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Abstract: Although the outbreak of the COVID-19 pandemic caused serious restrictions on human
activities in and around Shanghai, China, the period can be viewed as a helpful experiment to
investigate the correlation between PM2.5 and O3 concentrations. In this study, the hourly PM2.5

and O3 series in four cities (i.e., Shanghai, Jiaxing, Nantong and Suzhou) from 27 November 2019 to
23 March 2020 are used. The “seesaw effect” is observed in the study data. The dynamic impacts of
the COVID-19 pandemic on the multifractal cross-correlations and the coordinated control degree of
PM2.5-O3 are examined in these cities. First of all, the multifractal cross-correlations, multifractality
components and dynamic influences of the COVID-19 pandemic on cross-correlations between PM2.5

and O3 in four cities are illustrated. Furthermore, a new quantification index, ζ, evaluating the
coordinated control degree of PM2.5-O3 is developed, validated and compared. The multifractal cross-
correlation analysis results reveal that the cross-correlations between PM2.5 and O3 in and around
Shanghai both before and during the COVID-19 partial lockdown have multifractal characteristics.
Moreover, there are weaker multifractal cross-correlation degrees of PM2.5-O3 in four cities during
the COVID-19 partial lockdown. The multifractal cause analysis based on stochastic simulation
illustrates that the impacts of multifractality due to the nonlinear correlation part are greater than
the linear correlation part and the fat-tailed probability distribution part in and around Shanghai.
The intrinsic multifractal cross-correlations decreased in all cities during the COVID-19 lockdown.
However, the effects of the COVID-19 lockdown on the multifractal cross-correlations are limited
from the perspective of intrinsic multifractality. The mean values of ζ in and around Shanghai all
increase during the COVID-19 partial lockdown, which indicates that the PM2.5-O3 coordinated
control degrees in all four cities become weaker.

Keywords: COVID-19 lockdown; PM2.5; O3; MF-DCCA; multifractal cause analysis; coordinated
control degree

1. Introduction

In December 2019, several cases of unusual pneumonia were identified in Wuhan,
China. The disease, known as COVID-19, spreads rapidly after the outbreak. The central
and local authorities in China enforced a partial lockdown to contain the spread of the
virus. With the lockdown, almost all industrial activities and mass transportation were
restricted. Although the outbreak of the COVID-19 pandemic caused serious restrictions
on human activities in and around Shanghai, China, the period can be viewed as a helpful
experiment to investigate the correlation between PM2.5 and O3 concentrations.

Aiming to alleviate serious air pollution problems, the Chinese authority implemented
the “Atmospheric Pollution Prevention and Control Action Plan” from 2013 to 2017. During
this period, the PM2.5 concentrations declined by 30–40%, while O3 concentrations rose by
8.75–10%, which is a “seesaw effect” between PM2.5 and O3, i.e., an increase of O3 following
a decrease of PM2.5 [1,2]. Several studies have discussed the complex correlation between
PM2.5 and O3 [3–5].
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Analyzing the fractal features of air quality series is generally a complex task. There-
fore, various nonlinear methods have been utilized to capture these phenomena. Of these
methods, detrended fluctuation analysis (DFA) [6] proposed by Peng et al., is capable of
studying the long-range power law correlation analysis of non-stationary time series. Based
on DFA, Kantelhardt et al. [7] developed the multifractal detrended fluctuation analysis
(MF-DFA), which can accurately quantify the long-range correlation of non-stationary time
series. The MF-DFA has been successfully used in studying the evolution of air pollu-
tants [8–12]. Wang [13] used the MF-DFA method to analyze the multifractal characteristics
of polluted time series in Beijing, Zhengzhou and Jinan. Li [14] employed the MF-DFA
method to investigate the impacts of the COVID-19 pandemic on the multifractality of
air quality index time series in Shanghai. Zhang et al. [15] used the MF-DFA method
to explore the cross-correlations between PM2.5 concentration and climatic conditions.
Zhang et al. [16] utilized the MF-DFA method to discuss the multifractal characteristics of
PM2.5 and O3 concentrations. Moreover, multifractal detrended cross-correlation analysis
(MF-DCCA) [17] is an efficient method in terms of analyzing two spatially or temporally
correlated time series and detecting the long-range power-law cross-correlation of consid-
ered signals of non-stationarity. Xu et al. [18] employed the MF-DCCA method to prove
that the cross-correlations between O3 and its precursors NOx have multifractal features
and long-term persistence. Wu et al. [2] utilized the MF-DCCA method to illustrate the
multifractal cross-correlation between PM2.5 and O3.

However, there are no empirical studies on the impact of the COVID-19 pandemic on
multifractal cross-correlations of PM2.5-O3. Accordingly, in this study, the apparent and
intrinsic multifractal cross-correlations between PM2.5 and O3 concentrations in and around
Shanghai, China, are determined and compared before and during the COVID-19 partial
lockdown. Furthermore, the coordinated control degrees of PM2.5-O3 are analyzed and
examined before and during the COVID-19 partial lockdown in four cities (i.e., Shanghai,
Jiaxing, Nantong and Suzhou).

This paper is organized as follows: The data description and data preprocessing
methods are described in Section 2. The MF-DCCA method, analysis of the multifractal
causes based on the stochastic simulation method and a new quantification index of
coordinated control degree of PM2.5-O3 are introduced in Section 3. The multifractal
cross-correlation analysis, multifractality components, the coordinated control degrees of
PM2.5-O3 in four cities and the dynamic impacts of the COVID-19 pandemic are illustrated
in Section 4. Finally, this study is summarized in Section 5.

2. Data Description and Preprocessing Method

To analyze the dynamic impacts of the COVID-19 pandemic on multifractal cross-
correlations between PM2.5 and O3, the hourly PM2.5 and O3 concentrations in and around
Shanghai, China, (including Shanghai, Jiaxing, Nantong and Suzhou) are obtained from
RESSET Air Quality Monitoring Big Data Platform (http://res.resset.com/AQM, accessed
on 27 October 2021) which are collected from the Ministry of Ecology and Environment of
the People’s Republic of China (http://english.mee.gov.cn/, accessed on 27 October 2021)
The daily PM2.5 and O3 concentrations in these cities are collected from the Air Quality
Publishing Platform of China (http://www.aqistudy.cn/historydata/index.php, accessed
on 27 October 2021).

The study data are from 27 November 2019 to 23 March 2020. The total number is
22,656. Considering the period of Shanghai public health emergency level I, the data from
25 January 2020 to 23 March 2020 is defined as the period during the COVID-19 partial
lockdown and the data from 27 November 2019 to 24 January 2020 is chosen as before the
COVID-19 partial lockdown. Due to monitoring instrument calibration and maintenance,
the number of missing and outlier data is 798, 3.5% of the total data. In this paper, arithmetic
mean is adopted to handle these abnormal data based on the daily PM2.5 and O3 series.

http://res.resset.com/AQM
http://english.mee.gov.cn/
http://www.aqistudy.cn/historydata/index.php
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The hourly PM2.5 and O3 series before and during the COVID-19 partial lockdown are
illustrated in Figure 1 and the descriptive statistics are listed in Table 1. Compared to the
period before the COVID-19 lockdown, the increase percentages of O3 are 84.2% (Shanghai),
68.9% (Nantong) and 130.8% (Suzhou), while the decrease percentage of PM2.5 are 33.2%
(Shanghai), 12.9% (Nantong) and 34.0% (Suzhou) during the COVID-19 lockdown. It can
be observed that the blue lines representing the mean of PM2.5 descend, while the blue
lines representing the mean of O3 ascend during the COVID-19 lockdown in Shanghai,
Nantong and Suzhou in Figure 1. It is shown that there is an increase of O3 following the
decrease of PM2.5, i.e., a “seesaw effect” between PM2.5 and O3. The values of skewness
and kurtosis in Table 1 are significantly different from zero. The results indicate that the
PM2.5 and O3 pollutants do not follow a normal distribution. It is necessary to study the
relationship between the PM2.5 and O3 by nonlinear methods.
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Figure 1. The hourly PM2.5 and O3 series in Shanghai, Jiaxing, Nantong and Suzhou before and
during the COVID-19 partial lockdown, the blue line is the mean value of PM2.5 and O3 in different
period in four cities.
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Table 1. Descriptive statistics of the hourly PM2.5 and O3 series in Shanghai, Jiaxing, Nantong and
Suzhou before and during the COVID-19 partial lockdown.

City Pollutant Mean Std. Median Skewness Kurtosis

Period Period Ratio Period Period Period Period Period Period Period Period
I(A) II(B) (B-A)/A I II I II I II I II

Shanghai PM2.5 (µg/m3) 49.26 32.89 −33.2% 34.75 21.07 39.75 27.15 1.19 1.18 1.28 0.76
O3 (µg/m3) 39.26 72.33 84.2% 22.73 24.07 38.37 73.58 0.52 0.23 0.16 0.98

Jiaxing PM2.5 (µg/m3) 42.99 42.87 −0.3% 30.75 35.99 37.19 32.7 1.62 1.51 3.92 2.24
O3 (µg/m3) 33.58 59.34 76.7% 22.04 25.73 31 58.22 0.87 0.45 0.43 0.25

Nantong PM2.5 (µg/m3) 49.62 43.2 −12.9% 34.92 35.81 43.12 33.6 1.26 1.51 2.02 2.29
O3 (µg/m3) 34.93 58.99 68.9% 21.24 25.3 32.66 57.59 0.72 0.46 0.13 0.25

Suzhou PM2.5 (µg/m3) 51.49 33.99 −34.0% 33.86 21.31 42.62 28.85 1.1 1.11 1.25 1.23
O3 (µg/m3) 29.42 67.9 130.8% 21.95 26.19 26.06 67.12 0.92 0.38 0.58 0.4

To compare the multifractality of the different series, the logarithmic values are calcu-
lated and utilized in this research.

3. Methodology
3.1. Mf-Dcca Method

In this study, PM2.5 and O3 time series are defined as {xi} = {x1, x2, · · · , xN} and
{yi} = {y1, y2, · · · , yN} with the same length N, respectively; the MF-DCCA method can
be described as in following steps.

(1) Calculate the profiles of {xi} and {yi}:

Xi =
i

∑
k=1

(xk − x̄), i = 1, · · · , N, Yi =
i

∑
k=1

(yk − ȳ), i = 1, · · · , N, (1)

where x̄ =
1
N

N
∑

i=1
xi and ȳ =

1
N

N
∑

i=1
yi.

(2) The profile is divided into Ns = int(N/s) non-overlapping bins with length s.
Since N is not a multiple of s, a short part of the series may be left. In order to include this
part, the same procedure is repeated starting from the opposite end, obtaining a total of
2Ns bins.

(3) For each bin, the least square linear fit is performed and the cross-correlation for
each box is given by

Varv
s =

{
1
s

s

∑
i=1

[Xv
i − X̃v

i ]
2 × [Yv

i − Ỹv
i ]

2

}q/4

(2)

where X̃v
i and Ỹv

i is the fitting polynomial in segment v.
(4) The qth order fluctuation function is obtained by:

Fx/y(q, s) =


{

1
2Ns

2Ns
∑

v=1
(Varv

s )

}1/q

, if q 6= 0.

1
2

[
Fx/y(1, s) + Fx/y(−1, s)

]
, if q = 0.

(3)

where this q-order can take any real value. In this study, q varies from -5 to 5. Steps (2) to
(4) can be repeated by varying the values of s.

(5) If the series are long-range power-law correlated, the generalized Hurst exponent
Hx/y(q) will show power-law behavior:

Fx/y(q, s) ≈ sHx/y(q). (4)
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If Hx/y(q) is independent of q, the cross-correlations between the time series are
monofractal. If Hx/y(q) is dependent on q, the cross-correlations between the time series
are multifractal. The range of Hx/y(q), ∆Hx/y = Hx/y(min(q))− Hx/y(max(q)), indicates
the extent of cross-correlation. The scaling exponent τx/y(q) is expressed as:

τx/y(q) = qHx/y(q)− 1 (5)

The singularity strength αx/y and the multifractal spectrum fx/y(α) can be calculated
with the following equations:

αx/y =
dτx/yq

dq
= Hx/y(q) + qH′x/y(q) (6)

according to the definition, αx/y can be any real value.

fx/y(αx/y) = qαx/y − τx/y(q) = 1 + q[αx/y − Hx/y(q)] (7)

The multifractal spectrum width, ∆αx/y = max(αx/y) −min(αx/y), represents the
degree of the multifractal cross-correlation.

3.2. Multifractal Cause Analysis

Traditionally, there are two types of multifractality in time series: fat tails and/or
the long-range temporal correlations [7]. Recent studies present that the multifractality
in time series may originate from long-range nonlinear autocorrelations, the presence of
fat tails in probability distributions of data or linear autocorrelations present in shorter
(finite) time series [19]. However, many studies illustrate that the time series generated
from monofractal models and mathematical models can produce spurious multifractal-
ity [20,21]. The linear correlations or long memory in time series is not sufficient for the
emergence of multifractality [22]. The nonlinear correlations are the genuine source of the
multifractality [23,24]. Whether the empirical multifractality is intrinsic or apparent and
the origin of the measured multifractality in time series are critical problems that have
attracted many researchers’ attention [14,19,23–26].

In order to determine different sources of apparent multifractal cross-correlations, the
width of the original series’ multifractal spectrum ∆αx/y includes the nonlinear correlation
part ∆αNL

x/y, the linear correlation part ∆αLM
x/y and the fat-tailed probability distribution part

∆αPDF
x/y can be expressed as the following equation [14,26,27]:

∆αx/y = ∆αNL
x/y + ∆αLM

x/y + ∆αPDF
x/y . (8)

Furthermore, the shuffling procedure and the Fourier transform surrogate procedure
are applied to decompose different parts of apparent multifractality. The improved, am-
plitude adjusted Fourier transform (IAAFT) algorithm [28] is employed in the surrogate
procedure. A more practical and convenient way, which is directly introducing linear
correlations into random time series generated from the original time series, has been
employed to construct the surrogate time series in this study. By construction, The width of
the multifractal spectrum of the surrogate series can reflect the multifractality degree of
the linear correlation part and the fat-tailed probability distribution part [29]. The specific
formulas of the three parts can be qualified as follows.

∆αPDF
x/y = ∆α

shu f
x/y . (9)

∆αLM
x/y = ∆αsurr

x/y − ∆αPDF
x/y . (10)

∆αNL
x/y = ∆αx/y − ∆αsurr

x/y . (11)
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The intrinsic multifractality ∆αINTR
x/y can be expressed as

∆αINTR
x/y = ∆αNL

x/y. (12)

According to Equation (11), the intrinsic multifractality can also be expressed as:

∆αINTR
x/y = ∆αx/y − ∆αsurr

x/y . (13)

The ratio of the intrinsic multifractality to apparent multifractality can be expressed as

INTR ratiox/y = ∆αINTR
x/y /∆αx/y. (14)

Further to studies in [14], multifractal cause analysis based on the stochastic simulation
(MCASS) method applied in this study, are as follows:

Step 1 The original series is shuffled to remove any potential correlations. The MF-DCCA
analysis is conducted on the shuffled series and the multifractal characteristic
Hshu f

x/y (q), ∆α
shu f
x/y is determined.

Step 2 The surrogate series are constructed by phase-randomizing the original series using
the IAAFT algorithm. The MF-DCCA analysis is carried out on the surrogate series
and Hsurr

x/y (q), ∆αsurr
x/y are calculated;

Step 3 Steps 1–2 are repeated until 80,000 sets of {Hshu f
x/y (q), Hsurr

x/y (q), ∆α
shu f
x/y , ∆αsurr

x/y } of the
hourly PM2.5 and O3 series in and around Shanghai, China, before and during the
COVID-19 partial lockdown are accumulated.

Step 4 The differences between Hshu f
x/y (q), Hsurr

x/y (q), ∆α
shu f
x/y , ∆αsurr

x/y are checked to determine
the components of the multifractality and intrinsic multifractality of the hourly
PM2.5 and O3 series in four cities before and during the COVID-19 partial lockdown,
respectively.

Step 5 Finally, the comparisons between the above multifractality parameters are applied
to determine the dynamic impacts of the COVID-19 pandemic on the intrinsic
multifractality hourly PM2.5 and O3 series in and around Shanghai, China.

3.3. Formation of a New Index ζ

Further to Section 3.2, the multifractal cross-correlations between the original series
can be decomposed into three parts: nonlinear correlations, linear correlations and fat-
tailed probability distribution. The nonlinear correlations are the genuine source of the
multifractality [23,24], indicating the apparent multifractal cross-correlation may be larger
than or equal to the intrinsic multifractality part. Here, we develop a new index to qualify
the PM2.5-O3 coordinated control degree based on intrinsic multifractality and this index
is an extension of the work of Wu et al. [2]. By contrast, the analysis of multifractal
sources in the paper of Wu et al. [2] is still the traditional method and the η introduced by
Wu et al. did not consider the difference between apparent multifractality and intrinsic
multifractality. Furthermore, the 10,000 simulations utilized in the MCASS method can
give a more robust result.

The new index is defined as

ζ =
INTR ratiox/y√

σxσy
. (15)

where, σ2
x =

1
N

N
∑

i=1
(x− x̄)2, σ2

y =
1
N

N
∑

i=1
(y− ȳ)2.

To evaluate the capability of the above index, two extreme scenarios need to be
analyzed. Scenario I, PM2.5 and O3 have not been controlled cooperatively at all. In this
scenario, the concentration values of one pollutant which is completely controlled remain
almost constant (σ → 0). However, the other pollutant is not controlled at all, which
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means its concentration values are in extreme fluctuation (σ 6= 0). Based on Equation (15),
ζ → ∞. Scenario II, PM2.5 and O3 are completely coordinated controlled, which means,
there is little temporal fluctuation in the cross-correlations between PM2.5 and O3 series.
This case implies a lack of the intrinsic multifractal cross-correlations of PM2.5-O3. So
INTR ratiox/y → 0 and ζ → 0 based on Equation (15).

All in all, the index ζ can be utilized as a quantification index of the PM2.5-O3 coordi-
nated control degree of different cities. The smaller the ζ value, the greater the PM2.5-O3
coordinated control degree. The bigger the ζ value, the weaker the PM2.5-O3 coordinated
control degree.

4. Results and Discussion
4.1. Multifractal Cross-Correlations of PM2.5-O3

To analyze the cross-correlation relationship between hourly PM2.5 and O3 series in
and around Shanghai before and during the COVID-19 partial lockdown quantitatively,
the MF-DCCA method is applied to calculate the generalized Hurst exponents and the
multifractal spectra. The results are illustrated in Figures 2 and 3.

Figure 2 shows that HSH
x/y,bl(q), HSH

x/y,dl(q), H JX
x/y,bl(q), H JX

x/y,dl(q), HNT
x/y,bl(q), HNT

x/y,dl(q),

HSZ
x/y,bl(q) and HSZ

x/y,dl(q) depend on q, which implies that the cross-correlations between
hourly PM2.5 and O3 series in and around Shanghai both before and during the COVID-19
partial lockdown are multifractal. HSH

x/y,bl(2) = 0.873, HSH
x/y,dl(2) = 0.761, H JX

x/y,bl(2) =

0.822, H JX
x/y,dl(2) = 0.913, HNT

x/y,bl(2) = 0.887, HNT
x/y,dl(2) = 0.925, HSZ

x/y,bl(2) = 0.855 and

HSZ
x/y,dl(2) = 0.844. HSH

x/y,dl(2) < HSH
x/y,bl(2) indicate there is weaker multifractal cross-

correlation between PM2.5 and O3 in Shanghai during the COVID-19 partial lockdown.
Figure 3 shows that ∆αSH

x/y,bl < ∆αSH
x/y,dl , ∆αJX

x/y,bl < ∆αJX
x/y,dl , ∆αNT

x/y,bl < ∆αNT
x/y,dl and

∆αSZ
x/y,bl < ∆αSZ

x/y,dl , which demonstrate there are weaker multifractal cross-correlation
degrees between PM2.5 and O3 in four cities during the COVID-19 partial lockdown.
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Figure 2. The q dependences of the generalized Hurst exponents Hx/y(q) in and around Shanghai
before and during the COVID-19 partial lockdown. q and Hx/y(q) are defined in Equations (3) and (4).
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Figure 3. The multifractal spectra (αx/y, fx/y(αx/y)) in and around Shanghai before and during the
COVID-19 partial lockdown. αx/y and fx/y(αx/y) are defined in Equations (6) and (7).

4.2. Causes of Cross-Correlations between PM2.5 and O3

After shuffling and phase-randomizing the original PM2.5 and O3 in and around
Shanghai before and during the COVID-19 partial lockdown 10,000 times, respectively, the
MCASS method is employed on these series. The generalized Hurst exponents Hx/y(q)
between the shuffled and the surrogate PM2.5 and O3 in four cities before and during the
COVID-19 partial lockdown are illustrated in Figure 4. The generalized Hurst exponent in
Shanghai HSH,shu f

x/y,bl (q) and HSH,shu f
x/y,dl (q) depend on q which shows that the cross-correlations

between the shuffled time series are multifractal; HSH,ori
x/y,bl (q) > HSH,shu f

x/y,bl (q), HSH,ori
x/y,dl (q) >

HSH,shu f
x/y,dl (q) show that the degrees of multifractal cross-correlations between original series

are always bigger than that between shuffled series for a given q. Moreover, the generalized
Hurst exponent in Shanghai HSH,surr

x/y,bl (q) and HSH,surr
x/y,dl (q) depending on q shows that the

cross-correlations between the surrogate series are multifractal and the discrepancies
between original and surrogate time series HSH,ori

x/y,bl (q) and HSH,surr
x/y,bl (q), HSH,ori

x/y,dl (q) and

HSH,surr
x/y,dl (q) are not substantial, respectively. Similar conclusions can be observed in the

other three cities.
The multifractal spectra of the shuffled and the surrogate hourly PM2.5 and O3 in four

cities before and during the COVID-19 partial lockdown are shown in Figure 5 and the nu-
merical results are shown in Table 2. The values of ∆αx/y show the apparent multifractality

between the original PM2.5 and O3 series. The values of ∆α
shu f
x/y are apparent multifractality

between the shuffled series. The values of ∆αsurr
x/y show the multifractality between the sur-

rogate series. ∆α
SH,shu f
x/y,bl = 0.112± 0.062 shows that the mean of the multifractality between

shuffled PM2.5 and O3 in Shanghai before the COVID-19 lockdown, E(∆α
SH,shu f
x/y,bl ), is 0.112

and the standard deviation of the multifractality between shuffled series, STD(∆α
SH,shu f
x/y,bl ),

is 0.062. ∆αSH,surr
x/y,bl = 0.349± 0.132 shows that the mean of the multifractality between

surrogate PM2.5 and O3 in Shanghai before the COVID-19 lockdown, E(∆αSH,surr
x/y,bl ), is 0.349

and the standard deviation of the multifractality between surrogate series, STD(∆αSH,surr
x/y,bl ),

is 0.132.



Atmosphere 2022, 13, 1964 9 of 15

Shanghai(before COVID−19 lockdown)

0.5

1.0

1.5

−5 −4 −3 −2 −1 0 1 2 3 4 5

H
x
/y

(q
)

original shuffle surrogate

Shanghai(during COVID−19 lockdown)

0.4

0.6

0.8

1.0

1.2

−5 −4 −3 −2 −1 0 1 2 3 4 5

Jiaxing(before COVID−19 lockdown)

0.5

1.0

−5 −4 −3 −2 −1 0 1 2 3 4 5

H
x
/y

(q
)

Jiaxing(during COVID−19 lockdown)

0.4

0.6

0.8

1.0

−5 −4 −3 −2 −1 0 1 2 3 4 5

Nantong(before COVID−19 lockdown)

0.5

1.0

−5 −4 −3 −2 −1 0 1 2 3 4 5

H
x
/y

(q
)

Nantong(during COVID−19 lockdown

0.4

0.6

0.8

1.0

−5 −4 −3 −2 −1 0 1 2 3 4 5

Suzhou(before COVID−19 lockdown)

0.5

1.0

1.5

−5 −4 −3 −2 −1 0 1 2 3 4 5
q

H
x
/y

(q
)

Suzhou(during COVID−19 lockdown)

0.4

0.6

0.8

1.0

1.2

−5 −4 −3 −2 −1 0 1 2 3 4 5
q

Figure 4. The q dependences of the generalized Hurst exponents Hx/y(q) between the shuffled and
surrogate hourly PM2.5 and O3 series in and around Shanghai before and during the COVID-19
partial lockdown. The error bars are the standard deviations for the 10,000 shuffled and surrogate
series, respectively. “Original” is the MF-DCCA analysis result of the original PM2.5 and O3 series,
“Shuffle” and “Surrogate” represent the MCASS analysis results of specified series obtained from
shuffling and phase-randomizing the original series.



Atmosphere 2022, 13, 1964 10 of 15

Shanghai(before COVID−19 lockdown)

0.0

0.3

0.6

0.9

−0.6 −0.2 0.2 0.6 1.0

f x
/y

(α
x
/y

)

original shuffle surrogate

Shanghai(during COVID−19 lockdown)

0.0

0.3

0.6

0.9

−0.6 −0.2 0.2 0.6

Jiaxing(before COVID−19 lockdown)

0.0

0.3

0.6

0.9

−0.6 −0.2 0.2 0.6 1.0

f x
/y

(α
x
/y

)

Jiaxing(during COVID−19 lockdown)

0.0

0.3

0.6

0.9

−0.6 −0.2 0.2 0.6

Nantong(before COVID−19 lockdown)

0.0

0.3

0.6

0.9

−0.6 −0.2 0.2 0.6 1.0

f x
/y

(α
x
/y

)

Nantong(during COVID−19 lockdown)

0.0

0.3

0.6

0.9

−0.6 −0.2 0.2 0.6

Suzhou(before COVID−19 lockdown)

0.0

0.3

0.6

0.9

−0.6 −0.2 0.2 0.6 1.0
αx/y

f x
/y

(α
x
/y

)

Suzhou(during COVID−19 lockdown)

0.0

0.3

0.6

0.9

−0.6 −0.2 0.2 0.6
αx/y

Figure 5. The multifractal spectra (αx/y, fx/y(αx/y)) calculated from MCASS method between the
shuffled and surrogate PM2.5 and O3 series in and around Shanghai before and during the COVID-19
partial lockdown. The error bars are the standard deviations for the 10,000 shuffled and surrogate
series, respectively. “Original” is the MFDCCA analysis result of the original PM2.5 and O3 series,
“Shuffle” and “Surrogate” represent the MCASS analysis results of specified series obtained from
shuffling and phase-randomizing the original series.
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Table 2. Comparison of the width of multifractal spectrums of original, shuffled, surrogate PM2.5

and O3 series in Shanghai, Jiaxing, Nantong and Suzhou before and during the COVID-19 partial
lockdown. The numbers in parentheses are the standard deviations. Period I: before the COVID-19
lockdown, Period II: during the COVID-19 lockdown.

City Pollutant ∆αx/y ∆α
shu f
x/y ∆αsurr

x/y

Period I Period II Period I Period II Period I Period II

Shanghai PM2.5-O3 1.321 0.843 0.112 0.115 0.349 0.292
(0.062) (0.064) (0.132) (0.122)

Jiaxing PM2.5-O3 0.741 0.454 0.125 0.119 0.218 0.145
(0.071) (0.067) (0.112) (0.084)

Nantong PM2.5-O3 0.556 0.389 0.116 0.120 0.189 0.142
(0.066) (0.082) (0.103) (0.082)

Suzhou PM2.5-O3 1.146 0.583 0.113 0.113 0.292 0.269
(0.066) (0.123) (0.135) (0.123)

Based on Equations (8) and (10)–(12), the multifractal components between PM2.5 and
O3 in Shanghai, Jiaxing, Nantong and Suzhou before and during the COVID-19 partial
lockdown can be calculated and the results are illustrated in Table 3. The values of ∆αLM

x/y

show the linear correlation multifractality. The values of ∆αPDF
x/y are the fat-tailed probability

distribution multifractality. The values of ∆αNL
x/y show the nonlinear correlation multifractal-

ity. The values of ∆αINTR
x/y are the intrinsic multifractality part. The values of INTR ratiox/y

are the ratio of the intrinsic multifractality to apparent multifractality. The multifractal
components between PM2.5 and O3 in Shanghai before the COVID-19 partial lockdown
can be obtained: ∆αSH,LM

x/y,bl = 0.237± 0.146 shows that the mean of the linear correlation

multifractality, E(∆αSH,LM
x/y,bl ), is 0.237 and the standard deviation of the linear correlation

part, STD(∆αSH,LM
x/y,bl ), is 0.146, ∆αSH,PDF

x/y,bl = 0.112± 0.062, ∆αSH,NL
x/y,bl = 0.972± 0.132. The

intrinsic multifractal cross-correlation is ∆αSH,INTR
x/y,bl = 0.972± 0.132.

Table 3. Comparison of the components of the width of multifractal spectrums of original, shuffled,
surrogate PM2.5 and O3 series in and around Shanghai before and during the COVID-19 partial
lockdown. The numbers in parentheses are the standard deviations. Period I: before the COVID-19
lockdown, Period II: during the COVID-19 lockdown.

City Pollutant ∆αLM
x/y ∆αNL

x/y ∆αPDF
x/y ∆αINTR

x/y INTR Ratiox/y

Period I Period II Period I Period II Period I Period II Period I Period II Period I Period II

Shanghai PM2.5-O3 0.237 0.177 0.972 0.550 0.112 0.115 0.972 0.550 73.59% 65.32%
(0.146) (0.138) (0.132) (0.122) (0.062) (0.064) (0.132) (0.122) (9.98%) (14.46%)

Jiaxing PM2.5-O3 0.093 0.026 0.523 0.309 0.125 0.119 0.523 0.309 70.58% 68.16%
(0.132) (0.108) (0.112) (0.084) (0.071) (0.067) (0.112) (0.084) (15.10%) (18.60%)

Nantong PM2.5-O3 0.073 0.023 0.368 0.247 0.116 0.120 0.368 0.247 66.10% 63.41%
(0.122) (0.106) (0.103) (0.082) (0.066) (0.082) (0.103) (0.082) (18.49%) (20.94%)

Suzhou PM2.5-O3 0.179 0.156 0.854 0.314 0.113 0.113 0.854 0.314 74.53% 53.86%
(0.149) (0.138) (0.135) (0.123) (0.066) (0.123) (0.135) (0.123) (11.74%) (21.01%)

Table 3 shows that the percentages of the intrinsic multifractality before and during
the COVID-19 partial lockdown occupy a larger proportion of the total multifractality.
Therefore, it can be concluded that the impacts of multifractality between PM2.5 and O3
in and around Shanghai generated from the nonlinear correlation part is greater than the
fat-tailed probability distribution and linear correlation multifractality.
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E(INTR ratioSH
x/y,dl) < E(INTR ratioSH

x/y,bl), E(INTR ratioJX
x/y,dl) < E(INTR ratioJX

x/y,bl),

E(INTR ratioNT
x/y,dl) < E(INTR ratioNT

x/y,bl) and E(INTR ratioSZ
x/y,dl) < E(INTR ratioSZ

x/y,bl)

imply that the intrinsic multifractality between PM2.5 and O3 in all cities decreased during
the COVID-19 partial lockdown.

4.3. The Coordinated Control Degree of PM2.5-O3

To determine the coordinated control degree of PM2.5-O3 in and around Shanghai
before and during the COVID-19 partial lockdown quantitatively, the index ζ in four cities
are calculated according to Equation (15). The results are illustrated in Figure 6.

Although E(INTR ratio)x/y and √σxσy both decrease, √σxσy may drop deeply during
the COVID-19 partial lockdown. Figure 6 shows that the mean values of ζ in and around
Shanghai all increase during the COVID-19 partial lockdown. It indicates that the PM2.5-O3
coordinated control degrees in all four cities become weaker. Among these four cities,
the added value of ζ in Shanghai is the maximum. The added value of ζ in Suzhou is
the minimum.

Figure 6. The mean values of ζ of PM2.5-O3 in Shanghai, Jiaxing, Nantong and Suzhou before and
during the COVID-19 partial lockdown.

4.4. Disscussion

The nonlinear correlations are the genuine source of the multifractality [23,24], indicat-
ing the apparent multifractal cross-correlation may overestimate the multifractality of the
series. The differences between change ratios in apparent and intrinsic multifractality are
shown in Table 4.

Table 4. Comparison of the apparent (∆αx/y) and intrinsic (E(INTR ratio)x/y) multifractal cross-
correlation in and around Shanghai

City Pollutant ∆αx/y E(INTR ratio)x/y

Period I(A) Period II(B) Change(B-A)/A Period I(C) Period II(D) Change(D-C)

Shanghai PM2.5-O3 1.321 0.843 −36.2% 73.59% 65.32% −8.3%

Jiaxing PM2.5-O3 0.741 0.454 −38.8% 70.58%) 68.16% −2.4%

Nantong PM2.5-O3 0.556 0.389 −30.0% 66.10% 63.41% −2.7%

Suzhou PM2.5-O3 1.146 0.583 −49.1% 74.53% 53.86% −20.7%
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The results suggest that although the COVID-19 lockdown contributes to the improve-
ment of multifractal cross-correlations between PM2.5 and O3, their effects are limited from
the perspective of intrinsic multifractality. Similar results are found in the effect of the
COVID-19 control measures on the improvement of air quality. Almond et al. illustrated
that air quality improved during the pandemic, but the improvement was smaller than
expected, the reduction in SO2 concentration was unobvious and the concentration of O3
increased [30]. Zhao et al., reported that the concentrations of all pollutants except O3
dropped in the initial period of the lockdown but rebounded with the resumption of work
and production in later periods [31].

Among the four cities, the decreased percentage of intrinsic multifractality in Suzhou
is the maximum. This may be the reason that causes the increased value of ζ in Suzhou to
be minimum.

5. Conclusions

The outbreak of the COVID-19 pandemic caused serious restrictions on human activi-
ties in and around Shanghai. However, the period can be viewed as a helpful experiment
to investigate the correlation between PM2.5 and O3 concentrations. In this paper, the
dynamic impacts of the COVID-19 pandemic on the multifractal cross-correlations and
the coordinated control degrees of PM2.5-O3 are examined. First of all, the multifractal
cross-correlations, multifractality components and dynamic influences of the COVID-19
pandemic on cross-correlations between PM2.5 and O3 in four cities (i.e., Shanghai, Jiaxing,
Nantong and Suzhou) are illustrated. Furthermore, a new quantification index, ζ, evaluat-
ing the coordinated control degree of PM2.5-O3 is developed, validated and compared. The
main conclusions are as follows:

(1) The cross-correlations between PM2.5 and O3 in and around Shanghai both before and
during the COVID-19 partial lockdown have multifractal characteristics. Moreover,
there are weaker multifractal cross-correlation degrees of PM2.5-O3 in four cities
during the COVID-19 partial lockdown.

(2) The impacts of multifractality due to the nonlinear correlation part in and around
Shanghai are greater than the linear correlation part and the fat-tailed probability
distribution part. The intrinsic multifractal cross-correlations between PM2.5 and O3
decreased in all cities during the COVID-19 partial lockdown.

(3) Although the COVID-19 lockdown contributes to the improvement of multifractal
cross-correlations between PM2.5 and O3, their effects are limited from the perspective
of intrinsic multifractality.

(4) The mean values of ζ in and around Shanghai all increased during the COVID-19
partial lockdown. This indicates that the PM2.5-O3 coordinated control degrees in all
four cities become weaker. Among these four cities, the added value of ζ in Shanghai
is the maximum.

Therefore, the dynamic impacts of the COVID-19 pandemic on the multifractal cross-
correlations and the coordinated control degree of PM2.5-O3 provide new insights and a
better understanding of the complex structure of PM2.5-O3. These findings help provide
objective guidance for PM2.5-O3 coordinated control management. Due to the spatiotempo-
ral difference in PM2.5-O3 coordinated control degree, each city should make different and
specific strategies based on its requirements.
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