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A B S T R A C T

In recent years, the forecasting of particles with a diameter of 2.5 μm or less (PM2.5) has been a popular research
topic, and involves multiple sources of pollution, making it difficult to determine all of the contributing me-
teorological and environmental factors. When only the PM2.5 concentration time series is considered without
other exogenous information, accurate forecasting is important and should be efficient. To address this problem,
this paper proposes a hybrid algorithm consisting of multiple models to improve prediction accuracy. The in-
novation of the proposed hybrid algorithm is to decompose the original single one-dimensional (1D) PM2.5 data
into multi-dimensional information which effectively mines information hidden in the 1D data. Then, it uses
traditional prediction methods to forecast each sequence and to reconstruct its forecasting results to obtain the
final forecasting results. Three hybrid models, Wavelet-ANN, Wavelet-ARIMA and Wavelet-SVM, are developed
to forecast the 2016 PM2.5 trends in 5 Cities in China. The results showed that: (1) Hybrid models (Wavelet-ANN,
Wavelet-ARIMA and Wavelet-SVM) can forecast short-term PM2.5 concentrations in China. Compared with the
traditional Autoregressive Integrated Moving Average (ARIMA), Artificial Neural Network (ANN) and Support
Vector Machine (SVM) models, hybrid models can significantly improve prediction accuracy. (2) The Wavelet-
ARIMA model has higher accuracy with respect to predicting PM2.5 concentrations. In particular, it can more
accurately capture the mutational points of PM2.5 concentrations, which can provide effective information
support for generating warnings about atmospheric pollution. The hybrid algorithm proposed in this paper can
be effectively applied to the short-term forecasting of PM2.5 concentrations and can significantly improve the
accuracy of prediction.

1. Introduction

PM2.5 (particles with a diameter of 2.5 μm or less) are mainly

composed of water-soluble ions, organic carbon matter (OCM), ele-
mental carbon (EC), and other inorganic compounds (Zhou et al.,
2016), which are very harmful to human health (Yan et al., 2017).
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Owing to increased public concern, research on the prediction of PM2.5

concentration has been the ongoing focus of air-quality research (Wu
et al., 2016), and the accurate prediction of PM2.5 concentration is one
of the key goals of the 2018 Air Pollution Prevention and Control Action
Plan (APPCAP). Cai et al. (2017) proved that APPCAP provided an ef-
fective approach to alleviate PM2.5 pollution levels, and there is a need
for more attention on controlling PM2.5 in future. At the same time, by
achieving accurate predictions of PM2.5 concentrations, the goals of the
Air Quality Guidelines (AQG) and the three interim targets (ITs) can be
achieved, realizing several potential health benefits. (Maji et al., 2017).
Because PM2.5 is harmful to humans, it is very important to establish a
high-precision PM2.5 concentration prediction model for control and
monitoring (Ke et al., 2018). In addition, government departments can
generate more scientific warnings of potentially severe air pollution
incidents based on accurate prediction results (Ping et al., 2017; Lv
et al., 2016). Research on the prediction of PM2.5 concentrations and
the generation of more accurate scientific warnings of potentially se-
vere air pollution incidents based on accurate prediction results are the
current focus of ongoing air-quality research, and are areas of sig-
nificant public concern (Yan et al., 2018).

Many methods have been proposed to analyse and forecast the
PM2.5 concentration. The commonly employed method uses mainly the
Weather Research and Forecasting (WRF) model or the WRF-CMAQ air-
quality modelling system for the analysis and prediction (Cao et al.,
2018; Weimiao et al., 2017); however, its main functions are simulation
and analysis, which require a large amount of meteorological and en-
vironmental data, and which are not suitable for predicting future
pollutant concentration changes (He et al., 2017). Some scholars (Long
et al., 2014; Sun and Sun, 2016) have proposed methods based on
principal component analysis (PCA) to predict PM2.5 concentrations,
but the accuracy of these models cannot be guaranteed. Another kind of
model has been proposed based on the relationship between PM2.5

concentrations and other meteorological variables based on multi-
source data (Ni et al., 2017), but for most situations, accurate pollutant
source data and meteorological variables are unavailable (Whiteman
et al., 2014; Tai et al., 2010).

Over the past few years, the Autoregressive Integrated Moving
Average(ARIMA) model has been widely used to forecast PM2.5 con-
centrations because it is very suitable for univariate time-series pre-
dictions (Wang et al., 2018; Jian et al., 2012; Ni et al., 2017). Zafra
et al. (2017) used the ARIMA model to perform daily temporal analyses
of the effect of land surface coverage (LSC) on PM10 concentrations in a
high-altitude megacity. García et al. (2018) applied the ARIMA model
to calculate daily PM10 concentrations based on a simulation in
Northern Spain, which effectively improved the prediction accuracy of
the model. Jian et al. (2012) used ARIMA to build a framework that
could predict the impact of meteorological factors on submicron par-
ticle concentrations in cities. However, it assumes that pollutant data
are stationarities, and the opportunity to capture non-linearities and
non-stationarities in time-series data is limited (Choubin and Malekian,
2017; Ni et al., 2017).

Artificial neural networks (ANNs) are also applied to forecasting in
engineering, in which an unknown relationship exists between a set of
input factors and an output (Li et al., 2012). ANNs have become a va-
luable tool for simulating non-linear phenomena, such as PM2.5 and
PM10 concentration prediction (Zhan et al., 2017), SO2 prediction (Xue
and Liu, 2014), surface ozone prediction (Faris et al., 2014), and tem-
perature forecasting (Tao et al., 2013). Perez and Gramsch (2015)
presented an hourly PM2.5 concentration forecasting model which is
based on feed-forward neural networks in Santiago, Chile, and the ac-
curacy of the forecasting model was significantly better than that of
traditional forms, which may make it a useful tool for PM2.5 forecasting.
De et al. (2013) developed an ANN, and tested it to forecast daily PM10

concentrations in two different environments in NE Spain, a regional
background site, and an urban background site, and the measurement
was significantly influenced by vehicular emissions. Park et al. (2017)

predicted the indoor PM concentration using the information of out-
door PM, the number of subway trains running, and information on
ventilation operation by the ANN model.

Support Vector Machine (SVM) has good robustness and good effect
on classification and regression. Many scholars applied SVM model to
simulation and prediction in atmospheric particulate matter(PM)
(García et al., 2018; Sun and Sun, 2016). García et al. (2018) applied
VARIMA, ARIMA, MLPNN, SVM to prediction in PM10 concentration,
and results have shown that the SVM model was better than the other
models to forecast PM10 concentration. Sun and Sun (2016) established
model which is based on PCA and improved SVM appears to be very
attractive and shows a great ability of generalization.

Although ARIMA, ANN and SVM showed excellent performance in
predicting PM2.5 concentrations, the model's generalisation ability is
significantly affected when the predicted data only consist of 1D time
series (Garg et al., 2016; Ping et al., 2015). Thus, the focus of this paper
is to decompose 1D data into multi-dimensional data as well as to mine
as much information hidden in the data as possible to improve the
prediction accuracy. For this purpose, we proposed a hybrid algorithm
consisting of multiple models to improve prediction accuracy. This
hybrid algorithm was applied to the short-term forecasting of PM2.5 in 5
cities in China. The objectives of the study were: (1) to propose a lo-
gical, simple and widely adaptable hybrid algorithm for the short-term
forecasting of PM2.5, (2) based on this hybrid algorithm, construct hy-
brid models which combine wavelet decomposition with benchmark
models (ANN, ARIMA and SVM), which are called the Wavelet-ANN
model Wavelet-ARIMA model and Wavelet-SVM model, to forecast the
PM2.5 concentrations, and (3) evaluate the prediction accuracy of hy-
brid models compared with traditional benchmark models. We hope the
hybrid algorithm proposed in this paper provide effective information
support for atmospheric pollution warnings.

2. Materials and methods

2.1. Area description

Poor air quality in urban areas is considered to be one of the most
serious toxic pollution problems in the world. In China, air pollution
has also become a major issue and poses a huge threat to Chinese public
health in the period of rapid economic development. In 2016, only 84
out of 338 prefecture-level (administrative division of the People's
Republic of China (PRC), ranking below a province and above a county)
or higher cities met the national standard for air quality. At present,
China's urban-centric air pollution is intensifying and is spreading to the
countryside. In some areas that the economy is developed and the po-
pulation density is high, air pollution matter is particularly acute.

This paper selects five representative cities in China. Beijing is the
capital of China and the third most populous city in the world; Chengdu
is a sub-provincial city which serves as the capital of Sichuan province
and can represents the inland cities of southern China; Guangzhou also
known as Canton, is the capital and most populous city of the province
of Guangdong in the southern part of China, which able to represents
the southern cities of China; Shanghai is one of the four municipalities
under the direct administration of the central government of the China,
the largest city in China by population, which represents the coastal
cities of China, and Taiyuan can represents the inland cities of northern
China, which is one of the most important heavy industrial and mining
cities in China. The geographical locations of these five cities are shown
in Fig. 1.

2.2. Data collection

The PM2.5 pollutant data used in this paper were downloaded and
recorded through the website http://www.stateair.net and http://hbj.
taiyuan.gov.cn. The PM2.5 concentration was measured using an
RP1400a atmospheric autosampler (fully automatic operation), which
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can realise real-time automatic sampling, automatic analysis, and data
return in real-time. The calibration of zero-gas and standard gas can be
used to achieve quality control of the PM2.5 concentration data, and
these data can be corrected using manual monitoring analysis methods.

The time scale of the measured PM2.5 data was based on the daily
average concentrations from Jan. 1, 2016 to Dec. 31, 2016.

Fig. 1. Five cities in China.

Fig. 2. Technical flowchart of PM2.5 forecasting.
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2.3. Hybrid forecasting algorithm

In this paper, a hybrid algorithm combined with a benchmark model
with wavelet decomposition was proposed to solve the problem of the
static structure and poor prediction accuracy of 1D time series. The key
steps of the hybrid algorithm are to decompose the original data by
wavelet decomposition, convert the original single 1D data into multi-
dimensional information, mine the hidden information of the original
data, use traditional prediction methods (such as ANN, ARIMA and
SVM) to forecast data for each sequence, and finally, to reconstruct the
forecasting results of each sequence using wavelets to compose the final
forecasting results. The framework of this hybrid algorithm is shown in
Fig. 2, and the key procedures of the algorithm are as follows:

Input: Daily PM2.5 concentration time series.
Output: Prediction of the daily average concentrations of PM2.5 data
and evaluation of the accuracy of the models.
Step 1: Standardise the original data (the time series of PM2.5

daily average concentration data).
Step 2: Select a suitable wavelet function.
Step 3: Decompose the original 1D data into approximation and
detail sequences.
Step 4: Construct a traditional prediction model (e.g. ANN,
ARIMA and SVM) to fit and forecast data for each sequence se-
parately.
Step 5: Reconstruct the forecasting results of each sequence, and

then compose the final forecasting results.
Step 6: Evaluate the forecasting accuracies of the hybrid model
and traditional models.

2.4. Wavelet-ANN method

Based on the key concepts of the hybrid algorithm, we constructed
three hybrid models: A Wavelet-ANN model, a Wavelet-ARIMA model
and a Wavelet-SVM. The Wavelet-ANN model is a combination of wa-
velet composition and Elman ANNs.

The first step is to choose the wavelet type which was used to de-
compose the original PM2.5 time series and a level of decomposition N.
The principle of wavelet decomposition is that the original time series is
high-pass filtered to produce several levels of detail in the data, each
describing a detailed local change in the original data. It is then low-
pass filtered to produce approximate data. Thus, the key concept of
wavelet analysis is to select the suitable wavelet basis function. In this
paper, the db4 wavelet function was chosen to detect and filter noise.
Specifically, this db4 wavelet decomposed the original data into ap-
proximation sequences of one layer, and detailed sequences of four
layers each.

Following the decomposition of the original data, the next step is to
use traditional prediction methods to forecast data for each sequence.
In this study, the Elman ANN was chosen to perform PM2.5 forecasting.
It is a typical local regression neural network which is a type of feed-
back neural network, and is very similar to forward neural networks,

Fig. 3. Framework of the Wavelet-ANN model and ANN model.
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but with superior computing capabilities. Its prime advantages are
strong optimal calculations and associative memory functions.

The basic Elman neural network architecture in this hybrid model
consists of one input layer, one hidden layer, one connection layer, and
one output layer. Compared with BP networks, Elman neural networks
have one more connection layer for the construction of local feedback.
The transfer function of the connection layer is a linear function, but
there is a delay unit. Thus, the connection layer can remember the past
state together with the input of the network as the input of the hidden
layer at the next moment (Fann et al., 2012). This gives the network a
function that occupies dynamic memory. Therefore, Elman neural
networks are relatively suitable for time-series forecasting. Prior to
creating the Elman neural network and initialising the network, we
need to specify the delay parameters, the number of neurons in the
hidden layer, the training function, and the determination conditions.
Then, we import the normalised training sample set into the Elman
network for training. When the network is trained well, we import the
normalised test sample set for testing. The output is the forecasting data
of each sequence.

The final step is to reconstruct the forecasting results from each of
sequence. The forecast accuracies of the Wavelet-ANN model and the
ANN model were evaluated. The technology framework of this mod-
elling process is shown in Fig. 3. MATLAB was used to import and
forecast the data.

2.5. Wavelet-ARIMA method

Based on the key concepts of the hybrid algorithm, the other hybrid
model which we constructed was the Wavelet-ARIMA model, which
was a combination of wavelet composition and the ARIMA model. The

wavelet method is the same as that in the previous section, and the db4
wavelet function was selected to decompose the PM2.5 time series into
one approximation and four detailed sequences. Then, with regard to
the decomposed sequences, the traditional benchmark ARIMA predic-
tion method was used to forecast data for each sequence.

The autoregressive moving average (ARMA) model considers the
time series as a random process, and considers the statistical properties
of the time series. Although the composition sequence value of the time
series is uncertain, the overall sequence change has a certain regularity.
Simply put, it is a concrete description of the autocorrelation of a time
series with its own dynamic memory. The process of modelling is the
process of quantifying dynamic memory.

The ARMA method is a model which requires data stationarity. If
the data is stationary, we can use it to build the ARMA model directly.
However, the obtained data are generally not stationary; if we perform
differential calculations on the data and make it stationary, then we can
build the ARMA model. This whole process is called the ARIMA
method. In summary, the ARIMA model is an algorithm which builds an
ARMA model using differentially stationary data.

The equation for the ARMA (p, q) model is:

= + + + + − − − −− − − − − −y φ y φ y φ y e θ e θ e θ e··· ···t t t p t p t t t q t q1 1 2 2 1 1 2 2

(1)

where et is a random perturbation term.
Stationarity is an assumption of the ARIMA method, and non-sta-

tionary data need to be transformed to become stationary. Therefore,
prior to using the ARMA algorithm to build the model, we need to
perform an Augmented dickey-fuller (ADF) unit root test to justify the
stationarity of each sequence. A non-stationary process can easily be
transformed into a stationary process by differentiation, which helps to

Fig. 4. Framework of the Wavelet-ARIMA model and ARIMA model.
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extract the underlying trends.
The next step is to identify and determine the model parameters for

creating the ARIMA model and Wavelet-ARIMA model. The range of
parameter selection for the ARIMA model needs to be determined based
on two kinds of statistics: the autocorrelation coefficient (AC) and the
partial autocorrelation coefficient (PAC). Then, the specific parameters
of p and q are determined by the Akaike information criterion value
(AIC) criterion and the Schwarz criterion (SC). The specific principles
are as follows:

The parameters p and q can be determined by the truncation and
smearing features of AC and PAC. If the AC or PAC decays exponentially
or the sine wave attenuates and approaches zero as the lag period in-
creases, then it is said to have smearing. If the AC or PAC quickly ap-
proaches zero from a certain lag period as the lag period increases, it is
said to be truncated. With this method, the parameters can only be
preliminarily determined. If the optimal model cannot be identified, the
p and q values can only be tried from lowest to highest. In this process,
the model can be adjusted using AIC and SC to detect its quality. The
optimal model is one that minimises the variance of AIC and SC.

Finally, the established ARIMA model and Wavelet-ARIMA model
should be tested. This step is to check whether the residual sequence of
the established model is a self-noise sequence. The Lagrange multiplier
(LM) test is generally used to detect random probability. Under normal
circumstances, if the random probability is more than 0.05, the residual
sequence can be considered as white noise. However, if it is less than
0.05, the residual sequence cannot be considered as a white noise se-
quence, and the model needs to be re-established; otherwise, the ac-
curacy of the prediction will be reduced.

The technology framework of the Wavelet-ARIMA and ARMA
models are shown in Fig. 4. MATLAB and EViews were used to con-
struct the ARIMA model.

2.6. Wavelet-SVM method

Support Vector Machine (SVM) is an effective machine learning
method based on statistical learning theory, which is based on the VC
dimension theory (Riondato and Upfal, 2015) and the Structural Risk
Minimization Inductive Principle of statistical theory. Compared with
some traditional machine learning methods, this method has strong
robustness and can solve practical problems such as nonlinearity
(Balabin and Lomakina, 2011), small sample, high dimensionality and
local minimum point, and can effectively avoid “over-harmony". This
method has been successfully applied to classification, function ap-
proximation and time series forecasting.

In support vector regression (SVR), the learning machine will use
the nonlinear mapping to map the prepared training data to the high-
dimensional space. Then, in the high-dimensional feature space, the
hyperplane (contain slack variables) can form nonlinear relationship
between training data and output data, which is called the SVR func-
tion, and can also be expressed as a convex optimization problem.:
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Fig. 5. Framework of the Wavelet-SVM model and SVM model.
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Because SVR forms a regression relationship between input data and
output data, the quality of the input data greatly affects the prediction
effect of the model. Based on the hybrid algorithm, Wavelet decom-
position is performed on the input data, which decompose the PM2.5

time series into one approximation and four detailed sequences, and
then divide the data of each sequence into training data and test data.
The SVM model is used to train and predict each layer of data after
decomposition. The next is to reconstruct the forecasting results from
each of sequence. And the last is to evaluate the performance of
Wavelet-SVM. The technology framework of this modelling process is
shown in Fig. 5. MATLAB was applied to finish the process.

2.7. Accuracy evaluation

The average absolute error (MAE), root mean-squared error (RMSE)
and coefficient of determination (R2) were used to evaluate the accu-
racy of the prediction model. Formulae (4), (5) and (6) are as follows:
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where yi represents the actual value of sample i, ŷi represents the pre-
dicted value of sample i, ȳ is the average of the actual value of sample i,
and n is the number of samples.

The smaller the values of MAE and RMSE, the smaller will be the
prediction error of the model and the better the prediction model. The
value of R2 indicates the proportion of the explained sum of squares
(ESS) in the total sum of squares (TSS), and is between 0 and 1. R2 can
be used as a measure of the goodness of fit of the regression equation.
The larger the value of R2, the better is the fitting effect.

3. Result analysis

3.1. Wavelet decomposition and descriptive statistics

Wavelet decomposition of the original PM2.5 data using the db4
wavelet was performed, and the original data of these five cities
(Beijing, Chengdu, Guangzhou, Shanghai, Taiyuan) were decomposed
into one approximation sequence (a4), which reflects the overall trend

Table 1
Descriptive statistics of average daily PM2.5 concentrations in 2016 in five cities.

City Statistics s a4 d1 d2 d3 d4

Beijing Mean 72.89 74.54 −0.02 0.06 −0.08 −1.61
Median 56.60 62.96 0.05 −0.41 −0.17 −0.04
Standard deviation 65.37 37.79 23.23 30.43 35.43 28.49
Kurtosis 4.31 6.83 5.04 1.42 3.12 7.17
Skewness 1.91 2.28 −0.19 0.09 0.20 −1.26
Minimum 5.50 21.99 −122.38 −100.19 −123.39 −157.91
Maximum 381.67 245.32 110.68 99.70 154.68 100.24

Chengdu Mean 72.83 73.05 0.00 0.01 0.07 −0.29
Median 62.23 64.46 −0.34 0.82 1.13 −0.07
Standard deviation 38.40 25.91 11.73 13.56 18.18 11.41
Kurtosis 0.96 0.45 3.08 0.58 1.27 0.99
Skewness 1.14 0.94 0.06 −0.29 −0.32 0.16
Minimum 14.38 35.03 −48.21 −42.49 −67.96 −30.21
Maximum 221.71 149.02 48.47 41.10 56.58 36.06

Guangzhou Mean 32.99 32.92 0.00 −0.02 0.06 0.03
Median 29.75 30.40 −0.05 −0.25 −0.27 −0.09
Standard deviation 20.51 11.63 7.48 7.28 10.60 7.25
Kurtosis 5.28 0.01 2.22 1.10 4.46 0.46
Skewness 1.67 0.73 −0.25 0.00 0.62 0.25
Minimum 2.14 14.94 −27.15 −30.11 −36.15 −22.23
Maximum 159.00 67.39 25.70 21.47 56.91 21.61

Shanghai Mean 45.43 45.50 0.00 0.00 0.05 −0.12
Median 38.98 49.83 0.00 0.46 0.26 0.01
Standard deviation 28.63 18.03 12.38 12.89 10.67 8.13
Kurtosis 1.97 0.13 2.72 0.94 4.16 4.32
Skewness 1.34 0.25 −0.20 −0.07 −0.51 0.26
Minimum 4.55 12.17 −52.49 −43.61 −58.50 −28.53
Maximum 160.25 95.60 45.19 36.97 40.96 36.80

Taiyuan Mean 66.21 67.49 −0.01 −0.01 −0.08 −1.32
Median 51.00 52.34 −0.25 −0.23 −0.43 −0.39
Standard deviation 53.30 40.98 16.93 21.65 20.67 20.56
Kurtosis 6.25 1.41 4.62 3.73 3.09 12.36
Skewness 2.20 1.55 0.10 −0.02 0.16 −1.75
Minimum 5.00 21.92 −82.97 −87.89 −83.16 −126.38
Maximum 341.00 192.00 86.00 98.47 73.84 90.57

s refers to the original time series of PM2.5 concentrations; a4 refers to the approximation sequence; and d1, d2, d3, and d4 are the four detail sequences.
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of the original time series of PM2.5 concentrations and four detail se-
quences (d1, d2, d3, and d4) which reflect the noise of the original time
series of PM2.5 concentrations. Descriptive statistics, including the
mean, median, maximum, minimum, standard deviation, skewness, and
kurtosis were used to quantitatively summarise the characteristics of
average daily PM2.5 concentrations of each decomposed sequence to

further explain their significance. The mean and median are statistics
which reflect the central tendencies in the data set. The minimum and
maximum values show the amplitude of the time series. The standard
deviation is a measure of the degree of dispersion of the data dis-
tribution, and is used to measure the degree to which the data deviate
from the arithmetic mean. Skewness and kurtosis are used to assess

Fig. 6. Wavelet decomposition of daily average PM2.5 concentrations in 2016 in five cities.
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whether the sampling distribution is normal. The descriptive statistics
of these five cities are shown in Table 1 and Fig. 6.

The statistical results revealed the following: (1) The mean and
standard deviation of the original time series were 72.89 and 65.37 in
Beijing, 72.83 and 38.40 in Chengdu, 32.99 and 20.51 in Guangzhou,
45.43 and 28.63 in Shanghai, 66.21 and 53.30 in Taiyuan respectively.

The skewness and kurtosis of the five cities were much greater than 1,
which indicates that the original time series did not follow the normal
distribution roughly. (2) The approximation sequence (a4) reflects the
overall trend of the original time series, and the detail sequences (d1,
d2, d3, and d4) reflect the noise of the original time series. From the
approximation sequence (a4) in Fig. 6, PM2.5 concentrations in these

Fig. 7. Forecasting results of the ANN model and Wavelet-ANN model.
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five cities are generally high in spring and winter, and low in summer
and autumn. (3) In most cases of these five cities, comparing the ori-
ginal time series with the decomposed sequences, the skewness and
kurtosis of the approximation sequence and the four detail sequences
were smaller than that of the original PM2.5 data. This indicates that
compared with the original PM2.5 sequence, the decomposed sequences
using wavelets were more stable, and tended to follow a normal dis-
tribution.

3.2. Forecasting of PM2.5 with ANN and Wavelet-ANN

The Wavelet-ANN model was established to forecast the PM2.5

concentrations in five cities (Beijing, Chengdu, Guangzhou, Shanghai,
Taiyuan) in China. To justify the use of the Wavelet-ANN model, it is
important to know whether the hybrid Wavelet-ANN model leads to an
improvement relative to traditional ANN. Therefore, comparisons based
on the forecasting performance of PM2.5 were made between the tra-
ditional ANN and the hybrid Wavelet-ANN in five cities in China.

The PM2.5 time series of the first 300 days of 2016 was used as a
source for the training samples to fit the model, and the remainder of
the 66 data points of 2016 were used as the test samples to verify the
model. The Elman ANN has one input layer with six variables x, one
hidden layer with fifteen neurons, one connection layer with fifteen
independent variables, and one output layer with a dependent variable.

When six independent variables are input, that is, the PM2.5 con-
centrations of the current day are to be calculated using data from six
days earlier, we used the data from the second day to the seventh day to
calculate the data of the eighth day. We can repeatedly calculate and
obtain the last 60 days of forecasting data.

For traditional ANN, the network was applied only to the original
PM2.5 time series; the output contained the final forecasting results. For
Wavelet-ANN, the network was applied to four detail sequences and
one approximation sequence of PM2.5 time series; the final forecasting
results integrated the output of the approximation sequence and the
four detail sequences. The performances of the two models are shown in
Fig. 7(a,c,e,g,i). The correlation between daily observed and modelled
PM2.5 concentrations is shown in Fig. 7(b,d,f,h,j).

It can be seen from Fig. 7(a,c,e,g,i) that both the Wavelet-ANN and
ANN models produced results which are essentially in agreement with
the actual values; however, the PM2.5 concentrations modelled by the
ANN were consistently underestimated compared to those modelled by
the Wavelet-ANN. In particular, for peak values, the Wavelet-ANN can
provide much more accurate and usable information than the ANN.

As can be seen from Fig. 7(b,d,f,h,j), the scatter plot indicates the
strength of a linear relationship between the modelled value (y) and the
observed value (x).

Take Beijing as an example, it is obvious that the wavelet-ANN (blue
dot) appears to be distributed more normally than the ANN (orange

Fig. 7. (continued)
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dot), and the coefficient of determination of the Wavelet-ANN was
0.8768, which is higher than 0.3950 of the ANN. The comparison re-
sults of other cities are basically the same as that in Beijing. Meanwhile,
we can find that the best forecasting result of the Wavelet-ANN model is
Chengdu, and the coefficient of determination is 0.9279. Using the
Wavelet-ANN model revealed that the wavelet decomposed the single

signals of the original PM2.5 time series to multi-layer signals, which
contain useful knowledge and can improve the forecasting perfor-
mance. Overall, the Wavelet-ANN model outperforms the ANN model.

Fig. 8. ARIMA model and Wavelet-ARIMA model forecasting results.

Y. Cheng et al. Atmospheric Environment 200 (2019) 264–279

274



3.3. Forecasting of PM2.5 with ARIMA and Wavelet-ARIMA

The hybrid Wavelet-ARIMA and the traditional ARIMA methods
were established to forecast future PM2.5 concentrations, and compar-
isons between the PM2.5 forecasting performances were also made for
the two models. PM2.5 data of the first 300 days of 2016 were used as a
source for training samples to fit the model, and the rest of the 66 data
points of 2016 were used as the test samples to verify the model.

The training samples were decomposed by the wavelet function into
four detail sequences and one approximation sequence. The ADF unit
root test method was used on the original PM2.5 data and the five wa-
velet-decomposed sequences to test whether the time-series variable is
non-stationary. The results showed that the first-order differential
PM2.5 data and five wavelet-decomposed sequences all pass the statio-
narity test (P < 0.001), which indicated that these time series data
points were stationary.

Where the data show evidence of stationarity, the identification and
specification of appropriate ARIMA parameters is an important step.
The range of ARIMA parameters was determined by AC and PAC;
specifically, the values of p and q are determined by AIC and SC. The
results showed that the p and q values of the original PM2.5 data and the
five wavelet-decomposed sequence data are all different. Thus, we es-
tablished six different ARIMA models for the original PM2.5 data and
the five wavelet-decomposed sequences in each city.

The LM test was performed on the rest of the established ARIMA

model to test whether the noise values constituted a white noise se-
quence. The results showed that the residue sequences of the six ARIMA
models are all white noise sequences, which means that these models
can be used for further forecasting. Thus, based on the six trained
ARIMA models, we forecasted the rest of the 66 PM2.5 concentrations,
and obtained the final forecast results.

For traditional ARIMA, the model was used only on the original
PM2.5 time series, and the output contained the final forecasting results.
For Wavelet-ARIMA, the model was applied to four detail sequences
and one approximation sequence of PM2.5 time series, and the final
forecasting results integrated the output of the approximation sequence
and the four detail sequences. The performances of the two models are
shown in Fig. 8(a,c,e,g,i). The correlation between the daily observed
and modelled PM2.5 concentrations is shown in Fig. 8(b,d,f,h,j).

Fig. 8(a,c,e,g,i) shows that both the Wavelet-ARIMA and ARIMA
models can predict future points in the series in agreement with the
actual values. By comparing the two models, we can see that the PM2.5

concentrations modelled by ARIMA were consistently underestimated
compared to those modelled by Wavelet-ARIMA, both for the peaks and
the valleys.

Fig. 8(b,d,f,h,j) shows the strength of a linear relationship between
the modelled value (y) and observed value (x). Take Beijing as an ex-
ample, it is obvious that Wavelet-ARIMA (blue dot) appear to be closer
to a linear curve than the ARIMA (orange dot), and the coefficient of
determination of the Wavelet-ARIMA was 0.9199, which was higher

Fig. 8. (continued)
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than 0.4202. The comparison results of other cities are basically the
same as that in Beijing. Meanwhile, we can see from Fig. 8 that the
Wavelet-ARIMA model has the best forecasting effect in Chengdu, and
the predicted data is basically consistent with the trend of the actual
data, and the coefficient of determination is the highest of 0.9453.
However, the forecasting effect is slightly worse in Shanghai, with the

coefficient of determination is 0.9087, but also exceeds 0.9. The use of
the Wavelet-ARIMA model revealed that the wavelet decomposed the
single signals of the original PM2.5 time series into multi-layer signals,
either to better understand the data or to improve the forecasting
performance.

Fig. 9. SVM model and Wavelet-SVM model forecasting results.
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3.4. Forecasting of PM2.5 with SVM and Wavelet-SVM

The traditional SVM method and hybrid Wavelet-SVM were estab-
lished. The five representative cities (Beijing, Chengdu, Guangzhou,
Shanghai and Taiyuan) in China were predicted respectively, compar-
isons PM2.5 forecasting performances between SVM and Wavelet-SVM
models. The PM2.5 time series of the first 300 days of 2016 was used as
a source for the training samples to fit the model, and the remainder of
the 66 data points of 2016 were used as the test samples to verify the
model.

In the Wavelet-SVM model, we separately decomposed the PM2.5

data of each city, and then decompose each city's PM2.5 data into five
layers, including one approximation and four detailed sequences, and
then divide each layer into training data and test data. The choice was
to use the six-day as the independent variable and the seventh day as
the dependent variable, which was the same as the data processing
method selected by the Wavelet-ANN model.

The performances of the two models (SVM and Wavelet-SVM) are
shown in Fig. 9(a,c,e,g,i). The correlation between daily observed and
modelled PM2.5 concentrations is shown in Fig. 9(b,d,f,h,j).

From Fig. 9(a,c,e,g,i) of the five cities, we can see that the prediction
data of the two models can reflect the fluctuation trend of the original
data, but overall, the Wavelet-SVM (blue dot) model is closer to the
actual value (black dot), while the SVM (orange dot) model does not
perform well without the Wavelet-SVM model. Take Beijing as an ex-
ample, the coefficient of determination of the Wavelet-SVM were

0.8570, which was higher than 0.3365. Meanwhile, the comparison
results of other cities are basically the same as that in Beijing. Overall,
the Wavelet-SVM model based on the hybrid algorithm in this paper has
greatly improved the prediction accuracy compared with the traditional
benchmark model, especially in Shanghai and Taiyuan, with an in-
crease of 0.7051 and 0.699 respectively. From the above, the hybrid
algorithm model has high precision and superiority.

3.5. Comparison of forecasting accuracy

An excellent prediction method can yield uncorrelated residuals
with an average of zero. If there is a correlation between the residual
values, the information left in the residuals should be used in the cal-
culation of the prediction. If the mean of the residuals is not zero, this
indicates that the forecast is biased. The forecast error metrics of the six
models chosen in this study were MAE and RMSE, as shown in Table 2.
The values of R2, which reflect the forecasting accuracy, are also shown
in Table 2.

The forecasting performance of the five cities showed the same
trend. Take Beijing as an example, among the three benchmark models,
the MAE and RMSE of the ARIMA model were the smallest and the R2

was the largest. Among the three hybrid models, the Wavelet-ARIMA
model has the best prediction results, and the MAE and RMSE are the
smallest among the three hybrid models, as well as the R2 is 0.9199,
which is higher than the Wavelet-ANN model (0.8768) and Wavelet-
SVM model (0.8570).

Fig. 9. (continued)
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Similarly, we analysed the forecasting results of Chengdu,
Guangzhou, Shanghai, and Taiyuan. We can find that the prediction
results of several models are basically the same as those in Beijing.
Based on our proposed hybrid algorithm, MAE and RMSE have a sig-
nificant reduction compared to the value of the benchmark model, and
the R2 has been significantly improved. The hybrid model prediction
results are all superior to the benchmark model. The prediction results
of the Wavelet-ARIMA model in these five cities are always the best of
the six models, and the values of R2 are all higher than 0.9, showing a
good prediction effect. As the Wavelet-ANN model and the Wavelet-
SVM model, we can find that in the four cities of Beijing, Chengdu,
Guangzhou, and Shanghai, the Wavelet-ANN model is better than the
Wavelet-SVM model. Only the Taiyuan City, Wavelet-SVM model pre-
diction results are better than the Wavelet-ANN model.

In general, based on our proposed hybrid algorithm, the prediction
verification is carried out in five representative cities in China, and the
proposed hybrid model can significantly improve the prediction accu-
racy. Overall, the Wavelet-ARIMA model has the best prediction effect,
followed by Wavelet-ANN model and Wavelet-SVM model.

4. Conclusion and discussion

This paper proposed a hybrid algorithm for short-term air pollution
forecasting, and two hybrid models were developed (Wavelet-ANN,

Wavelet-ARIMA and Wavelet-SVM) based on this idea. The basic
principles and modelling steps were described, and an experiment was
carried out based on 2016 data of PM2.5 concentrations in 5 Cities in
China. The forecasting accuracy of the hybrid models was compared
with that of traditional models respectively.

The results indicated that (1) the proposed hybrid algorithm in this
paper combined the traditional model with wavelet decomposition,
were superior to traditional benchmark models, which the result is
available from five cities in China. (2) Compared with traditional
benchmark models, the forecasting precision of the hybrid algorithm
was greatly improved. In particular, the Wavelet-ARIMA model was the
best of the six models in five cities. (3) The hybrid algorithm is a good
alternative for the short-term forecasting of PM2.5 concentrations, and it
can be applied to realistic predictions.

However, there remain problems in the study: (1) the PM2.5 con-
centration is highly dependent on the spatial and temporal scale. To
better explain the changes in the PM2.5 concentration, we propose in-
corporating the hourly value of the PM2.5 concentrations into future
predictions because hourly changes in PM2.5 concentrations are closely
related to our daily lives, which is important to protecting the health of
residents (Samiksha et al., 2017). (2) This model can only accurately
reflect the short-term change of PM2.5 concentrations, and cannot
capture sudden changes in the concentration of pollutants caused by
meteorological and emission sources, which is not suitable for long-
term prediction problems. If we apply this model to long-term predic-
tion, forecasting accuracy cannot be guaranteed. (3) The results of the
study showed that the Wavelet-ARIMA model is superior to the Wa-
velet-ANN model in forecasting results in China, which is contrary to
our previous knowledge from existing studies. According to the analysis
by Ni et al. (2017), the ANN model was applicable to systems with
large-scale data and complex structures. The larger the amount of ori-
ginal data and the more types of data, the more accurate will be the
prediction. For the 1D PM2.5 time series processed in this paper, the
data volume and types are small. However, the ARIMA model considers
more the influence of residual sequences on the prediction results,
which is an advantage for single 1D data prediction. (4) When well
designed, the hybrid algorithm proposed in this paper is a good alter-
native for the short-term forecasting of other air pollutants and other
cities.
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