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Abstract. Better methods of forecasting the concentrations of air pollution are
important in developmental of sound policies and decisions at a time when
environmental concerns and the need for mitigating climate change has become
important. This paper describes how climate pollution can be predicted from
climate data streams by the integrated design of GCNs and EEMD with PSO.
The ability of the PSO-EEMD-GCN model to predict the said six major air
pollutants: PMa.s, PMio, CO, NO2, O3, and SO2. Closely, the effectiveness of the
current model is assessed with aid of vital parameters including RMSE, MAE,
MSE, MAPE, and R-Squared. Drawing from the evaluation results, success
reveals that PSO-EEMD-GCN is an efficient predictive model for climate
pollution. For the Chinese consumers, the “Willingness to Pay Model” budget
accuracy is 23, stated in terms of RMSE. 92 and an MAE of 16. The high
correlation means explains why the correlation coefficients for SO2 and PMio are
much higher for the rural areas, and the low RMSE means that is why the RMSE
for the total values is 86 for PMio, but an RMSE of 17. As for the MAE, we
analyzed data derived from 85 state examination results and attained an average
of 65 and an MAE of 11. 71 for PMas. The values of the model also show the
practical significance with RMSE of 0. 28 and the MAE is 0. 16, which proves
that it is appropriate at predicting the CO levels. Even for ozone (O3), which is
considered as the most challenging chemical, the predictor gives a pretty good
RMSE of 16.09 and an MAE of 12.17 and nitrogen dioxide with an Root Mean
Square Error (RMSE) of 11.24 and an MAE of 7.50. It is seen that for sulfur
dioxide (SO2) forecasts the error metrics are higher but the system remains
predictive. Therefore solving, the PSO-EEMD-GCN model has shown great
promise in being a helpful tool for forecasting climate pollution.
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1 Introduction

During the present generation where technology is rapidly developing, coupled with
the increased rate at which data is being produced, the application usage of time series
forecasting is becoming increasingly significant in almost all fields. Examples of time
series include stock prices, temperature, or the amount of product sold at a particular
time; a time series is defined as a series of data points that are recorded at a given
time [1]. Thus, the specific aim of time series forecasting is to identify future trends
and patterns from historical data in order to support decision making. Although, due
to the general properties of time series data as being stochastic and non homogeneous
in most cases, additional challenges arise and to overcome these complex time series
data requires the use of more statistical and machine learning algorithm to arrive at
valid prediction models [2][3]. The data here has a lot of complexities which include;
seasonal variations, cyclic trends and normally considered as noisy data and this has
to be managed to be able to predict future trends.

More specifically, deep learning has appeared in the last few years as revolutionary
methodology able to build multilevel representations for the initial input data through
combining the simple nonlinear modules [4]. Thus, each module of deep neural
networks improves representation by taking it to a higher level of abstraction. Such
repeated transformations help in effectively capturing as many features as possible
from the input data, this is according to deep learning [5]. Deep learning is used in
multiple fields of natural language processing [6], speech recognition [3], and even
computer vision [4], [5]. This results in traditional forecasting methods formulating
ineffective strategies and plans seeing that they are unable to adequately analyze the
specific characteristics of time series [7][8]. To this end, the present paper presents a
new predictive model work based on deep learning technique in combination with
signal decomposition and parameter optimization to improve the quality of prediction
in time series context. It also enables comprehensive learning of sequence data
features over the interval length of the sequence data itself. Our key contributions
include:

1. Presenting a new forecasting model based on deep learning and parameter
optimization with a new signal decomposition approach.

2. Employing EEMD method to analyse the obtained data which in turn scales
down the complexity of the data. Subsequently, utilizing GCN for the determination
of data features and optimization of the model parameters with the help of PSO
algorithm to enhance the prediction capability of the model.

3. More specifically, the model is tested and the prediction accuracy and stability
are examined by performing experiments on a meteorological dataset of Hubei
Province.

Finally, the proposed model has great potential to further enrich the field of time
series forecasting as the data set can be substantially non-linear and non-stationary.
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2 Related work

When delving into the realm of time series prediction, three primary avenues of
exploration emerge: mathematical methods, artificial algorithms, and combinations of
the two. The widening of the search goes from the standard and the incorporation of
the machine learning augmenting a vast deep learning array. Signal decomposition as
a preliminary step followed by time series prediction, gives a holistic approach to the
prediction of time series data. However, in the earlier periods during the time series
forecasting research, statistical approaches formed the basis. Other scholars such as
Fong L C et al. [9] and Khan MM et al., [10] applied the ARMA model in the
determination of short-term rainfall and tourist demand. Further development of the
field led to the migration to the ARIMA model used by Chen B & Wu J. [11] for air
transportation demand and Tehrani S et al. [12] for electricity price prediction.
Nevertheless, statistical models are not always effective to handle time series
problems even the AM model has achieved many significant success factors [13].

In the cases of non-linear data extraction, Malvoni et al. [14] established that SVM
can be used to predict photovoltaic power generation, as well as the fluctuations in
stock prices. Therefore, using the power of Fitting of Complex data with Artificial
Neural Networks (ANN) S V Lakshminarayana et al. [15] predicted well for rainfall.
Machine learning, particularly deep learning is today’s most widely embraced
technique because of its ability to handle complex trends in data. Other types of
neural networks include Recurrent Neural Networks (RNN) and the modified
optimized versions of the same, including Long Short-Term Memory (LSTM)
Networks, which have been proved to be very successful in many time series tasks, as
reenacted by Y Tian & L Pan [16] for traffic flow prediction. Even more, relatively
new directions of signal decomposition, such as EMD, have been complemented by
their modifications, as well as integrated with machine learning approaches, and have
improved the predictive ability of models even further. For example, Chen N et al
present a WEF system by applying EMD and SVM [17], while Zhao Z et al [18]
utilizes VMD with CNN and GRU for feature extraction and modelling.

Over the course of the last years, the interest in the usage of ensemble approaches
for time series forecasting has risen steadily. These models usually incorporate signal
analysis and predictability where tools like EEMD and VMD are used. For instance,
Qin Q et al. employed EEMD in conjunction with LSTM to forecast wind speed
[19][20] and Y Qiu et al. used EEMD with Graph Convolutional Networks, for
precipitation estimation [21]. These kinds of mixed models have shown better
performances over single measure models, thereby implying that by integrating signal
decomposition with a more progressive machine learning machinery, the considerably
challenging characterization of time series’ might just be possible.
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3 Method

3.1 PSO-EEMD-GCN

Therefore, this study put forward the model of EEMD signal decomposition approach
and the GCN deep learning technology and the Particle Swarm Optimization
Algorithm to obtain high precision in predicting the time series data. Time series data
is complex inherently because of high level of noise, nonlinearity and non-
stationarity. With help of this approach, EEMD separates these series into several
Intrinsic Mode Functions (IMFs), that enhances decomposition’s capability to reveal
periodicity and local properties. With this decomposition, a more refined knowledge
of the multitude of frequency components in the data becomes feasible. GCNs are
quite effective in capturing complex relation between nodes (data points) of a time
series when the data is graph structured. Therefore, from the viewpoint of the data
structure, GCNs provide a comprehensive view of the adjacency relationships while

acquiring information.
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The PSO is also helpful in model parameter fine-tuning since this algorithm cyclically
searches for values that optimize the expected performance by fine-tuning the model
to the data being used.

The modeling process consists of the following specific steps: The modeling
process consists of the following specific steps:

1. To apply EEMD, decompose raw time series data into IMF components.

2. By employing these components of the IMF as input features to the introduced
Graph Neural Network.
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3. Evaluating and assembling a model, where information is obtained, intrinsic
connections are determined, and prospective results are forecasted with the help of a

Graph Neural Network.

4. As a measure to improve the accuracy of the forecast, the Particle Swarm

Optimization (PSO) of model parameters will have to be done.
The structure of the entire proposed model is illustrated in figure 1.

4 Results

The performance measure of the different models that were built to predict the
concentration of the air pollutants with the help of PSO, EEMD, GCN is depicted in
figure 2. Air pollutants which have been considered in this study entails PMa.s some
which include 5, PMio, CO, NO2, O3 as well as SO.. Also, it highlights the Root Mean
Square Error (RMSE), which shows the quantity of the prediction error of the model

in question, where the lower amount here is preferable.
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Fig. 2. The flow chart of the proposed model
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For instance, the difference between the predicted and actual numbers manifested in
RMSE is relatively low for PMzs in the PSO-EEMD-GCN model is 17.650768, of
which the figure indicates moderate prediction errors. The Mean Absolute Error
(MAE), another measure of accuracy, averages the absolute differences between
predicted and actual values, with lower values being preferable. The CO model's
MAE of 0.162368 indicates relatively accurate predictions. Mean Squared Error
(MSE) penalizes larger errors more heavily and, like RMSE, prefers lower values.
The O; model's MSE of 258.797242 reflects significant prediction errors. Mean
Absolute Percentage Error (MAPE) expresses the error as a percentage, with lower
values being better. The CO model's MAPE of 20.138403 suggests predictions are off
by about 20% on average. R-squared (R?) measures how well the model explains the
variance in the data, ranging from 0 to 1. The NO2 model's R? of 0.530644 indicates it
explains 53% of the variance in NO2 concentrations.

The Mean Absolute Error (MAE), an accuracy measure, is the mean of the
absolute differences between the predictions and the actual values and is preferred at a
lower value. Autonomy’s CO model’s MAE was a little higher at 0.162368 is
regarded as moderate and close to the real situation of predictions. Mean Squared
Error (MSE) also discourages larger errors and like RMSE — the lower the better. At
that time the O3 model still has the lowest MSE of 258.797242 In the present analysis,
Mean Absolute error is another commonly used measure of accuracy to denote the
error in terms of the percentage and it is calculated by dividing the mean by hundred.
On the average, the CO model has an average absolute percentage error (MAPE) of
20% regarding the number of retail outlets 20.138403 implies that predictions are
quite off by approximately 20% on the average. Adjusted R-squared tests for the
goodness of the model concerning the variance of the data and obtains its maximum
value of one. The NO? model’s R?, arrived at through 250 iterations of steepest
descent, is 0. Analyzing the correlation for 0.530644’ it shows that it accounts to 0.53
meaning that it can explain 53% variation in NO; levels.

5 Conclusion

This research work has therefore brought a positive change in the advancement of
environmental science especially in the climate pollutant prediction. To this end,
PSO, EEMD, and GCN are combined innovatively for the development of a robust
model for predicting air pollutant concentrations. The proposed PSO-EEMD-GCN
model performs well in the prediction of levels of main air pollutants including PMas,
PMiy, CO, NO2, O3, and SO: of the study area data and evaluate the model’s
performance using four statistical measures, RMSE, MAE, MSE, and MAPE, as well
as a statistical significance test and R-squared coefficient. By using the findings of
this model’s reliability, one can conclude about its progressive applicability as the
tool for environment monitoring and decision-making in air quality regulation,
strengthening the predictive qualities that are necessary for effective problem-solving.
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