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prediction. However, the past researchers were usually based on the overall time-domain evolution infor-
mation of PM2.5. Since the temporal evolution of PM2.5 concentration is nonstationary, previous studies
might neglect some important localization features that the evolution has various predominant periods
at different scales. Therefore, we applied the wavelet transform to study the localized intermittent oscil-
lations of PM2.5. First, we analyze the daily average PM2.5 concentration collected from the automatic
monitoring stations. The result reveals that the predominant oscillation period does vary with time.
There exist multiple oscillation periods on the scale of 14-32 d, 62-104 d, 105-178 d and 216-389 d
and the 298d is the first dominant period in the entire evolutionary process. Moreover, we want to figure
out whether the temporal characteristics of PM2.5 in the days with heavy haze also have localized inter-
mittent periodicities. We select the hourly average PM2.5 concentration in 120 h when the haze pollution
is serious. We find that the principal period has experienced two abrupt shifts and the energy at the 63-
hour scale is the most powerful. The results in these two independent analyses come into the same con-
clusion that the multiscale features shown in the temporal evolution of PM2.5 cannot be ignored and may
play an important role in the further haze prediction.
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1. Introduction

Many countries have been suffering from the haze pollution,
including China, the United States, Britain, Germany, Japan and
France. Haze pollution has become an important threat to the glo-
bal environment (Schichtel et al.,, 2001; Vautard et al., 2009;
Neiburger and Wurtele, 1949; Doyle and Dorling, 2002). From Jan-
uary 2013, China has suffered from severe haze pollution for the
first time in a large scale. The Air Quality Index in some areas
exceeded 500 (Wang et al., 2014). Since the late 2016, the problem
of haze pollution has spread from only some regions to all parts of
the country covering 25 provinces and the situation has become
fiercer. More than 100 large and medium-sized cities have haze
pollution in different levels, which not only affects the traffic con-
dition, but also causes direct harm to people’s physical and mental
health.

In the first stage of researches on the haze, researchers focused
on the chemical composition, causing factors (Hu et al., 2006;
Lonati et al., 2005) and pollution detection (Gupta et al., 2007;
Thurston et al.,, 2011; Chen et al., 2017; Okamoto et al., 1990). As
more and more meteorological stations have been built and the
observational data related to the pollutants are available, the pre-
diction of haze has been a heat spot. Many researchers have
focused on establishing different haze prediction models. GW
Fuller et al. (2002) designed an empirical model to predict the daily
average concentrations of PM2.5 and PM10 in London. Jian et al.
(2012) wused the Autoregressive Integrated Moving Average
(ARIMA) to predict the PM10 concentration in busy traffic areas
in Hangzhou. Dong et al. (2009) proposed a hidden Markov model
based on predicting high PM2.5 concentrations in haze-
contaminated weather. C Chemel (Xi-Qin et al., 2018) established
the chemical conversion model CMAQ to model PM2.5 concentra-
tion data in the UK and predicted changes in the annual average
PM2.5 concentration.

Besides a good model, the studies on the temporal evolution
characteristics of haze are needed for further haze prediction.
The temporal characteristics of the haze, such as periodicity, can
exhibit the macroscopic characteristics of haze evolution and can
serve as a time domain partitioning criterion to support the haze
prediction model. Thus, some researchers analyzed the temporal
characteristics of PM2.5 or PM10 concentrations by collecting the
hourly and daily data from various observation stations.
Rodriguez et al. (2003) used meteorological data and satellite
observations of African dust plumes to analyze the spatial and tem-
poral variations of PM levels from 1996 to 2000 in Northeastern
Spain and found that the maximum PM levels were varied with
the difference of districts. Zhang et al. (2015) collected the hourly
and daily records of PM2.5 and O3 from two stations in Beijing, the
capital of China, to examine the long-term trends of evolution of
PM2.5 and 03 concentrations and the certain links between the
variability of pollutant concentrations and meteorological vari-
ables on the synoptic time scale. Song et al. (2015) defined a con-
cept named PM2.5 Pollution Episodes (PPEs) to represent the
period with serious haze and they collected the hourly PM2.5 con-
centration observations in Beijing to analyze the evolution mode of
each PPE. They found that the PPEs showed significant seasonal
variations that the most serious haze occurred in winter while
the PPEs with long duration occurred in autumn. Hu et al. (2013)
also used the PM10 concentration from 27 stations in Beijing to
explore the spatial and temporal characteristics of PM10, and the
result demonstrated the variation of PM10 concentration in differ-
ent seasons and stations.

Although there are a lot of efforts put on the temporal charac-
teristics of PM2.5/PM10 concentration, almost all the researches
are based on a simple method that the temporal characteristics

of PM2.5/PM10 is evaluated with the assumption that statistical
properties of the time series do not vary with time. However, in
reality, the evolution of PM2.5 is nonstationary. This is to say,
the dominant modes of the variability will vary with time. Meteo-
rological dynamics can switch between different dynamics at dif-
ferent scales, influenced by complicate factors, including the
geographical features and seasons etc. Figuring out the fine-
grained temporal characteristics will aid researchers to build more
sophisticated haze prediction models and help to reveal more
details of pollutant evolution.

Therefore, in this paper, we study on the Chengdu city, an area
with severe haze in China. The daily average PM2.5 concentration
data as the haze index from June 2014 to June 2017 are analyzed to
reveal the localized intermittent oscillations in the unit of day. We
use the continuous wavelet transform (CWT) that is good at cap-
turing the localization features of nonstationary sequence. The
Morlet complex wavelet is selected as the mother wavelet to per-
form time-scale transformation on the original sequence and
obtain complex wavelet coefficients. Based on the complex wave-
let coefficients, the modulus and the real part of coefficients are
used to reveal the oscillation period of PM2.5.

In addition, we also care about the evolutionary features of
PM2.5 in the days with heavy haze, which may provide the essen-
tial haze forecast to prepare people for the incoming serious haze.
Therefore, we collected 120 observations of hourly PM2.5 concen-
tration in the period with heavy haze and applied the same method
used in the analysis of the daily data.

2. Data and methods
2.1. Dataset

Chengdu (30.67°N, 104.06°E), the largest city in southwestern
China with about 11 million residents and an area over
12,000 km?, is sited at the western part of the Sichuan Basin and
surrounded by Longquan Mountain to the east and Qionglai Moun-
tain to the west of the it (Fig. 1a). Due to the special geographical
position, it is one of the cities with most serious air pollution, espe-
cially PM concentration. Besides the location, the meteorological
condition also deteriorates the air condition. The wind direction
rarely changes and the annual average wind speed is 1.2 m/s, with
high static wind frequency, up to 45%-50%. (Yin et al., 2013) Thus,
the pollution situation is almost stable and thus suitable for us to
study the variation of PM2.5 concentration at multiple time scales.

For exploring the variation of PM2.5 concentration, we collected
PM2.5 concentration data from the China Air Quality Online Mon-
itoring and Analysis Platform (www.aqgistudy.cn/). There are six
automatic monitoring stations (Fig. 1b), Sanwayao, Caotangsi, Jun-
pingjie, Liangjiahe, Shahepu, Shilidian in Chengdu. We got 1050
daily average PM2.5 concentration readings ranging from June
2014 to June 2017 from each station, and the missing data have
been replaced by the mean of two nearest data. In this paper, we
focused on the holistic pollution conditions in Chengdu, so we cal-
culated the mean of data from six monitoring stations as the daily
average PM2.5 concentration. Eventually we gained 1073 entries
for daily PM2.5 concentration.

The daily average PM2.5 concentration (Fig. 2) includes the
readings from June 2014 to June 2017. Obviously, the variation of
PM2.5 concentration is dominated by the annual cycle, but the
inner variation has connection with the period, which means there
are different periodic features at the view of various timescales.
The top three PM2.5 concentration occurred in January 15, 2015,
when PM2.5 concentration is 238 pg/m>, December 30, 2015,
when PM2.5 concentration is 255 pg/m>, and December 26, 2016,
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Fig. 1. a is the topography of the Sichuan Basin; b is the distribution of the six monitoring stations in Chengdu.

when PM2.5 concentration is 280 pg/m°. Chengdu has 299 days
per a year with air pollution that include 3 serious ones and 54
high-haze days (Table 1).

According to the daily PM2.5 concentration, the January in
2016, one of the periods with heavy haze, is suitable to study the
localized intermittent periodicities of PM2.5 in the serious haze
days. We collected 120 hourly PM2.5 concentration data during
0:00 on 2nd January to 23:00 on January 6, 2016. The specific
details about the hourly data will be informed in the Section 3.2.1.

2.2. Wavelet analysis

Wavelet analysis is a powerful tool to study localized variations
of power within a time series. It will be helpful to reveal both the
dominant modes of variability and how those modes vary in time
after decomposing a time series into time-frequency space
(Torrence and Compo, 1998). Since the wavelet analysis was
applied in the analysis of seismic signals (Morlet et al., 1982), it
has been widely used in scientific, engineering, mathematic com-
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Fig. 2. The daily average PM2.5 concentration in Chengdu from June 2014 to June 2017.

Table 1
Haze pollution in Chengdu from 2014 to 2017.
Level Serious High Moderate Low
DC > 250 250 > DC > 150 150 >DC > 115 115>DC>75
N 3 54 52 190
DC denotes Daily PM2.5 Concentration in the unit of pg/m?>.
N denotes the number of days.
munity with its versatile applicability, especially in the geophysics C +o0 N;(w)\z d 1
(Weng and Lau, 1994; Baliunas et al., 1997; Zheng et al., 2017). v = W] W< o0 (1)

Compared to the Fourier transform, wavelet analysis can better
deal with signals that contain nonstationary power at many differ-
ent frequencies (Daubechies, 1990). The wavelets obtained by scal-
ing and translating the wavelet function not only fits the region of
sharp change in the signal that are nonstationary, but also extracts
the local characteristic of the signal, and obtains the periodic vari-
ation under the specific scale. Because of the time-frequency local-
ization property of the wavelets, wavelets are apt to time-
frequency and time-scale analysis. The variation of PM2.5 concen-
tration is the kind of data with different frequencies at various
scales, thus applying the wavelet transform on the PM2.5 data is
a good way to trace its evolution in time series.

The wavelet transform has two transform methods: continuous
wavelet transform (CWT) and discrete wavelet transform (DWT).
Discrete wavelet transform is suitable for data compression and
signal denoising processing (Grinsted and Moore, 2004). Continu-
ous wavelet transform is better at extracting signal features, so it
is widely used to extract intermittent wave characteristic of time
series in geophysical research (Adrianac et al., 2008). In this paper,
only the continuous wavelet transform (CWT) is selected to study
the temporal characteristics of PM2.5.

We have the time series of the PM2.5 concentration, x,, with
equal time spacing 6t and n=0 ... N — 1. And we also have the
mother wavelet \(t), which depends on a non-dimensional “time”
parameter t. For satisfying the admissibility conditions, where
(W)|w=0=0 and Y(t) must have zero mean and be located in the
both time and frequency space (Farge, 1992):

The continuous wavelet transform of the discrete sequence x,, is
defined as the convolution of x,, with the daughter wavelets which
are the translated and scaled versions of the mother wavelet \(t):

0= iy (*5) ®

where the (*) indicates the complex conjugate. The WX(s) is also
named wavelet coefficient, which indicates the correlation between
the wavelet (at a certain scale) and the data array (at a particular
location). The wavelet scale s and the localized time index n are con-
tinuous real numbers, s € R*, n € R. The larger the wavelet scale s, the
wider the \(t/s), and the signal characteristics are more apparent in
the multi-scale of the original signal. The localized time index n con-
trols the translation transform of the mother wavelet. By changing
the wavelet scale s and translating along the localized time index n,
one can construct a picture showing both the amplitude of any fea-
tures versus the scale and how this amplitude varies with time.

The wavelet power spectrum is defined as |WX(s)|?, which indi-
cates the wave magnitude in the specified wavelet scale and time
domain (Flandrin, 1992). If the Morlet wavelet is selected as the
mother wavelet, the imaginary part of the wavelet coefficients
can be interpreted as the local phase.

The wavelet variance Var(s) is the integral of the squared norm
of the wavelet coefficients in the time domain, which indicates
the periodic wave energy distribution under the different scales.
When the scale is fixed, the greater the wavelet variance is, the
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greater the intensity of the oscillation is, and the more obvious the
periodic characteristics are, which means that the time series sig-
nal has the main period. The wavelet variance is as shown in for-
mula (3).

Var(s) = [ M WX(s)*dn (3)

2.2.1. Choice of the mother wavelet

The different types of mother wavelet have the different influ-
ence on the signal transformation. In orthogonal wavelet analysis,
the number of convolutions at each scale is related with the width
of the mother wavelet at the same scale. In the wavelet power
spectrum, there are discrete parts of wavelet power which is ben-
eficial for signal processing because it has the most compact repre-
sentation of the signal. However, it is not good enough for time
series analysis. A nonorthogonal analysis is highly redundant at
large scales, so the representation at adjacent times in the wavelet
spectrum is highly correlated. The nonorthogonal transform is use-
ful for time series analysis, where smooth, continuous variations in
amplitude are needed (Abry and Veitch, 1998).

Choosing real wavelet or complex one also has different effects.
Using a complex wavelet function will yield information about
both amplitude and phase, so it is better adapted for capturing
oscillatory behavior. In contrary, only a single component can be
gained by applying a real wavelet function, so it can be used to iso-
late peaks or discontinuities.

In the paper, to simultaneously preserve the amplitude and
phase information of the sequence signal of PM2.5 concentration,
we select the Morlet wavelet as the mother wavelet, which is a sin-
gle frequency complex sinusoidal function and has the symmetry
and the non-orthogonality and the imaginary part, which can
express the phase information well, as shown in formula (4).

bolt) = (7 x fi) e e @

In (4), t represents time and f, represents bandwidth controlling
the attenuation in the time domain and the corresponding band-
width in the frequency domain. fj is the reciprocal of variance in
the frequency domain. The increase of f, will make the wavelet
energy concentrated around the center frequency and slow down
the attenuation speed in the time domain. Reversely, the reduction
of f, will accelerate the decay rate in the time domain and reduce
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Fig. 3. The real and imaginary parts of the Morlet wavelet with f,=1.5 and f.=1.

the energy of the frequency domain. f, denotes the center fre-
quency and affects the frequency value when the time domain is
converted to the frequency domain. \s(t) is a complex Morlet
wavelet determined by f, and f. In this paper, we set the f, to be
1.5 and the f, to be 1, shown in the Fig. 3.

3. Temporal evolution characteristics of PM2.5 based on CWT

PM2.5 is an important variable in the study of haze pollution,
and there exist localized intermittent oscillations in the evolution
of PM2.5, which means that there is no consistent period in the
process, and the period of PM2.5 evolution varies at different
wavelet scales.

Compared with past researches on the evolution of PM2.5 con-
centration of which most neglect that the PM2.5 evolution is non-
stationary in time, we apply the wavelet transform to the study of
the periodic characteristics. Specifically speaking, we apply the
same method to the two distinct circumstances that will benefit
the different haze prediction models. One is the analysis of the
daily average PM2.5 concentration in three years that will yield
localized intermittent oscillations in the unit of day and is espe-
cially useful for the haze prediction in a year, and the other is on
the hourly PM2.5 concentration in five days when there is serious
haze, which is meant to reveal the evolutionary features of PM2.5
in the period with heavy haze when air quality is more concerned
by individuals.

3.1. Temporal characteristics of PM2.5 in three years

3.1.1. Data preprocessing and parameter setting

As illustrated in the Section 2.1, we collected the daily average
PM2.5 concentration from six monitoring stations, Sanwayao, Cao-
tangsi, Junpingjie, Liangjiaxiang, Shahepu, Shilidian. The readings
are from June 2014 to 2017 and the number of entries is 1073.
Before the data does the convolution with the wavelet mother s
(t), we applied data preprocessing to reduce the errors that will
occur at the beginning and end of the wavelet power spectrum
since the sequence of PM2.5 concentration is finite-length. We
padded 63 and 64 zeros respectively to the head and the tail of
the sequence (Meyers et al., 1993), so the length of data extends
to 1200. After the wavelet transform, the added data are removed
to ensure the authenticity of data.

In the aspect of parameter setting, the time series data x, has
the equal time spacing 6t=1 (d) and N=1072. While deciding
the wavelet scale s, we followed two expressions:

si=5020j=0,1,] (5)

J = oj 'log,(Nt/s0) (6)

where sq is the smallest resolvable scale and | determines the lar-
gest scale. For the Morlet wavelet, the oj can be set to 0.5. Here
we set Sp to be 2, and J to be 16, giving scales from 2 d up to 512 d.
The f, and f; of the Morlet wavelet are set to be 1.5 and 1 respec-
tively. Because of the parameter settings of the Morlet wavelet in
our paper, the wavelet scale is almost equal to the Fourier period.
Thus, we directly use the wavelet scale in following analysis.

3.1.2. Result

According to the convolution (2), 1200 entries of our daily aver-
age PM2.5 concentration are calculated to produce the wavelet
coefficient WX(s). After the wavelet transform, we removed the first
63 columns and the last 64 columns that were added in the data
preprocessing. Eventually, we obtained a 400 x 1073 wavelet coef-
ficient matrix of the daily average PM2.5 concentration. Further-
more, we depicted the real part of wavelet coefficients R{W%(s)}



that could show the power distribution in the different time and
scale, modulus of the wavelet transform |WX(s)| that could reveal
energy density distribution on different scales, and the wavelet
variance Var(s) that is beneficial to show the fluctuation conditions
of PM2.5 daily concentration telling which is the main period and
the change pattern of the periods within a certain time span.

The real part of wavelet coefficients R{W%(s)} is a powerful tool
to study the energy distribution of the PM2.5 concentration over
time, frequency, and scale, as shown in Fig. 4, where the horizontal
axis represents time in the unit of day and the vertical axis repre-
sents the wavelet scale. Obviously, there exist distinct scales of
variation of the PM2.5 concentration in the entire time domain,
which can provide us with an overall cognition of the variation
trend to predict the further changes. If the region of the contour
map is filled with the warm color, the real part is positive which
means that the air quality of Chengdu city is poor, and the haze
pollution is serious. If the filling color is cold, the real part is neg-
ative, indicating that the air quality in Chengdu is good, and haze
pollution does not exist or is slight.

Fig. 4 shows that there are multiple periods of the daily average
PM2.5 concentration from June 2014 to June 2017, which are on
the scale of 14-32 d, 62-104 d, 105-178 d and 216-389 d. In par-
ticular, there are obvious oscillations on the scale of 216-389 d,
and the periodic characteristics are very stable, covering the time
domain. There is a dominant oscillatory period of 279-368 d in
the evolution of daily PM2.5 concentration, which is the conver-
gence of several small oscillation periods. In the entire time
domain, there are three warm centers in December 2014, January
2016 and January 2017 respectively, during the winter, the period
with serious haze pollution; two cold centers occur on July 2015
and July 2016, corresponding to the annual summer, when haze
pollution does not exist or is slight. This is, the energy distribution
shown in the Fig. 4 reveals a good conformity with the realistic
conditions.
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The modulus of the wavelet transform |WX(s)| (Fig. 5) shows
that the principal oscillation period varies with time, even though
the energy tends to gather in the 270-370-day band. The periodic
vibration energy on the scale of 270-370 d is the strongest, and the
period is relatively significant, and the periodic change is through
the entire domain; the periodic vibration energy on the scale of
140-230 d is weak, which is localized; the periodic vibration
energy on the scale of 0-140 d is very weak, occupying the time
domain.

The greater the modulus of the wavelet coefficients is, the more
apparent the periodicity at the corresponding scale is. It can be
clearly seen that during the evolution of the daily PM2.5 concen-
tration, the dominant oscillation period decreases with the time,
though there exists no sudden change in prominent frequency. In
the first 400 days, the principle oscillation is around 325d, and it
shifts to about 300d after 500th d. The oscillation period becomes
more stable in the evolution process, and it demonstrates that
there are no dramatic period changes in the PM2.5 concentration.

The oscillation amplitude of PM2.5 concentration has the rela-
tively obvious changes during the 1073 days. The overall evolution
trend of the energy is increasing, that the powerless periods is dur-
ing first 500 days and the energy after the 500th d have experi-
enced an apparent increase.

To examine the amplitude modulation, we plotted the variance
of wavelet coefficient of daily PM2.5 concentration (Fig. 6), which
describes the fluctuation distribution of PM2.5 concentration
sequence at different scales. The value of the variance shows the
power of the fluctuation, this is, the bigger the variance is, the more
dominant the oscillation at this scale is. Therefore, we can obtain
the dominant period from the variance diagram. There is one
apparent peak in Fig. 6, which corresponds to the scale of 298d
and means that the periodic oscillation is the strongest at this
scale. So, the scale of 298d is the first dominant period indicating
that the fluctuation of the period almost controls the fluctuant
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Fig. 4. The real part of wavelet coefficients R{WX(s)} in three years. The horizontal axis represents time in the unit of day and the vertical axis represents the scale in the unit

of day.



X. Chen et al./Science of the Total Environment 699 (2020) 134244 7

LT

Scale (d)

100 200 300 400 500

NEERERERRFEEE F IR TR R 450
N ".!1‘..‘;;..\.......,\.“\‘ EERLEREERER LSRN

LLCELEU A e (u:u "A'II‘\“'{"!‘; 400

LA ALk A (Y,

i

600 700 800 900 1000

Time (d)

Fig. 5. The modulus of the wavelet transform |WX(s)|.

characteristics of the daily average concentration in the entire time
domain.

We plotted the real part of wavelet coefficients (Fig. 7) on the
scale of 298d, the principal period. The plot shows that three up-
down conversion happened in the three years.

3.2. Temporal characteristics of PM2.5 in 120 h

As shown in the Fig. 4, the warm regions are mostly distributed
in the winter, especially in December 2014, January 2016 and Jan-
uary 2017 when the haze pollution were most serious. From the
above analysis, we found the dominant oscillation within three
years and the average period of PM2.5 concentration, which would
provide forward-looking data foundation for the haze prediction in
a year. But, in reality, individuals may concern more about the real-
time haze forecast, especially during the period with the heavy
haze.
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Therefore, knowing the meaning of localized intermittent peri-
odicities of PM2.5 in the days with serious haze is significant. We
employed the same wavelet transform to the analysis for the pur-
pose of finding whether there are distinct oscillations in the period
with heavy haze.

3.2.1. Dataset and parameter setting

Since the January in 2016 is one of the periods with heavy haze,
we collected the hourly PM2.5 concentration from the six auto-
matic monitoring stations in Chengdu during 0:00 on 2nd January
to 23:00 on January 6, 2016.

In order to avoid the boundary effect, we also padded 15 zeroes
in the start and end of the time sequence expanding the total num-
ber of entries to 150. The complex Morlet wavelet was selected as
the mother wavelet, the max scale was 64 h, the bandwidth was
set to 1.5, the center frequency was set to 1. After eliminating
the first 15 columns and the last 15 columns, we got a 64 x 120
complex wavelet coefficient matrix preparing for the further
discussion.
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Fig. 7. The real part of wavelet coefficients at the 298d scale.
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3.2.2. Result

The real part of wavelet coefficients R{WX(s)} in 120 h is shown
in Fig. 8. There are three apparent periodic changes during the evo-
lution of PM2.5 concentration, on the scale of 12-22 h, 23-42 h
and 45-64 h. Especially on the scale of 23-42, there are five oscil-
lating processes, and the periodic characteristics are very stable in
the whole time domain. The warm centers are distributed in the
time of 2nd h, 45th h 85th h and 120th h at about forty-hourly
intervals, and the cold centers are in the time of 22nd h, 65th h,
105th h at about forty-hourly intervals.

The modulus of the wavelet transform |WX(s)| (Fig. 9) shows the
corresponding energy density distribution in the time domain on
different scales. The energy patterns reveal that there exist obvious
predominant oscillation changes. The PM2.5 concentration is char-
acterized by a strong 62-h oscillation during the first 20 h. At the
20th h, the predominant period suddenly changes from 62 h to
34 h, and it continues to the 80th h. And after the 80th h, the prin-
cipal period increases to 64 h gradually. The energy amplitude of
the PM2.5 concentration also follows the similar pattern as the
change of the main oscillation. The first 20 h and the last 40 h
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Fig. 9. The modulus of the wavelet transform |[WX(s)| in 120 h.
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Fig. 10. The variance of wavelet coefficient of hourly PM2.5 concentration.

are the powerful periods, and the powerless period is during the
20th h to 80th h.

The variance of wavelet coefficient of hourly PM2.5 concentra-
tion (Fig. 10) is also plotted to study the fluctuation of PM2.5 at the
various scales. The variance changes as we discussed above, that
there are two peaks occurring in the 34-hour and 63-hour scale.
The oscillation at the 63-hour scale is the strongest, so it is the first
predominant period and the 34-hour scale is the second period.

4. Conclusions and discussion

The researches on the evolution patterns of fine particulate
matter (PM2.5) will yield useful results for the haze prediction that
is an important step to protecting people from the health damages
caused by the poor air quality. Previous researchers used to utilize
the overall temporal information to analyze the evolutionary fea-
tures of PM2.5. However, it is hard to get the localized oscillation
characteristics based on the global time series since the time series
of PM2.5 concentration is nonstationary. The wavelet analysis is
good at exploring the temporal structure of an energy spectrum
at multiple scales and provides a continuous function of time
and frequency.

To explore the evolutionary characteristics of PM2.5 concentra-
tion, we applied the Morlet wavelet transform to two distinct cir-
cumstances that one is based on the daily PM2.5 concentration
data collected from six automatic monitoring stations in Chengdu
ranging from June 2014 to June 2017 and the other is on the hourly
PM2.5 concentration in 120 h when the haze is serious. The reason
that we used the PM2.5 concentration both on the daily and hourly
time scale is to provide the time-frequency properties at different
temporal granularities, which will be very helpful for haze predic-
tions at different time spans.

In the time-scale analysis of PM2.5 concentration in three years,
there exist multiple oscillation periods in the scale of 14-32 d, 62-
104 d, 105-178 d and 216-389 d. But compared with other peri-
ods, the oscillation on the 216-389-day scale is the strongest in
the entire time domain. And the principal period of PM2.5 evolved
continuously within the three years. It decreases with time. Specif-
ically, In the first 400 days, the principle oscillation is around 325
d, and it shifts to about 300d after 500th d. According to the anal-
ysis of the wavelet variance, we found that the 298d is the first
dominant period, which influences the global evolution, and the
process has experienced three up-down conversions within the
three years.

The oscillation amplitude of PM2.5 exhibits a trend of increase.
In the first 500 days, the oscillation is relatively powerless, but the

energy increases continuously and becomes stable after the 500th
d.

While studying the time-scale features of PM2.5 concentration
in the heavy-haze days, we collected the hourly PM2.5 concentra-
tion during 0:00 on 2nd January to 23:00 on January 6, 2016, in
total amount of 120 h. The PM2.5 concentration is characterized
by a strong 62-h oscillation during the first 20 h, and the predom-
inant period suddenly changes from 62 h to 34 h at the 20th h and
it lasts to the 80th h. After the 80th h, the principal period
increases to 64 h gradually. According to the variance, we got a
more accurate oscillation conditions that the 63 h is the first pre-
dominant period and the energy at this scale is strongest.

Although the temporal properties of the PM2.5 evolution show
an apparently dominant oscillation, these relatively powerless
periods still play a role in the time series. Especially in the hourly
evolution, there is a 34-hour scale oscillation between the two 63-
hour-scale oscillations. Therefore, considering the temporal char-
acteristics on the multiple scales is reasonable and critical for the
haze prediction. But the features shown in the analysis of the
PM2.5 evolution still give little information about the reasons of
the haze formation. The work on the joint analysis between the
temporal characteristics of PM2.5 and the regional conditions, such
as the geographical features of the place, remains.
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