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Abstract: Air pollution is one of the greatest environmental problems of our time on a global and local scale.
Elevated and even low but constant levels of harmful emissions in the air in urbanized areas pose serious risks to the
health of the population. This paper develops a new approach for statistical modeling of time series of air pollutants,
depending on meteorological factors. A new framework based on discrete wavelet transform (DWT) is proposed for
decomposing pollutant's time series as a sum of components that represent trend, seasonality, and other specific
characteristics. A key element in the applied DWT is an adaptive scheme for selecting the threshold value to control
the reverse DWT's accuracy for achieving better prediction of the time series values. The resulting components are
modeled with cutting-edge predictive ensemble tree algorithms, including bagging, boosting, and stacking
techniques. This approach is tested with real data measured with a mobile automated station in the Plovdiv region,
Bulgaria. All models are evaluated, analyzed, and cross-validated. The models are applied for short-term pollution
forecasts.

Keywords: Wavelet analysis of time series, Random Forest, Arcing, Stacking

1. INTRODUCTION

The quality of the ambient air is of great importance for human health and all living organisms and is an important
part of the complex ecological system of the earth. The protection of air from pollution raises the need of solution of
many problems on a global, regional and local level to the entire society - governments, scientific organizations and
centers, world associations and others. In particular, this includes scientific measurements and research on the
impact on health and the environment of air pollutants such as particulate matter (PM), nitrogen dioxide (NO2),
nitrogen monoxide (NO), sulfur dioxide (SO2), ground-level ozone (Os), and other. A large number of medical
papers study the trends between environment and public health. The state of the art on the effects of air pollution on
the health of older adults during physical activities is presented in the recent evidence-based review [1].

Paper [2] is focused on the risks of polluted air affecting respiratory diseases. Other researchers are investigating
the harm to patients with acute and chronic cardiovascular disease from exposure to particulate matter (PMz.s) air
pollution [3]. Even low concentrations of air pollutants are dangerous for human health, and in particular for children,
the elderly and sick people [4], [5]. A systematic summary of the current state of ambient air quality and the harms
of excessive levels of the main pollutants for public health, as well as prescriptions for corresponding control and
management are presented in the reports of the World Health Organization (WHO) [6].

Along with medical data, the accumulation of huge amounts of measurement data in the field of air pollution
provides great opportunities for their statistical processing and extraction of useful information. This gives a basis
for applying various means and methods for modeling, analysis, establishing trends and causes, as well as for
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forecasting the levels of concentrations of harmful air emissions for the purpose of prevention and making adequate
management decisions.

In recent decades, the number of scientific studies in this field has grown exponentially. Of these, we will note two
main groups - multivariate statistical approaches and large-scale numerical methods, and the increasingly rapidly
developing techniques and algorithms of machine learning (ML). Of the first group, popular statistical methods for
time series analysis such as multiple linear regression (MLR), principal component analysis (PCA), Markov chain,
autoregressive moving average (ARIMA), Gaussian state space analysis and others were used in [7]—-[13]. Results
from the large-scale complex numerical models are presented in [14], [15].

ML forecasting algorithms are widely used in the literature to increase the performance of forecasting various time
series [16]-[19]. Recurrent neural networks (RNN) models using multi-layer perceptron (MLP) and Elman NN were
built in [16] to forecast the daily maximum concentrations of SOz, Os, PM1o, NO2, CO in the city of Palermo, Italy. To
predict the levels of PM2s Zhu et al. constructed ensemble model based on decision tree, random forest (RF),
Adaboost, GBDT, K-nearest neighbor (KNN), XGBoost, LightgBM, CatBoost, support vector regression (SVR),
Stacking, Blending, and MLR, respectively [17]. The goodness of fit of all ensemble learning models reached about
0.92-0.94 or 92% to 94% fitting with the initial PM2s data. A multi-scale deep learning and optimal combination
ensemble approach incorporating MLP and stacked sparse autoencoder methods for hourly air quality index (AQI)
forecasting is considered in [18]. The authors of [19] model daily concentration of PMio with a NN ensemble
combining MLP, radial basis function, EIman NN and SVR.

In recent years, the application of new powerful hybrid methods such as continuous and discrete wavelet analysis,
combined with ML, has gained popularity. Recent publications in this line in the field of environmental sciences are,
for example [20]-[22]. A combination of function expansions in a wavelet series with ARIMA models is used in [20].
Correlation analysis and artificial neural networks (ANNS) including wavelet analysis to identify the linear and
nonlinear associations, respectively, between the air pollution index and meteorological variables in two Chinese
cities were applied in [21]. Twelve algorithms and large amount of meteorological predictors have been used to
achieve correlation coefficients of the forecasts about 88-89%. Air pollution data (SO2, NO2, PM1o, PM25s, Os, and
CO) and four meteorological variables (temperature, barometric pressure, humidity, and wind speed) are modeled
in [22] using wavelet de-noising, detrended correlation analysis, and long short-term memory (LSTM) methods.

In this study, a new methodology and framework for time series analysis is proposed, based on combinations of
DWT and different ensemble tree ML methods. The goal is to remove noise from the data by adaptive selection and
combination of wavelets, then construct predictive regression models with ensemble methods with increased
performance and prediction ability. The developed approach is applied to the analysis and prediction of two
separate air pollutants (NO2 and SO2), depending on four meteorological variables. Models are selected and
evaluated using standard statistical metrics. In addition, a diagnosis of the residuals of the models is carried out to
check their adequacy. Models are validated by applying them for short-term predictions to data not used in their
construction.

Statistical computations are performed using Wolfram Mathematica, Salford Predictive Modeler (SPM), and SPSS
software [23]-[25].

2. METHODOLOGY AND FRAMEWORK OF THE STUDY
For modeling a given time series Y, we apply the following methodology (see also Fig. 1):

1) We divide the data for Y into two parts - for constructing the models (learning sample) and for validation
dataset.

2) We select several threshold values for adaptive calibration of wavelet models. In our case, parts of the standard
deviation of Y are used.

3) To the training sample we apply various types of DWT and inverse transformations with different thresholds for
de-noising the learning sample. We select the wavelet models for which the noise is smal (for example, in a

, . . . wy, p=12,3 . :
selected confidence interval). The following DWTs are used in our study (P P ): biorthogonal spline
wavelet, Daubechies and Haar, labeled B, D, and H, respectively.
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4) We average the selected de-noised wavelet models by linear stacking and obtain the model wY.
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Fig. 1. The framework of the study.

5) Using data from weather variables for the entire time period, we build s (s>=3) number of diverse ML models. In
our case, we use three ensemble learning algorithms.

6) We evaluate the performance of ensemble models and select the best of each type as base models.
7) We stack the selected base models by averaging and denote the resulting model by S_Y.
8) We apply this model to forecast Y on the test sample.

3. DESCRIPTION OF USED METHODS

The specific methods used in this paper are: wavelet transform, RF, Arcing (ARC), CART Ensembles and Bagging
(CEB), and simple averaging for stacking. The three ensemble methods are based on the Classification and
regression trees (CART) method, presented in [26].

A. Wavelet Transform

The WT is an improved analogue of the Fourier transform. The theoretical basis and some practical issues of WT
are presented in [27]-[30]. The WT is applied for modeling of nonstationary processes occurring over finite spatial
and temporal domains. It uses generalized local base functions (wavelets) that can be stretched and translated with
a flexible resolution in both frequency and time [29].

f(t) e L2(R)

In the continuous case, the idea of WT is based on a decomposition of the signal in terms of the so-

called "mother wavelet" or simply “wavelet”.

1359



International Journal of Membrane Science and Technology, 2023, Vol. 10, No. 4, pp 1357-1373

Vab = iy/[ﬂj
a

\/M » (1)

where @ denotes the scale (dilation) and b denotes the position (translation) of the wavelet. Various types of
wavelets are used in the literature [27]-[30].

The WT is defined as a convolution integral

W (a,b) :ﬁjt f(t)y/*[%jdt
2

where ¥~ is the complex conjugate of ¥ defined on the open “time and scale" real (a,b) half plane. The original

function f (1) can be formally reconstructed using the wavelet coefficients by the inversion formula [29]:

f)=—] da [ iw(ﬂJw(a,b) db

c,7a’ fa "\ a -

where

C, = j;deaK +00
w

and ¥(®) is the Fourier transform of ¥ (@)

In the DWT when the function F(t) is given in table form, the parameters are discretized and the coefficients and
integrals are represented approximately by sums [30]. DTW also applies series decomposition as a linear sum of
component series, by setting different parameters.

B. Random Forest

RF is among the most popular and effective ML methods. It is used for classification and regression. It was
proposed by Lio Breimen in 2001 in [31]. The RF model includes tens or hundreds of independent CART trees. For
each individual tree, the initial data sample is randomly divided into two parts - about 2/3 is used to train the model,
and the rest, called out-of-bag (OOB), is used for testing. When building the tree, a random subsample of the entire
set of predictors is selected to split the data at each node. RF trees are usually unpruned. The predictions of all
trees are averaged and the resulting ensemble model is obtained.

The RF hyperparameters are used to calibrate and stop the algorithm. The most important of them are: number of
trees, limits for the number of observations in parent and child nodes (m1:m2), number of randomly selected
predictors from all predictors of each splitting of a node. Lagged variables can also be used as predictors.

C. Arcing

Arcing (acronym for “adaptive resampling and combining”) is a class of ensemble algorithms using the boosting
paradigm. Arcing was introduced by Breiman in [32] in 1998, but its capabilities have not yet been sufficiently
explored. The general idea of boosting algorithms is to generate a sequence of multiple single but dependent
models of an ensemble. In Arcing, if we have already generated K single models, the next (K+1)th model is
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constructed with a new training dataset of initial size N from the original data by weighted random sampling. The
weight of each selected observation is calculated by a formula that takes into account its assigned weights from all
previous K models. The weight is greater for those observations that contributed to more error. For the case of
regression, the final model is grown by taking the average of all trees at one vector. The algorithm can be applied to
classification and regression, both for decision trees and ensembles of NN or other algorithms. Data can be of
numeric or string type. The main effect of arcing and bagging is to reduce both bias, variance and test error [32],
[33].

Arcing hyperparameters set at the beginning of the analysis are: number of trees, limits on the minimum number of
observations in parent and child nodes, method of validation for individual models (with k-fold cross-validation,
external sampling, and others).

In the current study, we apply the original variant of Breiman's algorithm, also known as Arc-x4 [32], implemented in
[24].

D. CART Ensembles and Bagging
The third ML method used for the generation of base models is a typical representative of the bagging class. It was
developed by Breiman in [34]. Unlike arced trees in the ensemble, the bagged trees are independent of each other.
In CART Ensembles and bagging (CEB), each single tree is constructed by resampling the dataset from the original

data, but without using weights. In other characteristics, the arcing and CEB algorithms have the same assumptions
and hyperparameters.

In this study, we will build the ensemble bagging models with CART trees, implemented in [24].
E. Stacking

The stacking paradigm implies combining at least three diverse models created with different algorithms. These
models are called base models or level 1 models [33]. At the next level 2, the base models are used as predictors to
build a new model, which is done with a different algorithm compared to the level 1 algorithms. It is possible to apply
several algorithms at level 2, after which, in turn, the resulting models can stack to level 3, and so on. The
procedure is carried out in order to obtain a new, more efficient model.

In this study, we will run averaging stacking twice: for wavelet models, and then for selected base models created
using RF, Arcing and CEB algorithms.

Model Evaluation

To evaluate the constructed models of time series Y Z{Yl,Yz,---’YN}, we use the statistical measures root mean

squared error (RMSE), mean absolute percentage error (MAPE), and coefficient of determination RZ, calculated by
the expressions:

1 N
RMSE = \/Wzt_l(vt -R)?,

@
100 <N |Y; =R,
MAPE = — LIS
N Zt=l Yt (5)
— — 2
o 0V -P)
Zthl(Yt_V) Zthl(Pt_E) (6)
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where P={R.P.... Py} Y. P are the mean values of the two time series, N is the sample

size.

is the predicted series,

We assess the adequacy of the models by diagnosing their residuals with analysis of the plot of their autocorrelation
function (ACF). In addition, the Durbin-Watson (DW) test for the absence of serial correlation in linear regression
will be used. The DW statistic takes values in the interval [0, 4], where a value close to 2.0 indicates a lack of
autocorrelation.

4. DESCRIPTION OF DATA

We will demonstrate the proposed methodology for data modeling for two air pollutants — NO2z and SOz in the city of
Plovdiv, Bulgaria. Plovdiv is the second largest city after the capital Sofia, with about 360 thousand inhabitants. It is
built around 7 hills in the south-central region of the country. The terrain is low flat, with an altitude of 164 m. The
climate is transitional-continental. The range of mean annual temperatures varies from -3°C in winter to 31°C in
summer. The average annual relative humidity is 73% and the average annual rainfall is 540 mm. In Plovdiv, weak
winds prevail (0 - 5 m/s), with winds of up to 1 m/s being up to 95% of the year. This is a prerequisite for the
retention of harmful concentrations of air pollutants, especially in the winter period.

The studied data for NO2 and SOz are on an average daily scale from 11 April 2021 to 24 March 2023 or in total for
N1=720 days. They were measured by Alphasense automatic monitoring station with optical sensors, located on
the roof of the new building of Plovdiv University. Four meteorological time series were also measured for the same
period: Temperature, Humidity, Pressure and Luminosity. We denote the relevant variables by NO2, SO2, Temp,
Hum, Press, and Lum.

The initial raw data had less than 10% missing values. They were replaced by the average known values for the
same dates measured in subsequent years.

To conduct the analyses, we divide all available N1=720 data into two parts. We will use the first part for N=713
days for a learning set, and the last 7 measurements - for validating the models and evaluating their forecasts.
Descriptive statistics of the data for N=713 are shown in Table I.

Table | shows that pollutant levels both for NO2 and SO. are problematic. The permissible average daily
concentrations for the European Union, Bulgaria, as well as for the WHO [6] for NO2 and SO: are

3 3
12049/M 20 062 ppm and 12549/ ™" =0.047 ppm, respectively. An excess of about 6 times was observed for
NO2 and 9 times for SO-.

Sequence plots of the pollutant's variables are shown in Fig. 2. An annual cyclicity is observed.

Table |. Descritive statistics of the used variables.

Statistics
Variable Std.

Mean Variance | Min Max

Dev.

NO2, 0.383 | 0.102 | 0.01 0.191 | 0.565
ppm
SO2, 0.420 | 0.018 | 0.0003 0.386 | 0.476
ppm
Temp, 16.24 |9.31 86.65 -3.03 35.29
°C
Hum, % | 59.40 | 19.26 | 370.89 22.16 | 100.00
Press, 995.83 | 6.91 | 47.73 975.46 | 1018.10

1362



International Journal of Membrane Science and Technology, 2023, Vol. 10, No. 4, pp 1357-1373

Pa
Lum, 3873 1719 | 2955626 | 176 7652
Luxe
06
o5
E
o 04
o
o
Qo 03
=
0z
01
— — _ — — — (%] [ (] o N} o (] (2] o
[ S LY BT, B L B N L S N
o > = o = (&] m (a4 > = (U] = (&) = [a
§ 285984823398 %+<
s s R gdc g8 Fegad
Date
(a)
0.48
046
50.44
(=3
80.42
w

0.40

038

11-APR-21
F1-MAY-21
20-JUL21
08-5EP-21
2B-0CT-21
17-DEC-21
0s-FEB-22
16-MAY-22
05-JUL-22
24-AUG-22
13-0CT-22
02-DEC-22
21-JAN-23
12-MAR-23

E 27-MAR-22
[1]

(b)
Fig. 2. Sequence plots of the pollutant’s variables: (a) NO2, (b) SO2.
5. RESULTS
We conduct the modeling and analyzes according to the proposed methodology and framework in section I1.
A. Wavelet De-noising

First, we will use the training sample with N=713 observations for de-noising with three different families of wavelets
— biorthogonal splines (B), Daubechies (D), and Haar wavelets (H).

The decomposition of time series Y in DWT is carried out by calculating its coefficients in stages or refinements of
the type illustrated in Fig. 3. The initial main signal Y is denoted by a0. First, it is decomposed into a sum of new
signal al and noise signal d1, then al is decomposed into sum of signal a2 and noise signal d2, etc. The number of
refinements depends on the choice of wavelet and the hyperparameters of the algorithm used. The final
decomposition after the r stage is:

Y=a +d +d,+..d, )

Fig. 4 shows the decomposition of DWT coefficients using biorthogonal spline of the NO2 using 4 refinements.
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Fig. 3. A tree view of decomposed DWT coefficients for =3,

100 200 300 400 500 600 700
Fig. 4. Wavelet list plot of decomposed DWT coefficients using biorthogonal spline (B).

After performing a DWT, an inverse transform is applied to recover the original data. In this procedure, the main
parameter is the threshold value for determining the accuracy of the extracted wavelet model. We denote this
threshold by th. In this research, we have applied an adaptive determination of the threshold value, comparing the

result with the ACF of the residuals of the wavelet model. Good results were obtained at values th =std, std/2, Std/?’,
and std4, where the std is the standard deviation of the original time series variable. We denote the selected
wavelet models (w-models) for NO2 at th=std/3 by B_NO2, D_NO2, and H_NOZ2, respectively for B, D and H DWT.
Their plots are given in the upper part of Fig. 5. Similarly, the lower part of Fig. 5 shows the graphs for SO2 at
th=std/4 as well.

The approximations obtained after the inverse DWT for both pollutants are very good and within the limits of the
ACF of their residuals. The corresponding statistical measures (4)-(6) and DW statistics of these models are given
in the upper rows of Table Il. DW is calculated by regression of a given model with the target Y. It is seen that the
DW statistics are close to 2, so there is no autocorrelation in the models.

Following the proposed methodology, we average the w-models with the expression

WY =(B_Y+D_Y+H_Y)/3 (g

where Y=NO2 or Y=S02. With this linear combination, the statistics of the averaged models were found to improve
over their composite models, as seen in Table II.

Fig. 6 shows the quality of fitting of the w-models to the measured data. Excellent correspondence is observed. In
particular, we should note that the combined w-models very well approximate the high and low values of the two
time series, as can be seen from Fig. 6.
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Fig. 5. Sequence plots of selected wavelet models for NO2 using the DTW: (a) biorthogonal spline (B); (b)
Daubechies (D); (c) Haar (H); and for SO2: (d) B wavelet; (e) D wavelet; (f) H wavelet.

Table Il. Performance statistics of the built models.

Statistics
Model

Cases | RMSE | MAPE | R2 DW

B_NO2 713 0.0139 | 3.08 0.982 | 1.875

D_NO2 | 713 0.0144 | 3.17 0.981 | 1.760

H_NO2 | 713 0.0132 | 2.95 0.984 | 1.914

B_SO2 713 0.0022 | 0.40 0.985 | 2.329

D_S0O2 713 0.0017 | 0.30 0.991 | 2.321

H_SO2 | 713 0.0018 | 0.33 0.990 | 2.176

wNO2 713 0.0106 | 2.36 0.990 | 2.055

wS0O2 713 0.0013 | 0.24 0.995 | 2.384

NA30 720 0.0106 | 2.26 0.990 | 2.033

NRF300 | 720 0.0112 | 2.42 0.990 | 1.935

NC30 720 0.0106 | 2.30 0.990 | 1.970

SA15 720 0.0042 | 0.74 0.945 | 1.889

SRF200 | 720 0.0041 | 0.73 0.943 | 1.791
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SC40 720 0.0040 | 0.70 0.952 | 1.854

S_NO2 720 0.0106 | 2.30 0.990 | 2.027

S_S02 720 0.0039 | 0.70 0.957 | 1.867
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Fig. 6. Comparison between measured data and w-models for: (a) NO2 and wNO2, (b) SO2 and wSO2.

The ACF of the residuals of the averaged w-models are shown in Fig. 7. Also from Table Il the DW statistics are
close to 2, so there is no autocorrelation. Also, as the residuals are small and almost within the confidence intervals,
we can conclude that the models are adequate.
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Fig. 7. ACF of the residuals of the selected w-models for: (a) NO2, (b) SO2.

B. Building and Evaluating of Base Ensemble Tree Models

The use of DWT was intended to remove the influence of noise in the raw data. When we aim to predict future
values of a time series, we need regression type models as well as predictors whose values are known in the
future. To evaluate the forecasts, we introduce the four meteorological variables described in Table I, with values up
to N1=720 observations. Model variables wNO2 and wSO2 were selected as target variables.

Multiple ensemble models were constructed with their hyperparameters varied as follows:

1. For RF (R): the number of trees in the ensemble were set to 100, 200 and 300; procedure for testing the
models — the OOB by default; number of randomly selected predictors — 2, 3, and 4; minimum cases in
terminal node — 5.

2. For Arcing (A) models: 20, 30, 40, and 50 trees in each ensemble model; m1:m2 = 10:5, 5:5; 10-fold cross-
validation.

3. For CEB (C) models - as for Arcing.

All models were evaluated according to criteria (4)-(6) for all N1=720 observations. The corresponding selected best
models are indicated by adding the number of trees to their name, for e.g. NR200, NA30, etc. Their remaining
parameters are further described in Table II.
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From the results shown in Table I, it can be seen that the models are improved in stages, following the developed
modeling framework (see Fig. 1). Finally, after the last step, the S_NO2 and S_SO2 models showed the best
statistics. The only exception was obtained for model NA30, whose MAPE = 0.26 is minimal. However, when
examining the ACF of the residuals, this model gives way to the stacked model S_NO2.

The forecasts for the last 7 test days for the three best ensemble models are illustrated in Fig. 8 along with their
confidence intervals. A relatively very good quality of the predicted values is observed. The quality of the NO2
forecasts is significantly better, most likely due to better statistics compared to SO2.
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Fig. 8. Forecasts of the selected base models for the last 14 days: to the left of the vertical line — for the last
7 days of the training sample, to the right - for the test sample: (a) for NO2, (b) for SO2.

C. Building and Evaluation of the Stacked ML Models

The last step of the proposed methodology is the stacking of the selected best base models from the previous
section. For this purpose, we averaged the resulting base models separately for NO2 and SO2. For NO2 the
sacked model S_NO2 is found by

S_NO2=(NA30+ NR300+NC30)/3 ©)

Analogically, we calculate the values of the stacked model for SO2, denoted by S_SO2 according to the formula
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S_SO2=(SAI5+SR200+SC40)/3 (10

The statistical indices of the two stacked models S_NO2 and S_SO2 are shown at the bottom of Table Il. The
comparison with the others shows that they improve the performance of all other models. For prediction of NO2 with
model S_NO2 we obtained coefficient of determination R2.=0.990 and MAPE=2.3%. With model S_SO2 we have
R?=0.957, RMSE=0.0039 and MAPE-0.70, respectively.

Fig. 9 presents a scatter-plot for comparing the values of the stacked models with the initial variables NO2 and
S02, supplemented up to N1=720 observations. Very good agreement with the measured data and small deviations
from the confidence interval are observed.

D. Forecasting the Test Sample Using the Stacked Models
The forecast values only for the last 7 days, saved for model validation, are shown in Fig. 10.

We can conclude that the proposed methodology and research framework are effective means of increasing the
performance of ML methods for modeling and forecasting air pollution.
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Fig. 9. Scatter plots of stacked: models versus measured pollutants’ variables: (a) for NO2, (b) for SO2.
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Fig. 11. Forecasts of the stacked models for the last 14 days: to the left of the vertical line — for the last 7
days of the training sample, to the right - for the test sample: (a) for NO2, (b) for SO2.

6. CONCLUSION

In this research, we developed a methodology and framework for time series modeling and forecasting based on
wavelet analysis and machine learning algorithms. We applied three DWTs for de-noising the initial time series. We
averaged the obtained w-models, which resulted in an increase in performance.

Prediction on a test sample was carried out with three ensemble tree methods — arcing, random forest and
ensemble bagging. One best ML model from each of the three approaches was selected. The results were again
stacked to a new improvement. All models are validated and tested for autocorrelation. The methodology was
applied for modeling and short-term forecasts for two air pollutants (NO2 and SO2).

The proposed and demonstrated approach showed great ability for statistical research of complex time series from
the field of environmental science.
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