean temperature by
0.8°C compared to the preindustrial level (IPCC 2007). Despite global warming caused by
greenhouse gas, the human impact on climate on a local and regional scale is much more significant
(Zhao et al. 2014). Kalnay and Cai (2003) estimate there is a 0.27°C per century mean surface
warming due to land-use changes in the United States (Kalnay and Cal 2003). Research in
southeast China suggests overall warming of 0.05°C per decade for mean winter surface
temperature induced by urbanization (Li et al. 2012). However, there remains a paucity of
quantitative evaluation of the traffic volume impacts on urban warming, despite transportation
accounting for the largest share of greenhouse emissions (28.9%) according to statistics from

USEPA (US EPA).
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Figure 2. Land Surface Temperature in the South Bay Area on March 2nd, 2020 (Celsius)
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Three hundred and sixty-eight MODIS images were screened, and 124 images were
selected (Table 4) based on the data quality and cloud coverage. Images with more than 10% cloud
coverage, or if they were acquired in high wind speed conditions, were excluded. A large number
of images were excluded due to the excessive cloud coverage and not included in our subsequent
analysis. Figures 3 and 4 show the selected cloud-free MODIS images for the Bay Area in 2019
and 2020, morning (Terra) and afternoon (Acqua) groups.

Table 4. Cloud-free Terra and Aqua MODIS Image Data

Daytime Terra (Morning) Aqua (Afternoon)

Time period ~ 03/01-05/31 03/01-05/31 (2020)  03/01-05/31 (2019)  03/01-05/31
(2019) (2020)

Total images 92 92 92 92

Cloud-free 30 29 33 32

images

In situ observations on solar radiation were used to model the effect of solar radiation variation on
the LST in order to isolate the effect of traffic volume variation. We utilized solar radiation data
acquired from a meteorological station, Moraga, in the Bay Area at a latitude of 37.84°N and a
longitude of 122.13°W (Figure 1). The station is part of the network of the California Irrigation
Management Information System (CMIS). Solar radiation intensity measured at the station is
considered representative of the entire Northern California area in a unit of W/sq.m*2.065 per day.
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Figure 4. Urban Land Surface Temperatures (°C) Time Series in North California in 2019 for
the Morning Group (Left) and Afternoon Group (right)
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3. Analysis and Results

3.1 Multiple Regression Models with Dummy Variable

A “dummy variable” is a useful method of introducing a regression analysis contained in variables
that are not conventionally measured on a numerical scale (Allison 2002). The use of dummy
variables requires the imposition of additional constraints on the parameters of the regression
equations if determinate estimates are to be obtained (Hardy 1993). In fact, the independent
variables specified in a regression equation can include any combination of qualitative and
quantitative predictors. For example, radiation flux correlated with surface temperature is
commonly used in earlier research (Hossain and Takhar 1996; Santanello and Friedl 2003). Some
research has attempted to use a regression model to explain the UHI effect by means of net

radiation (Djen et al. 1994; Blankenstein and Kuttler 2004).

In this research, we derived a multi-variable regression from analyzing the traffic volume impact
on the UHI effect, whereby the COVID-19 lockdown traffic control is included as the dummy
variable. Defining the dummy variable allows us to capture the information of policy control in a
categorization scheme and then to use the information in a standard regression estimation. When
the COVID-19 lockdown variable is qualitative, we adopt a dummy variable that allows us to
represent this policy information in a quantitative radiation-temperature model without imposing
unrealistic measurement assumptions on the categorical variables. The logic of regression
estimation remains the same: we are predicting conditional means on the dependent variable. We
believe the COVID-19 lockdown, which limited the urban region’s traffic volume, influenced the
UHI effect in quantity and intensity—as vehicle exhaust is one of the most important sources of
greenhouse gas that traps the emitted thermal radiation more effectively. In the regression model,
the COVID-19 lockdown is utilized as a dummy variable under two conditions: (1) to set the
dummy variable of the regression equation to the percentage of the traffic reduction during the
period that the COVID-19 lockdown is imposed; or (2) to set the dummy variable to one or 100%
tor those time points without the COVID-19 lockdown. In that case, the dummy variable analysis
reveals both whether the COVID-19 lockdown effects are statistically significant and what the
quantitative effects of the traffic lockdown are on the UHI effect.

3.2 Statistical Regression Model with Radiation, LST (MODIS), and
Traffic Variation

The intensity of solar radiation varies with the time and weather conditions and naturally
influences the intensity and spatial extent of the UHI. In previous studies, the relationship of the
LST with the solar radiation flux has been modeled to depict urban heat dynamics (Kato and
Yamaguchi 2005). Some studies have also attempted to explain urban surface temperature variation
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by reference to solar radiation (Rizwan et al. 2008; Heat and Mitigation 2005) through a regression
model. In this study, we use solar radiation to represent the natural effect of the sun on UHI
dynamics.

Multivariate linear regression models were developed to analyze the variation of intensity of UHI
in terms of mean temperature with solar radiation and traffic volume on the assumption that other
factors that influence the heat environment are unchanged during our study period. According to
the TIMS’s traffic monitoring records for the six Bay Area counties, we define the UHI intensity
using the mean LST over each single county, which was calculated and used as the UHI intensity
in degrees Celsius. The mean value (intensity) for each county was then regressed with radiation

including the COVID-19 lockdown dummy variable, which is expressed as:
T intensity — Ay + A4 Rsolar 4 A, D lockdown 4 e, (1)

where T intensity s the dependent variable of UHI intensity for a ring road zone. Rsolar and
D lockdown are as previously defined, while in this model variable p lockdown explains the COVID-
19 lockdown effect on the UHI intensity. 4,, A, , and 4, are coefficients to be estimated. g, is an

error term.
3.3 Statistical Analysis Results

The statistical model aims to examine the influence of traffic volume on UHI intensity. We
acquired the LST from MODIS for “lockdown” in 2020, as well as for “no lockdown” in 2019 as
the control group; we constructed the model that investigates the cloud-free days. We built this
model to test the influence of the traffic volume for six different Bay Area counties (see Figure 1),
that is, San Francisco County, Santa Clara County, San Mateo County, Marin County, Contra
Costa County, and Alameda County. The mean LST value of each county was calculated from
the MODIS thermal remote sensing data over the 2020 COVID-19 lockdown, as well as the same
period in 2019 as the control group. Each group’s LST temperature is regressed with solar
radiation and the percentage of the traffic volume monitoring records.

Table 5. Regression Results for Modeling of UHI Intensity in the Mornings

County Regression model R’

San Francisco T™ean = 0.026 x Rgoiqr — 0.26 x DIoCkdown 13 71 0.297
Santa Clara T™Mem — 0,049 x Rgpqr + 0.41 x Dlockdown _q o5 0.598
San Mateo T™ean - 0,033 x Rgprar — 0.89 x DIOCkdown 4 3 94 0.431
Marin T™Mean _ ().035 x Rgyjqy — 0.15 x Dlockdown , 4 o7 0.451
Contra Costa T™Mem — 0,043 x Rgo1qr — 4.78 x DOCkdown o ¢ 00 0.493
Alameda T™Mem — 0,045 x Rgo1qr — 1.53 x Dlockdown , 3 g7 0.561
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Table 6. Regression Results for Modeling of UHI Intensity in the Afternoons

County Regression model R’

San Francisco T™ean — (0,023 x Rggrqr — 0.31 x Dlockdown 15 33 0.269
Santa Clara T™em — 0,051 x Rgoiqr + 0.36 x Dlockdown 3 6 0.533
San Mateo T™Mem — 0.032 x Rgo1qr — 0.34 x Dlockdown g 77 0.385
Marin TMEAn _ 0,039 x Rgypap — 2.94 x DI0Ckdown g g3 0.415
Contra Costa T™Mem — 0,049 x Rgpiqr — 7.16 x D¥OCkdown g og 0.565
Alameda TMEAn _ 0,045 x Rgypqy — 1.96x DIOCkdown , 7 g3 0.524

Tables 5 and 6 show the regression results for the morning and afternoon groups, respectively.
Apparently, the multi-variable regression model fits a linear relationship between radiation, traffic
variation, and UHI intensity. During the COVID-19 lockdown, the p lockdown displayed all
negative effects for all counties except Santa Clara. For the morning group model, the p lockdown
COVID-19 lockdown traffic reduction led to 0.263°C, 0.887°C, 0.146°C, 4.779°C, and 1.53°C
reduction of the land surface temperature; meanwhile, for the afternoon group, the p lockdown
COVID-19 lockdown traffic reduction led to a 0.308°C, 0.34°C, 2.941°C, 7.16°C, and 1.96°C
reduction of the land surface temperature. The magnitude of the surface temperature reduction is
consistent for the morning and afternoon groups.

Three counties on the west side of the Bay Area (San Francisco, San Mateo, and Marin) show a
smaller temperature reduction, less than 1°C in terms of the LST temperature reduction. On the
other hand, two counties on the east side of the Bay Area (Contra Costa and Alameda) show a
larger temperature reduction, 4.78°C and 7.16°C for Contra Costa and 1.53°C and 1.96°C for
Alameda, respectively. This might be due to the different microclimates on each side of the Bay
(Ekstrom and Moser 2014). The East Bay usually gets colder and wetter weather than the

peninsula, due to various levels of the influence of the ocean (Keeley 2005).

An outlier is Santa Clara County in the South Bay, which results in a positive impact on the
deduction of traffic. That is, the traffic reduction during the lockdown actually caused a land
surface temperature increase compared to the control group without the lockdown. This trend is
also consistently presented in both morning and afternoon groups. The reason for this
phenomenon needs to be further investigated in future research. Besides the location of Santa
Clara in the south Bay Area, another factor that should be considered is that Santa Clara is the
most populous county in the San Francisco Bay Area and in Northern California as a whole. The
lockdown policy implementation might also cause other anthropogenic heat generation from
people staying home.
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4. Discussion and Conclusions

In this study, we derived a multi-variable regression model based on the UHI intensity from
remote sensing LST and solar radiation data during 2019 and 2020 with the COVID-19 lockdown.
The lockdown was included as a dummy variable in the statistical model to quantitatively evaluate
traffic reduction on the UHI intensity. During the COVID-19 lockdown, the traffic volume was
regulated and reduced by 30-50% according to the UC Berkeley TIMS traffic dataset. Statistical
models have been constructed using a dummy variable to indicate the COVID-19 lockdown. The
results of the analysis suggest that a decrease in urban traffic volume can significantly reduce the
intensity of the UHI. When the COVID-19 lockdown cut traffic volume, UHI intensity was
reduced by an average of 1.52°C and 2.54°C for the morning and afternoon, respectively. This
UHI reduction brought about by the COVID-19 lockdown was more effective in the East Bay
Area than in the West Peninsula. The South Bay showed a contrary pattern for the LST reduction.
This study is the first attempt to quantify the impact of traffic on the UHI, providing an important
milestone for quantifying the contribution of traffic volume as a significant anthropogenic factor
to the UHI and, hence, climate change.

A comparison was also made between the morning and the afternoon groups. Overall, the results
show that the afternoon group has a greater decreased temperature and a larger extent than the
morning group. Moreover, the morning group has a higher average 7’ value than the afternoon
group. For the UHI intensity model, the morning group has a lower average 7°value than the
afternoon group. For the extent-based model, traffic impacts on UHI afternoon have a smaller
value than the morning model. To explain this, the time of the morning group (10:30 AM) is close
to the morning rush hour, while the time of the afternoon group (1:30 PM) is removed from rush
hour. Therefore, the morning group could be influenced more by the traffic factor because the
larger traffic volume on the road could cause a more significant expansion of the UHI extent. On
the other hand, the intensity-based model could be more influenced by solar radiation since we
measure the mean temperature for each zone. The solar radiation absorbed by the urban surface
around 1:30 PM is remarkably stronger than around 10:30 AM. The reduced traffic volume’s
effects on the UHI could be diminished by the much stronger radiation absorbed by the Earth.

Other factors have also been taken into consideration, such as wind speed and water bodies.
Including the COVID-19 lockdown as the dummy variable provides the estimation of UHI
intensity changes caused by traffic. It has been demonstrated that the greenhouse gas emitted by
vehicle exhaust is one of the most important factors that causes climate change, but it is still unclear
how vehicles contribute to urban climate change (Ren et al. 2015; Amato et al. 2014; Czarnecka
and Nidzgorska-Lencewicz 2014). This research only discussed climate change in the context of
vehicular traffic flow. Detailed factors such as vehicle exhaust, gas emissions such as carbon-based
molecules or water vapor (another potent greenhouse gas), particulates, engine heat, or emissivity
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change by the vehicle metal body are not explored in this study. The radiation data used in this
study is total solar radiation from the meteorology station. For future research, we will try to access
the net radiation to further improve the energy budget model.
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