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Abstract

In recent years, the atmospheric pollution in most metropolitan cities has become a
crisis and the necessity of air quality forecasting has increased. Among different air
pollutants, PMy 5 is considered as the major air pollutant in urbanized regions,
especially because of serious harmful health effects on human being. So, there is an
urgent need to develop air quality forecast programs capable of providing accurate
predictions over a long firture horizon. Predicting PM, 5 concentrations for several
steps ahead of time is of great interest, especially in decision-making related to
control policies and emergency measures such as traffic limitations, school closures,
or temporarily shutting down major polluting industrial units. In this paper,
commonly used multi-step ahead prediction strategies, including Recursive (Rec),
Direct (Dir), Direct-Recursive (DirRec), Multi-Input Multi-Output (MIMO) and
Direct-MIMO (DIRMO) along with Autoregressive integrated moving average with
exogenous variables (ARIMAX) and Multi-Layer Perceptron (MLP) modelling
techniques are examined. Also, the independent variables are considered as time

series variables and are forecasted using ARIMA/MLP model in order to be used for
prediction of the dependent variables in multi-steps ahead of time. The
experimental study is performed using PM; 5 data in Mashhad, Iran. Daily PM; 5
forecasts for this city is provided for the next 10 days. Four different feature
selection methods are also implemented and compared. The results indicate that
recursive strategy with LASSO feature selection in ARIMAX model overcomes in

most of time steps.
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Abstract

In recent years, growing air pollution has become a significant issue due to its
detrimental effects on the environment and different living organisms. Providing
accurate and reliable forecasts of air quality over a long future horizon is an effective
way to mitigate health risks. In this paper, the problem of urban PM2.5 forecasts for
several days ahead is considered. An ensemble multi-step-ahead forecasting system
1s introduced for this problem, which combines different multi-step-ahead
strategies (including single-output and multi-output approaches). The proposed
hybrid framework consists of three parts. In the first part, the Ensemble Empirical
Mode Decomposition (EEMD) technique is combined with a prediction tool and
multi-step-ahead strategies. Boosting idea is considered in the second part of the
algorithm. Finally, the stacked ensemble of boosted hybrid structures is developed
to provide the final multi-step-ahead forecasts. Least Square Support Vector
Regression (LSSVR), and Long Short-Term Memory neural network (LSTM) are
employed as the prediction tools in the proposed hybrid framework. Through real
PM2.5 data examples from Mashhad, Iran, the proposed ensemble model is
investigated for 1-day-ahead to 10-days-ahead. The results reveal the effectiveness of
the ensemble model in comparison with the multi-step-ahead strategies in all time-
steps. The proposed model with LSSVR prediction tool shows the smallest mean
RMSE, MAE, and MAPE values of 7.810, 5.562, and 18.104% over all time-steps, and
RMSE improvement rates of more than 35% compared to simply combining
different multi-step-ahead strategies with LSSVR approach.



Abstract

Fine particulate matter is one of the major air pollutants in urban areas, which

Atmospheric Pollution Research
Volume 11, Issue 9, September 2020, Pages 1645-1656

adversely affects people’s health and is considered as a serious threat to the society.
Effective prediction of this pollutant can provide information for sensitive people to

avoid or reduce outdoor activities and on the other hand can help regulators for

efficient decision-making related to precautionary measures. This paper develops a
novel hybrid algorithm for multi-step-ahead prediction of PM2.5 in which two
challenges of forecasting in real applications has been taken into account. First, the

MU].ti = s t e p - all e a d p I‘ e di Cti O Il 0 f ﬁll e P artic‘lll at e challenge of employing decomposition techniques in practice is addressed.

Different real-time approaches have been explored and compared in
- = - x> decomposition-based and noise-removal-based frameworks. Also, a real-time
matter considering real-time decomposition decomposition-based and n based framenorks. AL e
pproach which combines feature selection and noise-removal-based technique 1s
implemented in the framework of the proposed algorithm. The second challenge is

te Chnique S aI]. d unc e rtaillty O f ]..I].Pl.lt Variab].e S the lack of access to real values of meteorological parameters, as influential

predictors, in practical cases and use of forecasted values instead. To address the

uncertainty in model inputs, Monte Carlo simulation is employed in the framework
of the proposed algorithm. Probabilistic forecasts of the proposed algerithm output

a distribution of the predicted values for a given time-point which can be used to

Ida Kalateh Ahani, Majid Salari & &, Alireza Shadman
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calculate prediction intervals and probability of exceeding PM2.5 warning
threshold. These results provide valuable information for decision-makers and
+ Add to Mendeley <9 Share 93 Cite regulators to take precautions and put control measures in place. According to the
results, if a public alert is issued on days with at least 509 probability of exceeding
PM2.5 warning level, it is observed that in 76.88% of days the algorithm indicates a
correct warning for 1-day-ahead prediction which decreases to 55.00%, 41.25% and
37.50% for 2-days-ahead to 4-days-ahead forecasts.
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PartI: Combination of multi-step-ahead strategies with EEMD
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