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Abstract: Particulate matter contains solid or liquid particles that are transported and dispersed in the atmosphere. Study of 

particulate matter has attracted the great interest of scientists due to the effect on human health and its major role in climate 

change. Reduced lung function, development in respiratory diseases and premature death are the effect of long-term exposure 

to particle pollution. Wavelet transforms provide excellent analysis of non-stationary time series and extracts important 

information. Daubechies4 wavelet is orthogonal and compactly supportive and therefore, it is useful for multiresolution analysis 

of PM data. Skewness and Kurtosis parameter describes the lack of the symmetry of data and correlation coefficient between 

PM10 and PM2.5 describes the linear relationship between them. 
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I. INTRODUCTION 
Particulate matter (PM), also called particle pollution, is used to describe solid or liquid particles that are airborne and transported 

and dispersed in the atmosphere. Particles vary in number, size, shape, surface area, chemical composition, and solubility. PM 

originates from a variety of natural or anthropogenic sources and possesses a range of morphological, physical, chemical, and 

thermodynamic properties [1]. The sources of PM10 and PM2.5 include a wide range of natural phenomena and human activities. 

Coarse particles mainly originate from sea salt, soil dust resuspension, construction & demolition activities, non-exhaust vehicle 

emissions, and industrial fugitives, whereas fine particles are mainly produced by combustion processes, forest fires, and 

transformation of gaseous species. The   Primary sources of particulate matter are; Incomplete combustion, automobile emissions, 

dust, and cooking, while secondary sources are chemical reactions in the atmosphere. The current interest in PM is mainly due to 

its effect on human health [2] and its potential role in climate change [3]. Exposure to particle pollution is a public health hazard. 

When inhaled, particle pollution can travel deep into the lungs and cause or aggravate heart and lung diseases. Coughing, Shortness 

of breath, Tightness of the chest and irritation of eyes are the effect of short-term exposure. While reduced lung function, 

development in respiratory diseases and premature death are the effect of long-term exposure to particle pollution. Particle Pollution 

Affects the Heart Inhaled particles can pass from the lungs into the bloodstream and affect the cardiovascular system. National and 

International directives and legislations require lower and lower ambient near-surface PM concentrations. 

. 

The different behavior of PM10 and PM2.5 could be explained considering that the SD events have a lower importance on 

PM2.5 because the dust is mainly in the coarse size range. Thereby, the increase in the hot weather of this contribution is not able 

to compensate the decrease of anthropogenic emissions (traffic and domestic heating) in PM2.5 concentrations as it does in PM10 

concentrations [4, 5]. It can be seen that concentrations of particulate matter have an obviously negative correlation with air 

temperature. As air temperature rises, the concentration of particulate matter is significantly decreased. The lower atmosphere is not 

very stable and turbulent strengthens, which is advantageous to the diffusion of pollutants. Therefore, the probability of atmospheric 

pollution decreased with the increase of air temperature in summer. While the temperature of the surface is low, the situation is 

contrary. Atmospheric pressure and concentrations of particulate matter are significantly positively correlated. It has shown that air 

temperature, precipitation, and other meteorological factors can preferably explain the relationship between concentrations of 

particulate matter and meteorological factors [6, 7]].  Atmospheric pressure and concentrations of particulate matter were 

significantly positively correlated, while other meteorological factors and concentrations of particulate matter have shown a negative 

correlation but the impact is different. The growing scientific interest in atmospheric aerosol particles is due to their high importance 

for environmental policy.  
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In fact, particulate matter constitutes one of the most challenging problems both for air quality and for climate change 

policies. The synthesis reveals many new processes and developments in the science underpinning climate–aerosol interactions and 

effects of PM on human health and the environment. However, while the airborne particulate matter is responsible for globally 

important influences on premature human mortality, we still do not know the relative importance of the different chemical 

components of PM for these effects. Likewise, the magnitude of the overall effects of PM on climate remains highly uncertain [8]. 

Fourier sine‟s extracts only frequency information from a time signal, thus losing time information, while wavelet extracts both 

time evolution and frequency composition of a signal. Therefore Wavelet provides a new tool in the emerging field of data analysis 

for Physicists, Engineers, and environmentalists [9, 10]. It represents an efficient computational algorithm under the interest of a 

broad community.  

 

II. THEORETICAL BACKGROUND 

Wavelet represents an efficient computational algorithm under the interest of a broad community. Wavelet is a special kind of the 

functions which exhibit oscillatory behaviour for a short time interval and then dies out. In wavelet, we use a single function and its 

dilation and translation to generate a set of orthonormal basis functions to represent a signal [11, 12]. A number of such functions 

are infinite and we choose one that suits to our application. The range of interval over which scaling function and wavelet function 

are defined is known as support of wavelet. Beyond this interval (support) the functions should be identically zero. There is an 

interesting relation between the length of support and number of coefficients in the refinement relation. For orthogonal wavelet 

system, the length of support is always less than no. of coefficients in the refinement relation. It is also very helpful to require that 

the mother function has a certain number of zero moments, according to: 

                                                                       

∫ ψ(t)dt = 0
∞

−∞

 

 

The mother function can be used to generate a whole family of wavelets by translating and scaling the mother wavelet. 

        𝜓𝑎,𝑏(𝑡) =
1

√𝑎
𝜓 (

𝑡 − 𝑏

𝑎
) = 𝑇𝑏𝐷𝑎𝜓 

 

Here 𝑏 is the translation parameter and 𝑎 is the dilation or scaling parameter.  Provided that ψ(t) is real-valued, this collection of 

wavelets can be used as an orthonormal basis.  A critical sampling of the continuous wavelet transform is  

     𝑊𝑎,𝑏 = ∫ 𝑓(𝑡)
1

√𝑎
𝜓 (

𝑡 − 𝑏

𝑎
) 𝑑𝑡 

 

is obtained via 𝑎 = 2−𝑗, where 𝑗 and 𝑘 are integers representing the set of discrete translations and discrete dilations. Upon this 

substitution, we can write discrete wavelet transform as; 

                                                      

𝑊𝑗,𝑘 = ∫ 𝑓(𝑡)2𝑗 2⁄ 𝜓(2𝑗𝑡 − 𝑘) 𝑑𝑡 

 

Wavelet coefficients for every (a, b) combination whereas in discrete wavelet transform, we find wavelet coefficients only at very 

few points by the dots and the wavelets that follow these values are given by; 

 

𝜓𝑗,𝑘(𝑡) = 2𝑗 2⁄ 𝜓(2𝑗𝑡 − 𝑘) 

 

This wavelet coefficient for all 𝑗 and 𝑘 produce an orthonormal basis. We call  𝜓0,0(𝑡) = 𝜓(𝑡) as mother wavelet. Other wavelets 

are produced by translation and dilation of mothere wavelet. The wavelet transform of a signal captures the localized time frequency 

information of the signal. Suppose we are given a signal or sequences of data  𝑆 = {𝑆𝑛}𝑛∈ℤ t 

𝑆 t t 

repeated and gives a sequence 𝑆𝑛 , 𝑎1, 𝑎2, 𝑎3, 𝑎4,…..of more and more blurred versions together with the details 𝑑1, 𝑑2, 𝑑3, 𝑑4, 

…….removed at every scale ( ∆𝑡 = 2𝑚𝜏  in 𝑎𝑚 and 𝑑𝑚). Here 𝑎𝑚s  and 𝑑𝑚s are approximation and details of original signal. After 

N iteration the original signal 𝑆 can be reconstructed as  

 

                                                𝑆 = 𝑎𝑁 + 𝑑1 +  𝑑2 +  𝑑3 + ⋯ … . . 𝑑𝑁 

III. METHODOLOGY 

The primary and most important work in the spectral analysis of any signal using wavelet transforms is the selection of suitable 

wavelet according to the signal. Suitable wavelet is selected on the basis of compatibility with signal characteristics. Accurate 

wavelet selection retains the original signal and also enhances the frequency spectrum of the denoised signal. Wavelet extracts both 

time evolution and frequency composition of a signal.  

A multiresolution analysis for 𝐿2(ℝ) consists of a Sequence 𝑉𝑗, 𝑗𝜖ℤ of closed subspaces of 𝐿2(ℝ). Let f (x) be a function 

in 𝐿2(ℝ). We can write f x 𝑉𝑗+1 space, i.e.,  

 

𝑓(𝑥) = ∑ 𝑐𝑗+1,𝑘  𝜙𝑗+1,𝑘 (𝑥) 
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Since                                    

𝑉𝑗+1 = 𝑉𝑗 ⊕ 𝑊𝑗 

where 

𝑉𝑗+1 = 𝑠𝑝𝑎𝑛 (𝜙𝑗+1,𝑘(𝑥))
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

 

  

                                                      𝑉𝑗 = 𝑠𝑝𝑎𝑛 (𝜙𝑗,𝑘(𝑥))
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

 

 

 𝑊𝑗 = 𝑠𝑝𝑎𝑛 (𝜓𝑗,𝑘(𝑥))
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

 

Therefore 

                                      𝑓(𝑥) = ∑ 𝑐𝑗,𝑘 𝜙𝑗,𝑘𝑘 (𝑥) +  ∑ ∑ 𝑑𝑗,𝑘 𝜓𝑗,𝑘𝑘 (𝑥)𝑗
𝑗0

 

     

Where  

                                                 𝑐𝑗,𝑘 = 〈𝑓, 𝜙𝑗,𝑘〉 

 

                                                        =  ∫ 𝑓(𝑥) 𝜙𝑗,𝑘(𝑥) 𝑑𝑥,    ∀ 𝑘 ∈ ℤ 

and  

                                                        𝑑𝑗,𝑘 = 〈𝑓, 𝜓𝑗,𝑘〉 

 

                                                               = ∫ 𝑓(𝑥) 𝜓𝑗,𝑘(𝑥) 𝑑𝑥  

 

 are collectively known as an approximation and detailed coefficients. Thus given signal takes place a new version such as [10] 

𝑓(1) = 𝑎1 + 𝑑1 

𝑓(2) = 𝑎2 + 𝑑2 + 𝑑1 

𝑓(3) = 𝑎3 + 𝑑3+𝑑2 + 𝑑1 

𝑓(4) = 𝑎4 + 𝑑4 + 𝑑3+𝑑2 + 𝑑1 

𝑓(5) = 𝑎5 + 𝑑5 + 𝑑4 + 𝑑3+𝑑2 + 𝑑1 

𝑓(6) = 𝑎6 + 𝑑6 + 𝑑5 + 𝑑4 + 𝑑3+𝑑2 + 𝑑1 

𝑓(7) = 𝑎7 + 𝑑7 + 𝑑6 + 𝑑5 + 𝑑4 + 𝑑3+𝑑2 + 𝑑1 

𝑓(8) = 𝑎8 + 𝑑8 + 𝑑7 + 𝑑6 + 𝑑5 + 𝑑4 + 𝑑3+𝑑2 + 𝑑1 

 

Here 𝑎1, 𝑎2, 𝑎3, 𝑎4, 𝑎5, 𝑎6, 𝑎7, 𝑎8 are approximations of  signal and 𝑑1, 𝑑2, 𝑑3, 𝑑4, 𝑑5, 𝑑6, 𝑑7, 𝑑8 are details of signal at various 

scale or time frames. A signal 𝑓 can be decomposed as in simplest form; 

 

                                                                      𝑓 = 𝐴 + 𝐷 

 

Where  𝐴 and 𝐷 are called Approximation and Details of the given signal 𝑓. Approximation is average of the signal and hence 

represents low frequency components, while Detail is the difference of the signal and hence represents high frequency components. 

Detail plays very important role and provides hidden information of any signal.  The wavelet is a new analytical tool for chaotic 

data to the physics community. It allows detection and characterization of short-lived structures in data [13, 14].  

IV. RESULTS AND DISCUSSION 

Our study area is Anand Vihar, Delhi and we have used data observed by DPCC Anand Vihar. We have taken an average 

quantity of PM10 and PM2.5 for a day from 01-07-2016 to 13-03-2017.   
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Figure 1: Average quantity of PM10 (in ppb) 

 

 

 

 
 

Figure 2: Wavelet decomposition of PM10 

 

                                    

 
 

Figure 3: Average quantity of PM2.5 
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Figure 4: Wavelet decomposition of PM2.5 

 

The original time series of PM10 and PM2.5 are shown in figure 1 & 3. A full decomposition of PM10 time series is shown in figure 

2 and that of PM2.5 in Figure 4. In decomposition figures a1, a2, a3, a4, a5, a6, a7 and a8 are approximations and d1, d2, d3, d4, 

d5, d6, d7, and d8 are details of the of CO time series at different time modes. Original time series represents the average value of 

particulate matter taken as a one-day interval. Approximation a8 represents the behaviour of the signal S at level 8.  While details 

d1 exhibits per day variation, d2 shows 2-days variation and d3 is 4-days variation in the value of CO also d4, d5, d6, d7 and d8 are 

variation in the value of the particulate matter in 8, 16, 32, 64, and 128 days mode, respectively. A peak in a detail shows rapid fall 

or rise in the value in that time mode.  

 

We have calculated the value of skewness parameter for PM10 -0.42901 and Kurtosis parameter -1.12602, while skewness 

parameter for PM2.5 0.001437 and kurtosis parameter -1.22797. A positive value of skewness indicates that data are skewed right 

while a negative value shows that data are skewed left. The behaviour of skewness parameter tells about the intermittency 

phenomenon. Correlation describes the degree of linear relationship between two functions (or signals). The value of correlation 

coefficient for PM10 and PM2.5 is 0.822449. A positive value means that PM10 and PM2.5 are linearly related and high value 

means that PM10 and PM2.5 in the atmosphere are strongly correlated.  

 

                                                                           CONCLUSION 

The wavelet method allows the decomposition of the signal according to different frequency levels which characterize the intensity 

of natural and man-made disturbances. According to the behaviour studied, it is possible to conjecture that the difference between 

all-time series can be directly associated with a large number of anthropogenic activity. Taking into account these results we have 

shown, the wavelet analytical approach provides a simple and accurate framework for modeling the statistical behaviour of 

particulate matter variation. The behaviour of skewness parameter tells about the intermittency phenomenon of PM10 and PM2.5.  

The positive and high value of correlation coefficient represents directly and strongly correlation between PM10 and PM2.5 in the 

atmosphere. 
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