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Abstract

Air pollution is a particularly important problem in most countries right now because of its terrible effects on
both the environment and human health. Big cities are most impacted because of the country’s quick industrial
and economic development. In this paper, the authors proposed various regression model for the prediction of
air quality including decision tree regressor, MLP regressor, SVR, random forest regressor, and K-Neighbors
regressor. The air quality dataset, in Itally cities, is used for training and evaluation the proposed model. The
results show that there is a decrease in RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI when compared to
the traditional methods.
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1 introduction

Air is one of the basics of life for any living creature and it is indispensable. Thus, air quality plays an important
role in human health. In urban areas and cities, the air pollution is increase due to the rapid development of
the world economy and the acceleration of industrialization. The air pollution has a huge impact on human
live [1]. Generally, the pollution is divided into two types: (1) natural pollution because of volcanic eruptions
and forest fires resulting in emission of SO2, CO2, CO, NO2, and sulfate as air pollutants and (2) man-made
pollution because of some human activities such as burning of oils, discharges from industrial production
processes, and transportation emissions that have PM2.5 as its major air pollutant [2] which has received
much attention due to their destructive effects on human health, other kinds of creatures, and environment [3].
To make an environment suitable for human health, air pollution must be decrease. Recently, the prediction
of air quality represents a big challenge due to this pollution. There are several approaches to predict air
pollution such as physical prediction approaches and mathematical prediction approaches [4]. The physical
prediction models are based on aerodynamics, atmospheric physics, and chemistry to study pollutant diffusion
mechanism [5], and use mathematical equations to compute the spatiotemporal distributions of pollutants
[6, 7]. The mathematical prediction models are based on statistics and use historical time series data to predict
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future air quality [4]. The mathematical prediction approaches can be imprecisely divided into three traditional
classes: (1) statistical forecasting methods, (2) artificial intelligence methods, and (3) numerical forecasting
methods [8]. There are a variety of machine learning algorithms in air pollution forecasting applications such
as multiple linear regression model [9], Neural Networks algorithm [1], Fuzzy logic algorithm [10, 11] and
Support Vector Regression [12, 13].

In this proposed approach, five different regression models which include regression models such decision tree
regressor, Multi-Layer Perceptron Model (MLP) regressor, support vector regression (SVR), random forest
regressor, and K-Neighbors regressor to build five model have been implemented to predict air quality. Also,
the proposed have been evaluated using statistical metrics such as Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), Mean Square Error (MSE), Root Mean Square Error (RMSE), and R2. Results
show the achievement of better performance with decreased error rate when compared to traditional prediction
models.

2 Related Works

There are prediction models that presented in air pollution forecasting applications. In this section we present
some work in air quality prediction.

Bai Heming [14] used the neural networks to predict forecasting PM10 values and Air Quality Index. The
Markov chain stochastic process and VAR-NN-PSO were used by Caraka et al. [15] to predict PM2.5. For
the datasets collected in Chaozhou and Pingtung from January 2014 to May 2019, it is possible to categorise
PM2.5 according to its higher likelihood of passing through the lower respiratory tract into no risk (1–30),
medium risk (30–48), and moderate risk (¿49). The work [16] reported a spatial ensemble model to predict
PM2.5 for the Beijing railway station, but it is not reliable for other locations. Zhang et al. [17] presented
a model to predict PM2.5. The model is trained and evaluated using the historical datasets and predictive
datasets. They used different metrics such as Symmetric Mean Absolute Percentage Error (SMAPE), MAE,
and RMSE.

Kim et al. [18] utilized deep learning methods to build model for predicting respiratory disease risk. They
also studied the effects of the indoor PM2.5 pollutant. The artificial neural network used by Xiao et al. [19] to
estimate daily average PM2.5 concentrations was improved by incorporating air mass trajectory analysis and
wavelet modification.

Deters et al. [20] and Sallauddin et al. [13] compared a machine learning algorithm to BT, L-SVM [21], and
ANN regression models in order to predict PM2.5 concentrations using wind direction, speed, and rainfall
levels in Belisario and Cotocollao over a period of six years. The strong correlation between estimated and
actual data for a time series analysis during the wet season confirms a more accurate prediction of PM2.5 when
the climatic conditions are becoming more hazardous or when there are high levels of precipitation or strong
winds. Beelen et al. [9] developed a multicenter cohort study in Europe in order to investigate the positive link
between PM2.5 concentration and heart disease mortality over a long period of exposure to PM2.5. To predict
PM2.5 time series data and other pollutants in seven locations for just 48 hours using real-time Taiwan and
Beijing datasets, Soh et al. [22] acknowledged the data-driven model ST-DNN.

The performance and time complexity of the air pollutant prediction models were enhanced and the time
complexity was decreased by Heni et al. [23] and Li et al. [24] using multivariate multistep time series
prediction with random forest models. Zhao et al. [25] and Ni et al. [26] used a multivariate linear regression
model to achieve short period prediction of PM2.5. The parameters included data on aerosol optical depth
obtained through remote sensing and meteorological factors from ground monitoring temperature, relative
humidity, and wind velocity. In [12], a deep learning model comprised of a recurrent neural network with
long-short-term memory is used to forecast local 8-hour averaged surface ozone concentrations for 72 hours
based on hourly air quality measurements. Meteorological data measurements were also used as a tool to
forecast air pollution values with a lower error rate.

Ameer et al. [27] compared decision tree, random forest gradient boosting, and ANN [28] multilayer percep-
tron regression with respect to error rate and processing time for forecasting air quality in smart cities based
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Figure 1: Regression model for the air quality prediction.

on the effects of PM2.5 during the past 25 years. In order to anticipate air quality through data exploration in
three monitoring areas in Wuhan City with high accuracy, Lin et al. [11] suggested a novel approach based on
a cloud model granulation technique.

3 Methodology

In this work, the regression model are used to predict the air quality. We five regression models including
decision tree regressor, MLP regressor, SVR, random forest regressor, and K-Neighbors regressor. Figure 1
represents the overview of regression model for predicting the air quality. It comprises three levels: a) the first
level includes data pre-prospecting and feature extraction; b) the second level he second layer contains five
different regression models which are used to predict the air quality along with its working principle; c) the
last level consists of certain steps like training and testing models and evaluation, and then the final step for
prediction.

3.1 Data Pre-processing and Feature extraction

The data were preprocessed to remove the missing and unwanted data to obtain a cleaned datasets. Then, the
features are extracted from the cleaned data to obtain the best features for training models.

3.2 The proposed models

We proposed decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors regressor
to build five model. We give a brief overview for these method as follows.

Decision Trees. In order to classify or predict data, decision trees use a tree-like model of decisions and
their outcomes. A classification tree and prediction both benefit from the use of a decision tree (regression
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tree). Because it is less reliable than a random forest regression, a single regression tree may not be able to
forecast complex situations (RFR). RFR is the most often used decision tree-based model as it is an ensemble
of regression trees [29, 30, 31].

Multi-Layer Perceptron Model. The Multilayer Perceptron (MLP) is a feed forward neural network type
that is used for predicting air pollution because of its capacity to create highly complex nonlinear models. The
MLP begins when the network receives the interested input parameters. These input parameters produce input
signals, which are transmitted across the network starting from the input layer to the hidden layer and then the
hidden layer to the output layer. The weights, which are a real numerical amount, are multiplied by the scaled
input vector that the input layer’s neurons introduce [32, 33, 34].

Support Vector Regression. One of the uses of support vector machines (SVM), which were initially in-
troduced in 1954, is support vector regression (SVR). The fundamental concepts of SVM are structural min-
imization and statistical learning theory. The primary goal of the kernel function is to convert data from
a low-dimensional to a high-dimensional space, which transforms data from a nonlinear to a linear feature
space. Radial basis functions, linear basis functions, and polynomial basis functions are the typical kernel
functions that can be employed in SVR [35, 36, 37].

Random Forest. An ensemble learning-based machine learning technique called random forest (RF) can be
utilized for both classification and regression problems. The supervised machine learning algorithms category
includes it. In order to create the random forest architecture, a group of trees are built in parallel using the
bagging technique, which is the fundamental approach utilized in random forests. The random forest’s trees
are constructed, but there is no interaction between them. This method’s training phase involves building a
large number of decision trees that may be applied to either classification or regression. The result of random
forest in regression problems is the average forecast made by each tree. Therefore, the prediction using random
forest is considered a combination of the multiple predictions achieved by the constructed decision trees [38?
].

k Nearest Neighbors. One of the most popular machine learning algorithms is the k Nearest Neighbors (kNN)
technique. It has categorization applications. Machine learning uses statistical and mathematical techniques
to draw conclusions from available data. An algorithm for non-parametric learning is kNN. The k nearest
neighbors algorithm groups new cases according to distance function criteria and saves all of the current
cases. The data used for training is memorized rather than learned. The algorithm’s operation results in the
determination of a k value. The number of components to consider is k. The distance between the value
and the closest k element is determined when a value is reached. The instance is merely given to its closest
neighbor if k is 1. The best k numbers historically ranged from 3 to 10 for the majority of data sets. For
calculating distances, the Euclidean function is typically used. Alternatives to the Euclidean function include
the Manhattan, Minkowski, and Hamming functions [39].

The Proposed Ensemble Model. After optimizing the parameters of each regression model in the proposed
ensemble, these optimized models are integrated into a unified ensemble. This ensemble consists of five
regression models including Decision Tree Regressor, MLP Regressor, SVR, Random Forest Regressor, and
KNeighbors Regressor. The output of the ensemble model is the optimal predicted value that best matches the
input features of the air quality.

3.3 Regression Model Training

After feature extraction step, the features represent the data training for models. Five separate models were
subsequently created for testing and training. In order to deploy the models, you must first confirm the predic-
tion value range. If necessary, you should then forecast if the air quality levels are satisfactory or good; if not,
the models and datasets need to be improved once more.

3.4 Evaluation

The most popular evaluation criteria are the correlation coefficient (R2), Mean Absolute Error (MAE), Root
Mean Square Error (RMSE) and Relative Absolute Error (RAE). The R2 value shows the fitting degree of
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Table 1: The results of the regression model

Model RMSE MAE MBE R R2 RRMSE NSE WI
Decision Tree 0.072 0.055 -0.0099 0.9491 0.9008 18.208 0.8988 0.8612
Multi-layer Perceptron 0.055 0.0408 -0.0074 0.9713 0.9435 13.8316 0.9416 0.8973
support vector regression 0.0489 0.03904 0.0095 0.9776 0.9558 12.29 0.9538 0.9019
Random forest 0.1051 0.0805 0.0008 0.8878 0.7882 26.43 0.7867 0.7976
K-nearest neighbors 0.0470 0.0347 0.0041 0.9787 0.9578 11.81 0.9573 0.9127

regression, MAE represents the difference between predicted and actual values, RMSE focuses on the impact
of extreme values based on MAE, while RAE calculates the variance of a model when comparing the per-
formance of different models. As MAE and RMSE depend on the scale of the data that’s why RAE can be
extremely helpful when comparing different data with different scales. The R2, MAE, RMSE and RAE are
calculated by using Eqs. 1 to 4, respectively.

R2 = (

∑
i[(xi − x)(yi − y)]

[(
∑

i xi − x)2(
∑

i yi − y)2]]
1
2

)2 (1)

MAE =
1

n

n∑
i=1

|yi − xi| (2)

RMSE = [
1

n

n∑
i=1

(yi − xi)
2]

1
2 (3)

4 Experimental Results

4.1 Dataset

The dataset includes 9358 examples of hourly averaged responses from a group of five metal oxide chemical
sensors that are built into an Air Quality Chemical Multisensor Device. The device was situated on a field
at road level in a heavily polluted area of an Italian city. Data were collected from March 2004 to February
2005 (a period of one year), making it the longest free recording of responses from on-field installed chemical
air quality sensor devices. A co-located reference certified analyzer supplied Ground Truth hourly averaged
readings for CO, Non Metanic Hydrocarbons, Benzene, Total Nitrogen Oxides (NOx), and Nitrogen Dioxide
(NO2).

4.2 Results and discussion

We evaluate the proposed models based on the air quality dataset of polluted area in Italian city. The metrics,
that are presented in subsection 3.4, are used to evaluated the proposed model. The results of the proposed
model been shown in Table 1.

As shown in Table 1, we note that the experimental results enhance the results. It is further observed all the
five models produce good results.

In terms of RMSE for the proposed models, the results that are obtained 0.0724, 0.0550, 0.0489, 0.1051, and
0.0470 for decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors regressor,
respectively. We observe that the KNeighbors regressor model achieved the best results.
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Table 2: The results of the ensemble model

Model RMSE MAE MBE R R2 RRMSE NSE WI
Average Ensemble 0.0535 0.0399 -0.0005 0.9735 0.9478 11.81 0.9446 0.8997
Ensemble using KNN regressor 0.0353 0.03339 0.0031 0.9801 0.9606 11.38 0.9604 0.9161

In terms of MAE for the proposed models, the results that are obtained 0.0552, 0.0408, 0.0390, 0.0805, and
0.0347 for decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors regressor,
respectively. We observe that the KNeighbors regressor model achieved the best results.

In terms of MBE for the proposed models, the results that are obtained -0.0099, -0.0074, 0.0095, 0.0008, and
0.0041 for decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors regressor,
respectively. We observe that the random forest regressor model achieved the best results.

In terms of R for the proposed models, the results that are obtained 0.949108996220673, 0.9713, 0.9776,
0.8878, and 0.9787 for decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors
regressor, respectively. We observe that the KNeighbors regressor model achieved the best results.

In terms of R2 for the proposed models, the results that are obtained 0.9008078867070135, 0.9435, 0.9558,
0.7882, and 0.9578 for decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors
regressor, respectively. We observe that the KNeighbors regressor model achieved the best results.

In terms of RRMSE for the proposed models, the results that are obtained 18.20, 13.83, 12.29, 26.43, and
11.81 for decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors regressor,
respectively. We observe that the KNeighbors regressor model achieved the best results.

In terms of NSE for the proposed models, the results that are obtained 0.8988, 0.9416, 0.9538, 0.7867, and
0.9573 for decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors regressor,
respectively. We observe that the decision tree regressor model achieved the best results.

In terms of WI for the proposed models, the results that are obtained 0.8612, 0.8973, 0.9019, 0.7976, and
0.9127 for decision tree regressor, MLP regressor, SVR, random forest regressor, and KNeighbors regressor,
respectively. We observe that the KNeighbors regressor model achieved the best results.

Two experiments of ensembles are conducted in this work including average ensemble and ensemble using
K-Neighbors Regressor. These models are evaluated based the RMSE, MAE, MBE, R, R2, RRMSE, NSE,
and WI metrics as shown in Table 2.

The average ensemble yielded the results of RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI by 0.0535,
0.0399, -0.0005, 0.9735, 0.9478, 11.81, 0.9446, and 0.8997, respectively. While ensemble using K-Neighbors
regressor achieved the results of RMSE, MAE, MBE, R, R2, RRMSE, NSE, and WI by 0.0353, 0.0333,
0.0031, 0.9801, 0.9606, 11.38, 0.9604, and 0.9161.

5 Conclusions

In this paper, we proposed the regression models to predict the air quality including decision tree regressor,
MLP regressor, SVR, random forest regressor, and K-Neighbors regressor. The average ensemble and ensem-
ble using K-Neighbors Regressor are used for evaluation the proposed models. We used MSE, MAE, MBE,
R, R2, RRMSE, NSE, and WI metrics to evaluate the proposed regression models and ensemble models. The
KNeighbors regressor model achieved the best results for RMSE, MAE, R, R@, RRMSE, and WI. While the
random forest regressor model achieved the best results for MBE. The decision tree regressor model achieved
the best results for NSE.
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