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The COVID-19 pandemic has compelled countries worldwide to enforce stringent
measures to maintain social distancing, by locking down populations and restricting all
kinds of transport. Besides their impact on the virus, these dramatic changes may also
have positively contributed to a sustainable environment. The study aims to measure the
effect of COVID-19 on environmental sustainability by employing the autoregressive
distributed lag (ARDL) model. The study is based on the daily data of COVID-19
confirmed cases; confirmed deaths; manually generated lockdown data by the
indexing method; and NO2, NH3, SO2, and CO levels from March 3, 2020, to July 27,
2021. This research study investigates the long- and short-term relationship between
COVID-19 and the aforementioned greenhouse gases. The findings suggest conclusively
that NO2, SO2, and CO declined during the COVID-19 period in India because these gases
are anthropologically emitted by transport, industries, and fossil fuel burning. On the other
hand, the evolving NH3 is not related to COVID-19 confirmed cases and deaths but is
impacted by lockdown because ammonia emission is directly related to agricultural
activities. Therefore, a decline in pollutants such as greenhouse gases during the
COVID-19 period until July 2021 was observed. This means the prioritized control of
human activities can be helpful to enhance the quality of the environment.
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INTRODUCTION

Over the years, phenomenal advances in epidemiology have predicted the emergence of wide
epidemics in the human population. The globalization of human communities has facilitated the
transmission of infectious diseases, leading to a higher risk of global outbreaks. The distressing effects
of the great pandemics of the past have potentially influenced human development, while the
historical evolution of epidemics has drastically modified the living standards, affecting worldwide
economies.

Similarly, the recent coronavirus pandemic (COVID-19) has strongly affected the global
economy. The shift in the rhythm of people’s livelihoods has transformed the world’s socio-
economic structure, developing an inextricable relationship between human development and
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epidemics. In December 2019, the massive disruptions caused by
COVID-19 imposed a new strain in many countries causing them
to experience an extensive turmoil. The emergence of the causative
virus was first reported from Wuhan, China (Huang et al., 2021).
Its clinical manifestation has caused an extensive turbulence
worldwide. The wide spread of this deadly disease has seen a
high fatality rate, with vulnerable population particularly
experiencing its severity. The latest statistics (August 1, 2021)
report 210 million confirmed cases, with more than 4 million
people dying because of COVID-19 (Ritchie et al., 2020). However,
besides the unprecedented consequences of the pandemic, research
has also revealed that the impact of COVID-19 has improved the
environmental conditions, thereby limiting the greenhouse
emissions (Kumar and Kumar, 2020; Mandal et al., 2020;
Mishra and Kumar, 2021).

Air is an essential element needed for human survival. It plays
a fundamental role in sustaining a healthy environment, thereby
providing a safe and clean place to live. Improved air quality
enhances individual well-being, making humans enjoy
substantial health benefits.

In contrast, the historical reputations of air pollutants correctly
make environmental containments the chief agent leading to the great
tragedies of human civilization (Vulichi et al., 2021). The greenhouse
emissions are crucial determinants of atmospheric quality.
Environmental substances such as toxic gases produce a high
concentration effect, thereby reducing the air quality. The
greenhouse gases (GHSs) (i.e., CO2, NO, NH4, and SO3) result in
environmental degradation (Manisalidis et al., 2020). Research shows
that among these GHGs, CO2, SO2, and NO2 are the most harmful
environmental contaminants affecting the global climate (Conibear
et al., 2018). The emission of these gases deteriorates the air quality,
resulting in environmental depletion (Gautam and Hens, 2020).

Subsequently, due to the increasing greenhouse emission,
environmental unsustainability has become a global concern that
hinders long-term social benefits. Unsustainable resources cause
adverse effects such as atmospheric deterioration, air pollution, and
global warming. The tremendous increase in pollution due to
anthropogenic activities has made environmental sustainability
the prime concern for meteorologists. Therefore, to maintain
sustainable atmospheric conditions, unwanted greenhouse
emissions should be restricted. Environmental sustainability
should be ensured, mitigating the negative consequences of
climate changes and thus achieving a clean atmosphere.

While the pandemic has undoubtedly had an adverse overall
impact on human health, significant developments have been
witnessed regarding the health of natural assets such as land,
water, and air. It has been found that lockdown measures during
COVID-19 reduced pollution levels, including air pollution, a crucial
determinant of environmental quality during the COVID-19 period.
According to a recent study, the decrease in human activities in China
during the lockdown restrictions resulted in a significant decline in air
containment (Wang et al., 2020). Furthermore, other findings
illustrate that the global lockdown conditions remarkably reduced
the atmospheric concentration, thereby positively modifying the air
quality (Kumar et al., 2021; Sharma et al., 2020). This suggests that the
precautionary policies during the lockdown period relieved the
environment from some of the burden of human activities. Hence,

the health-damaging impact of COVID-19 during the lockdown
restriction significantly reduced the pollution level across the globe.

COVID-19 has disturbed the globalized economy, thereby
throwing many countries into deep recessions. An immense
increase in the death rate has had negative consequences for
countries. To prevent the rapid transmission of the virus,
governments enforced severe lockdown conditions worldwide. In
the case of India, lockdown implications halted the nation’s economy
while the number of confirmed cases grew. As of August 1, 2021, the
data record 31.70 million confirmed cases, causing 424,773 to lose
their lives. This vulnerable situation in India provoked the
government to implement strict lockdown measures. Indeed, to
manage the outbreak during this global emergency, a public curfew
was officially announced onMarch 24, 2020, whereby Indian citizens
were encouraged to practice social distancing. Socio-economic
activities were also suspended (MHA, 2020). All industrial and
commercial establishments remained closed. This abrupt lifestyle
changes in India forced people to follow lockdown guidance, leaving
their homes only as the final resort for their survival.

However, the pandemic and the steps taken tomitigate it reduced
air pollution across the Indian Territory. A significant reduction in
air containments reveals a decrease of poisonous substances in most
of the cities of India (i.e., NewDelhi, Bangalore, andMumbai). Given
this statement, a notable decline in the greenhouse concentration
(i.e., NO2) was recorded across the Indian region (e.g., New Delhi,
Ahmedabad, Bangalore, and Nagpur) (Vadrevu et al., 2020).
Likewise, the recent finding demonstrates that during the
lockdown situation in India, the decline in the concentration level
of greenhouse emissions (e.g., NO2, CO2, and O3) lead to an
improvement in the national environment (Kumar ad Gupta,
2020; Sharma et al., 2020; Kumar et al., 2021). Perhaps, aside
from curtailing COVID-19, the findings provide a clear
justification for the Indian government to accelerate efforts to
improve the national air quality (McDonald et al., 2020).

Over various geographical regions of India during COVID-19, a
healthy correlation was witnessed between the pollution intensity
and COVID-19 severity. The decline in socio-economic activities
improved the pollution status, reducing the exhausting
environmental emissions (Kumar and Kumar, 2020; Mishra and
Kumar, 2021; Singh et al., 2020). As such, the viral outburst of
COVID-19 has drastically enhanced air quality, contributing to the
recovery of the global environment, albeit perhaps temporarily.

Altogether, the results show that the COVID-19 implications
have enhanced the environment by widely improving the air
quality. This temporary improvement in atmospheric conditions
has demonstrated the importance of reducing greenhouse
emissions, thereby gaining environmental sustainability.
Primarily, therefore, this study aims to determine the air
pollution level during the COVID-19 lockdown period. It
investigates the fundamental relationship between the pollution
status and COVID-19 susceptibility. As such, this study has great
significance in the context of India during the lockdown period.

The reduction in air substances and improvement in public
health conditions reflect the truth regarding the atmospheric
quality. The deadly COVID-19 pandemic provides a broad scope
to the meteorologists and policymakers studying and planning for
the rejuvenation of environmental health. This study aims to provide
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a scientific research that articulates pollution parameters to achieve
air quality standards. Perhaps, the sustainable environmental
management unintentionally implemented during the COVID-19
escalation gives reason to express the optimism regarding the
recovery of global meteorological conditions. However, the
question remains as to whether nations will be able to maintain
the same kind of pollution reduction in the future. This research is
conducted to find the solution to this question. Overall, this study
suggests that countries can control greenhouse emissions, thereby
achieving long-term environmental sustainability.

MATERIALS AND METHODS

Data Description
This research aims to analyze the GHG emission data during
the COVID-19 pandemic, in the period fromMarch 3, 2020, to
July 27, 2021. The fundamental reason behind the data
selection period is that the first COVID-19 confirmed case
in Delhi was recorded on March 3, 2020, and all data available
at time of writing were included. The GHGs are considered as
dependent variables, i.e., the nitrogen dioxide (NO2),
ammonia (NH3), sulfur dioxide (SO2), and carbon
monoxide (CO) measured in µg/m3, which shows the
micrograms of gaseous pollutant per cubic meter of ambient
air in India. The daily data series of GHGs are presented in
Figure 1. The COVID-19 factors are used as the independent
factors i.e., Lockdown (LD), Confirmed COVID-19 Cases
(CC), and Confirmed COVID-19 Deaths (CD). The daily
data series of GHGs are obtained from the Central Control
Room for Air Quality Management—All India, and the
COVID-19 data are obtained from the World Health
Organization (WHO). The lockdown data are generated
based on restrictions, with the proxies generated as 1
representing restriction and 0 showing no restraint in the
specified areas.

Research Methodology
This research specifies the four log–logmodelswithNO2,NH3, SO2, and
CO with COVID-19. The simplest form of models is presented below:

NO2 � f (LD, CC,CD) (1)

NH3 � f (LD,CC,CD) (2)

SO2 � f (LD, CC,CD) (3)

CO � f (LD,CC,CD) (4)

The log–log form of models:

NO2t � δLDt + δCCt + δCDt + εt (5)

NH3t � δLDt + δCCt + δCDt + εt (6)

SO2t � δLDt + δCCt + δCDt + εt (7)

COt � δLDt + δCCt + δCDt + εt (8)

Nitrogen dioxide (NO2), ammonia (NH3), sulfur dioxide (SO2), and
carbon monoxide (CO) are considered as dependent variables. The
measurement scale of these selected greenhouse gases is micrograms
of gaseous pollutant per cubic meter of ambient air. The COVID-19
parameters for structuring the models are lockdown, and confirmed
cases and confirmed deaths of COVID-19. The last term of the
equation εt is an indication of an error term that measures data
disturbance (Dar et al., 2021; Naseem et al., 2021; Sarfraz et al., 2021).

After designing the fundamental research structure, first, the
stationarity of time series data is checked for the accuracy of
different results. Then, the unit-root presence is confirmed with
the nonstationarity of the data series. Finally, the basic equation
of the Augmented Dickey–Fuller test is given as follows:

ADF Δyt � α0 + αyt−1 + ∑
i�1
p βjΔyt−i + εt (9)

In the above equation, α0 is a constant, Δyt � α0 + μt,
and yt � y0 + ∑t

i�1 μi + α0t. The deterministic trend is coming
from α0t, and the stochastic intercept term is coming from
y0 + ∑t

i�1 μi, resulting in what is referred to as a stochastic trend.

FIGURE 1 | Daily data series of greenhouse gases from March 3, 2020, to July 27, 2021.

Frontiers in Environmental Science | www.frontiersin.org October 2021 | Volume 9 | Article 7642943

Mohsin et al. Greenhouse Gas Emission and Environmental Sustainability

https://www.frontiersin.org/journals/environmental-science
www.frontiersin.org
https://www.frontiersin.org/journals/environmental-science#articles


Autoregressive Distributed Lag Model
The long- and short-run relationship can be checked by
implementing the ARDL model’s cointegration approach on
the selected data series. The ARDL model is the best model
when the integration orders are a mixture of level I(0) and the first
difference I(1) (Naseem et al., 2020; Mohsin et al., 2021). ARDL
instantaneously acquires the dynamic, short- and long-run
coefficients. Additionally, the OLS method is employed to
check the cointegration relationship of NO2, NH3, SO2, and
CO with COVID-19. The conditional error-correction model
is given as follows:

ΔlnNO2 � α0 + ∑
m

i�1
φiΔlnNO2t−i +∑

m

i�0
ωiΔlnLDt−i

+∑
m

i�0
βiΔlnCCt−i +∑

m

i�0
ωiΔlnCDt−i + λ1lnNO2t−1

+ λ2lnLDt−1 + λ3lnCCt−1 + λ4CDt−1 + εt ,

(10)

ΔlnNH3 � α0 + ∑
m

i�1
φiΔlnNH3t−i +∑

m

i�0
ωiΔlnLDt−i

+∑
m

i�0
βiΔlnCCt−i +∑

m

i�0
ωiΔlnCDt−i + λ1lnNH3t−1

+ λ2lnLDt−1 + λ3lnCCt−1 + λ4CDt−1 + εt ,

(11)

ΔlnSO2 � α0 + ∑
m

i�1
φiΔlnSO2t−i +∑

m

i�0
ωiΔlnLDt−i +∑

m

i�0
βiΔlnCCt−i

+∑
m

i�0
ωiΔlnCDt−i + λ1lnSO2t−1 + λ2lnLDt−1

+ λ3lnCCt−1 + λ4CDt−1 + εt,

(12)

ΔlnCO � α0 + ∑
m

i�1
φiΔlnCOt−i +∑

m

i�0
ωiΔlnLDt−i +∑

m

i�0
βiΔlnCCt−i

+∑
m

i�0
ωiΔlnCDt−i + λ1lnCOt−1 + λ2lnLDt−1

+ λ3lnCCt−1 + λ4CDt−1 + εt ,

(13)

In the above equations, cointegration among the dependent
and independent variables is checked individually, such
as NO2 (λ1lnNO2t−1 + λ2lnLDt−1 + λ3lnCCt−1 + λ4CDt−1),
NH3 (λ1lnNH3t−1 + λ2lnLDt−1 + λ3lnCCt−1 + λ4CDt−1), SO2
(λ1lnSO2t−1 + λ2lnLDt−1 + λ3lnCCt−1 + λ4CDt−1) , and CO
(λ1lnCOt−1 + λ2lnLDt−1 + λ3lnCCt−1 + λ4CDt−1). The null
hypothesis of this method shows that no cointegration
exists among variables, which can be presented as H0 �
λNO2 � λLD � λCC � λ CD � 0, H0 � λNH3 � λLD � λCC �
λC D � 0, H0 � λSO2 � λLD � λCC � λCD � 0, andH0 � λ
CO � λLD � λCC � λCD � 0. The alternative hypothesis
has shown the existence of cointegration by utilizing
the equation as H1 � λNO2 ≠ λLD≠ λCC≠ λCD≠ 0, H1 � λNH3 ≠
λLD≠ λCC≠ λCD≠ 0, H1 � λSO2 ≠ λLD≠ λCC≠ λCD≠ 0, andH1 �

λCO≠ λLD≠ λCC≠ λCD≠ 0. The third measuring scale of
cointegration is inconclusive cointegration, which is
checked based on the lower bound value and upper bound
value with a comparison of the F-statistics value (Sulaiman
and Abdul-Rahim, 2018). The confirmation of cointegration
among variables is a clear indication to apply the short- and
long-run ARDL models.

Short-run ARDL model:

ΔlnNO2 � α0 + ∑
m

i�1
φiΔlnNO2t−i +∑

m

i�0
ωiΔlnLDt−i

+∑
m

i�0
βiΔlnCCt−i +∑

m

i�0
ωiΔlnCDt−i + λECTt−1 + εt,

(14)

ΔlnNH3 � α0 + ∑
m

i�1
φiΔlnNH3t−i +∑

m

i�0
ωiΔlnLDt−i

+∑
m

i�0
βiΔlnCCt−i +∑

m

i�0
ωiΔlnCDt−i + λECTt−1 + εt,

(15)

ΔlnSO2 � α0 + ∑
m

i�1
φiΔlnSO2t−i +∑

m

i�0
ωiΔlnLDt−i +∑

m

i�0
βiΔlnCCt−i

+∑
m

i�0
ωiΔlnCDt−i + λECTt−1 + εt,

(16)

ΔlnCO � α0 + ∑
m

i�1
φiΔlnNO2t−i +∑

m

i�0
ωiΔlnLDt−i

+∑
m

i�0
βiΔlnCCt−i +∑

m

i�0
ωiΔlnCDt−i + λECTt−1 + εt.

(17)

Long-run ARDL model:

ΔlnNO2 � α0 + ∑
m

i�1
φiΔlnNO2t−i +∑

m

i�0
ωiΔlnLDt−i

+∑
m

i�0
βiΔlnCCt−i +∑

m

i�0
ωiΔlnCDt−i + εt, (18)

ΔlnNH3 � α0 + ∑
m

i�1
φiΔlnNH3t−i +∑

m

i�0
ωiΔlnLDt−i

+∑
m

i�0
βiΔlnCCt−i +∑

m

i�0
ωiΔlnCDt−i + εt, (19)

ΔlnSO2 � α0 + ∑
m

i�1
φiΔlnSO2t−i +∑

m

i�0
ωiΔlnLDt−i +∑

m

i�0
βiΔlnCCt−i

+∑
m

i�0
ωilnCDt−i + εt,

(20)
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ΔlnCO � α0 + ∑
m

i�1
φiΔlnCOt−i +∑

m

i�0
ωiΔlnLDt−i +∑

m

i�0
βiΔlnCCt−i

+∑
m

i�0
ωiΔlnCDt−i + εt.

(21)

The main models of short run and long run are presented above.
The ECT term of the short-run model is to measure the speed of
adjustment from the short to the long run. The sign of λ is used
for the coefficient of ECT term. The ECT value must be between 0
and −1, while the lagged ECT value checks the error ratio in the
previous period. Finally, the post-normality tests (serial
correlation, heteroskedasticity, and functional form) are
employed in the last method implication process to check the
validity of the results.

EMPIRICAL RESULTS

Table 1 contains the summary of descriptive results of the data
series. The mean values are NO2 (27.489), NH3 (25.698), SO2

(14.599), and CO (1.040), confirmed COVID cases (524379), and
confirmed deaths (27.489). The maximum range and minimum
range of the data series are highly differentiated against each
other, leading to instability. The content of the dependent
variables is from 0.200 to 116.150, while the range of the

independent variables is highly unpredictable and fluctuates
between 0.630 and 1436207. Due to the unstructured data series
with increasing trend, especially in COVID-19 cases and deaths, the
standard deviation lies between 0.547 and 482,055. The confirmed
cases of COVID-19 have shown a highly deviated series in the
selected set of variables. The skewness confirms the positive
skewness in all variables. The value of kurtosis is more than 3 in
all series except the confirmed cases of COVID-19. The confirmed
cases of COVID-19 show the normal distribution, and the remaining
series are all leptokurtic. The range of Jarque–Bera is
54.665–1123.102, which is used to check the goodness-of-fit test.

The ADF results are presented in Table 2, which is employed
to check the stationarity of the data series. The alternative
hypothesis of ADF is checked on the stationary method, and
the results indicate that some variables are stationary at the level
and some at first difference. This mixture of results confirms the
feasible ground to run the ARDL method (Sulaiman and Abdul-
Rahim, 2018; Mishra and Kumar, 2021). All dependent variables
are significant at the level, and the first difference is at 1%
significance level. In comparison, the independent variables,
i.e., confirmed cases and death via COVID-19, are significant
at first, showing a 1% significance level.

TABLE 1 | Descriptive statistics.

NO2 NH3 SO2 CO CC CD

Mean 27.489 25.698 14.599 1.040 524379 27.489
Maximum 88.870 116.150 46.900 4.960 1436207 88.870
Minimum 0.630 0.420 3.620 0.200 6 0.630
Std. Dev. 16.408 15.939 6.891 0.547 482055 16.408
Skewness 1.215 2.149 1.389 1.641 0.758 1.215
Kurtosis 4.594 9.054 5.469 8.697 2.380 4.594
Jarque–Bera 172.043 1123.102 281.429 880.735 54.665 172.043

TABLE 2 | Augmented Dickey–Fuller (ADF) test results.

Variables Constant

Level 1st Diff
NO2 −5.794* −15.200*

[0.000] . . .

NH3 −6.359* −14.810*
[0.000] . . .

SO2 −3.025* −17.494*
[0.033] . . .

CO −8.213* −20.977*
[0.000] . . .

LD −3.882* −22.105*
[0.002] . . .

CC 0.529 −4.562*
[0.987] [0.000]

CD −0.366 −2.889*
[0.912] [0.047]

Note: “***, **, and * represent 1, 5, and 10% respectively”.

TABLE 3 | Bound test results.

Green
house
gases (GHG)

F-statistics Level of
significance

Bound test
critical values
(unrestricted
intercept and

no trend)

I(0) I(1)
NO2 13.916* 10% 2.72 3.77
Lag criteria [3,3,1,0] 5% 3.23 4.35

2.50% 3.69 4.89
1% 4.29 5.61

NH3 13.521* 10% 2.72 3.77
Lag criteria [3,3,1,0] 5% 3.23 4.35

2.50% 3.69 4.89
1% 4.29 5.61

SO2 7.424* 10% 2.72 3.77
Lag criteria [3,3,1,0] 5% 3.23 4.35

2.50% 3.69 4.89
1% 4.29 5.61

CO 12.717* 10% 2.72 3.77
Lag criteria [3,3,1,0] 5% 3.23 4.35

2.50% 3.69 4.89
1% 4.29 5.61

Note: “***, **, and * represent 1, 5, and 10% respectively”.
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Table 3 contains the result of the bound test, which is generally
used to check the binding of variables for long-term and short-
term interactions. This test is based on the mixture of integrated
results of ADF to avoid spurious results (Naseem et al., 2021;
Sarfraz et al., 2021). The value of F-statistics is higher than
tabulated, which confirms the significance of all variables at
1% significance level. The significance of all variables indicates
that the long-run relationship among variables and the rejection
of the null hypothesis of no cointegration exists.

The short-run ARDL model is employed, and the results are
presented in Table 4. Before explaining the results, it is necessary
to mention that the software automatically selected the lags and
behavior of variables and delivered the final form (Sarfraz et al.,
2020; Naseem et al., 2021; Sarfraz et al., 2021), which is presented
in Table 4 under consideration of a specific set of variables. The
first and third interacted variables toward the independent
variable are NO2 and SO2, which authorize the significance of
confirmed cases and deaths of COVID-19 at a 1% level of

significance. The values of the ECT coefficient are −0.257156
and −0.246966, which satisfy the basic assumption of negative
significance. According to the value of the coefficient, long-run
equilibrium speed from the short run is corrected about 25.7156
and 24.6966%, which is slow, taking approximately 3.89 and 4.05
periods, respectively. The second variable, NH3, elucidated its
relationship with lockdown only at 1% significance level, while
the ECT term is negatively significant with the value of
−0.199436. The value of the ECT coefficient demonstrates that
the return to equilibrium from the short to long run required
almost 5.01 periods. The last dependent variable, CO, shows a
significant relationship with lockdown, confirmed cases, and
deaths at 1% level. The error correction term is also negative
and significant, with a value of −0.264676. The short-term return
to the long-run equilibrium with 26.4676% speed will take
approximately 3.78 periods. The values of R2, Durban–Watson
statistic, Akaike information criterion (AIC), and F-statistic are
presented for individual variables to check the model fitness.

The long-run ARDL model is employed, and the extracted
results of the long-run are presented in Table 5. The results reveal
that lockdown and confirmed cases and deaths of COVID-19
have a long-run relationship with NO2 and CO at a 1% level of
significance. SO2 emission shows a significant relationship with
confirmed cases and confirmed deaths, while NH3 is significantly
related to lockdown only. The sign of negativity with coefficients
of variables indicates emission reduction in specific gases under
specific circumstances. Nitrogen dioxide (NO2) and carbon
monoxide (CO) are primarily emitted in air by fuel burning
(Somani et al., 2020). Meanwhile, the primary source of nitrogen
dioxide emissions is vehicles, i.e., trucks, cars, and buses; power
plants; and offload equipment. The confirmed cases have a
positive interaction with NO2 because of people using vehicles
to travel from home to hospitals. Still, the confirmed deaths and
lockdown are negatively related because the lockdown reduces
the percentage of traveling and established deaths are behind the
lockdown (Beig et al., 2021; Mele and Magazzino, 2021). The
sources of NH3 emission are agriculture, animal husbandry, and

TABLE 4 | The estimated short-run coefficients based on Akaike information
criterion (AIC).

Variables Coefficients St. error T-value

NO2

C 13.49468* 1.842284 7.324973
Δ [NO2(−1)] 0.038881 0.045836 0.84827
Δ [NO2(−2)] −0.087259** 0.044565 −1.95803
Δ (CC) 0.000161 0.000284 0.567726
Δ [CC(−1)] 0.000884* 0.000332 2.658725
Δ [CC(−2)] −0.001027* 0.000286 −3.58573
Δ (CD) −0.021524* 0.007465 −2.88321
ECT(−1) −0.257156* 0.03436 −7.48426

R2: 0.169, DW-statistic: 2.00, AIC: 6.945, F-stat.: 13.94*** (0.000)
NH3

C 8.773747* 1.246347 7.03957
Δ [NH3(−1)] −0.19944* 0.027165 −7.34174
Δ[CC) −3.50E-06 6.57E-06 −0.53257
Δ(CD) 0.000152 0.000406 0.374799
Δ[LD(−1)] −3.87178* 1.12675 −3.43623
Δ (LD) −14.07442* 4.826,772 −2.915907
ECT(−1) −0.199436* 0.027035 −7.377024

R2: 0.1147, DW-statistic: 2.00, AIC: 7.09, F-stat.: 31.429*** (0.000)
SO2

C 4.71924* 0.868681 5.432649
Δ [SO2(−1)] −0.230942* 0.054661 −4.225002
Δ [SO2(−2)] −0.091291*** 0.052579 −1.736265
Δ [SO2(−3)] −0.102303* 0.046094 −2.219422
Δ (CC) 0.000402* 0.000151 2.656648
Δ [CC(−1)] 0.000185 0.000169 1.096123
Δ [CC(−2)] −0.00055* 0.000147 −3.748432
Δ (CD) −0.008534* 0.004104 −2.079368
ECT(−1) −0.246466* 0.045085 −5.466659

R2: 0.224958, DW-statistic: 2.04, AIC: 5.59, F-stat.: 17.27001*** (0.000)
CO
C 0.373074* 0.063509 −7.094238
Δ [CO(−1)] −0.264676* 0.037309 2.367769
Δ [CO(−2)] −0.109412* 0.045249 5.874318
Δ (CC) 6.92E-07* 2.92E-07 −2.226025
Δ (CD) −3.99E-05* 1.79E-05 −2.732661
Δ (LD) −0.122874* 0.044965 −1.054816
ECT(−1) −0.264676* 0.036995 −7.154398

R2: 0.1628, DW-statistic: 1.9971, AIC: 0.759735, F-stat.: 31.26532*** (0.000)

Note: “***, **, and * represent 1, 5, and 10% respectively”.

TABLE 5 | ARDL long-run form and bound test results.

Regressor Coefficients T-ratios

NO2

LD −26.7437* −7.25479
CC 0.000134* 3.739323
CD −0.007706* −3.554897

NH3

LD −19.41362* −3.818383
CC −1.76E-05 −0.535349
CD 0.000763 0.376001

SO2

LD −1.803963 −0.914273
CC 8.40E-05* 4.40155
CD −0.005083* −4.416934

CO
LD −0.464243* −2.852327
CC 2.61E-06* 2.513787
CD −0.000151* −2.342845

Note: “***, **, and * represent 1, 5, and 10% respectively”.
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NH3-based fertilizer applications; hence, it does not show any
relationship with confirmed cases and deaths. The lockdown
restricted people in their homes, which strongly affected all
human activities (Mohsin et al., 2021; Naseem et al., 2021).
The SO2 emission sources are related to burning of fossil fuels
such as coal, oil, diesel, and materials containing a minor or
significant quantity of sulfur. The main hubs of SO2 emission are
power plants and metal processing and smelting facilities, which
are more relevant to labor than public lockdown. The threatening
condition of the pandemic breakout restricted people from going
to workplaces, and most workplaces were closed. Hence, a
relationship was detected toward confirmed cases and deaths
rather than lockdown.

The results of the ARDL diagnostic test are given in Table 6,
which covers three main reliability tests, i.e., serial correlation,
heteroskedasticity, and functional form. In our data series (NO2,
NH3, and SO2), the variance is unequal over a range of measured
values or unequal scattered residuals of regression; this caused the
issue of heteroskedasticity to be observed in the series.
Furthermore, the data series used in this research for analysis
are strongly related to each other, so diagnostic tests show
significance due to the strong interaction of data series
(Sulaiman and Abdul-Rahim, 2018). Finally, the serial
correlation test strongly rejects the null hypothesis and
confirms the reliability of the results.

DISCUSSION

The National Capital Territory (NCT) of Delhi is one of the
world’s oldest cities. New Delhi, the capital of India, is also in the
Union Territory of Delhi. This 1,484 square kilometers (573 Sq
mi) historical city is interlinked with Haryana and Uttar Pradesh.
According to the United Nations (UN), with regional coverage of
28 million people, Delhi is the second-largest urban populated
area in the world. The air quality of Delhi is hazardous (500+),

which causes lung diseases, especially asthma and cancer. The
GHG emissions and poor quality of air have reduced the winter
temperature of Delhi since 1998, the fundamental reason for the
quick spreading of COVID-19 in Delhi. Being the capital of India,
an industrial hub, cultural core, and contributor of GDP, the
GHG emissions are a significant problem for the city. As COVID-
19 became a game-changer for the world, Delhi also went through
some positive changes. OnMarch 3, 2020, the first confirmed case
was reported in Delhi and the notification of lockdown was
circulated on March 24, 2020. This research has explored the
analytical data fromMarch 3, 2020, to July 27, 2021. The results of
this research confirmed a negative and a long-term relationship
among the dependent and independent variables. The COVID-19
pandemic and lockdown dramatically reduced the level of toxic
GHG emissions and enhanced Delhi’s air quality. A vibrant
change is observed in NO2, SO2, and CO emissions due to the
reduction in fuel burning, transport, material processing, and
plant running activities. At the same time, NH3 was not highly
affected because it is directly related to agricultural activities. This
research identified that the mismanagement of city policies and
carelessness in terms of environmental sustainability in Delhi are
the key reasons for over-toxic emissions. The collaborative efforts
of the Government of India, city governance, policymakers, and
environmentalists can reduce GHG emissions and improve the
quality of the environment.

CONCLUSION

India was severely affected by COVID-19 due to its temperature
range between 27°C and 32°C and humidity level from 25 to 45%
(Sasikumar et al., 2020). These specific ranges of humidity and
temperature are most ideal for the survival and growth of
COVID-19. Rapidly increasing temperature ranges are
undoubtedly related to global warming. The release of
unnecessary GHGs into air is the cause of uncontrollable

TABLE 6 | The results of the autoregressive distributed lag diagnostic tests.

Test statistics LM-version F-version

NO2

A: serial correlation CHSQ(2) � 0.607282 (0.7381) F(2,473) � 0.295889 (0.744)
B: heteroskedasticity CHSQ(35) � 47.47963 (0.0776) F(35,415) � 1.395153(0.0709)
C: functional form CHSQ(474) � 0.293541(0.7692) F(1,474) � 0.086166 (0.7692)

NH3

A: serial correlation CHSQ(2) � 1.160904 (0.5596) F (2,480) � 0.572298 (0.5646)
B: heteroskedasticity CHSQ(1) � 75.90042(0.000) F (1,485) � 89.54449 (0.000)
C: functional form CHSQ(481) � 0.854845 (0.3931) F (1,481) � 0.73076 (0.3931)

SO2

A: serial correlation CHSQ(2) � 6.251483 (0.0439) F(2,471) � 3.075152(0.0471)
B: heteroskedasticity CHSQ(1) � 18.65458(0.000) F(1,482) � 19.32223 (0.000)
C: functional form CHSQ(472) � 3.044351(0.0025) F(1,472) � 9.268,075(0.0025)

CO
A: serial correlation CHSQ(2) � 0.296043(0.8624) F(2,477) � 0.145369 (0.8647)
B: heteroskedasticity CHSQ(100) � 90.26277(0.7469) F(100,285) � 0.869856 (0.7913)
C: functional form CHSQ(478) � 3.100357 (0.002) F(1, 478) � 9.612211 (0.002)

“***, **, and * are significant at 1, 5, and 10% levels, respectively”.
Note: “The values in parentheses are probability values. LM, lagrangemultiplier; A, Langrangemultiplier test of residual serial correlation; B, based on the regression of squared residuals on
squared fitted values; CHSQ, chi-square; and C, Ramsey’s RESET test using the square of the fitted values”.
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global warming. As such, by leading to reductions in the GHG
release, social distancing, SOPs, lockdown, and other precautions
adopted positively contributed to the environmental
sustainability in India.

This research work also explains the behavior of various GHGs
during the COVID-19 period. In this research, we examined the
daily data regarding GHG emissions in Delhi from March 3,
2020, to July 27, 2021. The data series were collected from official
websites, i.e., the World Health Organization (WHO) and the
Central Control Room for Air Quality Management—All India.
Our findings revealed a short- and long-run relationship between
NO2, NH3, SO2, and CO and COVID-19.

Although the speed of adjustment from the short-run to long-
run equilibrium was minor in all the variables, the error correction
term’s negative significance supported the existence of a long-run
relationship among the exogenous and endogenous variables. NO2,
SO2, and CO are anthropologically related to fossil fuel burning,
transport, material processing, and plant running, which were
closed under the lockdown, except for household fuel burning.
These dramatic changes showed a declining trend in the emission
of these GHGs. The results were also confirmed by the negative
significance of variables for the short and long run. Meanwhile,
NH3 comes from agricultural activities, which were not highly
affected in the long and short run. Undoubtedly, agricultural
activities were also restricted during the pandemic breakout, but
the fields were still able to grow as normal.

Recommendations, Limitations, and Future
Direction
Themain limitation of this research is the data variables. The data
are collected during the COVID-19 period by considering specific
variables, and the current study considers overall specific time
period data. Therefore, future research can be divided into three
parts, i.e., Delhi before COVID-19, Delhi under COVID-19, and
Delhi under farmer protest. These topics can be individually
discussed and compared with different situations concerning
GHG emissions and the environmental quality. In the

analytical implementation, divergent econometric methods
such as the ARDL method, linear regression, and dynamic
regression can be utilized.

Overall, the current research work can act as a guideline for the
Government of India, policymakers, and environmentalists to
design new policies and frameworks for a sustainable
environment. The main reasons for the toxic gases emission
are now recognized due to the unique situation caused by the
COVID-19 pandemic. As such, it is apparent that there is a need
for improvements in transport systems, industries, material
processing plants, and environment-friendly technology in
every field of life. As per the environmental performance
index, if India is unable to maintain ecological sustainability
and enhance the quality of the environment, more people will die
than from COVID-19.
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