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Abstract: To comply with the United Nations Sustainable Development Goals (UN SDGs), in particu-
lar with SDG 3, SDG 11, and SDG 13, a reliable air pollution prediction model must be developed to
construct a sustainable, safe, and resilient city and mitigate climate change for a double win. Machine
learning (ML) and deep learning (DL) models have been applied to datasets in Macau to predict
the daily levels of roadside air pollution in the Macau peninsula, situated near the historical sites of
Macau. Macau welcomed over 28 million tourists in 2023 as a popular tourism destination. Still, an
accurate air quality forecast has not been in place for many years due to the lack of a reliable emission
inventory. This work will develop a dependable air pollution prediction model for Macau, which is
also the novelty of this study. The methods, including random forest (RF), support vector regression
(SVR), artificial neural network (ANN), recurrent neural network (RNN), long short-term memory
(LSTM), and gated recurrent unit (GRU), were applied and successful in the prediction of daily air
pollution levels in Macau. The prediction model was trained using the air quality and meteorological
data from 2013 to 2019 and validated using the data from 2020 to 2021. The model performance
was evaluated based on the root mean square error (RMSE), mean absolute error (MAE), Pearson’s
correlation coefficient (PCC), and Kendall’s tau coefficient (KTC). The RF model best predicted PM10,
PM2.5, NO2, and CO concentrations with the highest PCC and KTC in a daily air pollution prediction.
In addition, the SVR model had the best stability and repeatability compared to other models, with
the lowest SD in RMSE, MAE, PCC, and KTC after five model runs. Therefore, the results of this study
show that the RF model is more efficient and performs better than other models in the prediction of
air pollution for the dataset of Macau.

Keywords: air pollution prediction; machine learning; deep learning; air quality; sustainability;
sustainable development

1. Introduction

Air pollution is a trending topic due to repeated disturbances and its adverse effects
on human health. Air pollution from human activities includes emissions from industrial
factories, cars and motorcycles, airplanes, and the burning of biomass, coal, kerosene, and
aerosol cans [1]. Dangerous air pollutants, including CO, CO2, PM, NO2, SO2, O3, NH3, and
Pb, are emitted into the atmospheric environment daily [1]. The World Health Organization
(WHO) showed that air pollution is responsible for around 7 million premature deaths
annually [2]. It also leads to other devastating outcomes, such as acidic rain, climate change,
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and smog [3,4]. One of the most critical parameters directly correlated with air pollution is
NO2, released primarily from diesel and gasoline engines during road transportation [5,6].
NO2 was the most reactive pollutant emitted during the Industrial Revolution and is closely
related to anthropogenic activities [5]. In addition, the air pollution level is significantly
affected by various weather variables, such as atmospheric pressure, temperature, humidity,
solar radiation, wind direction, and wind speed [7].

Air pollution has led to different forms of mortality, such as pneumonia [8,9], heart
stroke [8,9], ischemic heart diseases [8,9], chronic obstructive pulmonary disease (COPD) [9,10],
and lung cancer [9,10]. Nevertheless, air is a fundamental element for sustaining life and
is polluted by both anthropogenic and natural factors; approximately 80% of cities world-
wide and 90% of cities in middle-income countries exceed the recommended WHO air
quality guidelines [11,12]. Accurately predicting air pollutants and identifying pollution
trends can help scientists investigate effective emission control policies [11]. Likewise, air
pollution negatively impacts the economy and human health; many countries encounter air
pollution along their development path [13]. Epidemiological and experimental evidence
shows PM2.5 to be closely related to respiratory [13–15] and cardiovascular morbidity
rates [16–18], lowering life expectancy [19,20] and increasing threats to public health even
at a low concentration level [21–23]. Therefore, a highly accurate prediction model is much
needed; traditional statistical models are frequently applied in the forecasting of air pollu-
tant concentrations in different countries, including China and the USA [24–29], but these
models have an issue of over-simplification and have challenges in capturing the nonlinear
interaction relationship between multiple variate factors and pollutant concentrations [30].

A previous systematic review by Essamalali et al. [31] focused on supervised learning
algorithms such as LSTM, RF, ANN, and SVR as instruments for a cleaner and healthier
environment and on accurately forecasting key pollutants, such as PM, NOx, CO, and O3,
which allows urban planners and policymakers to make decisions to counter urban air pol-
lution problems. This study showed that LSTM and RF are among the most popular DL and
ML methods in air pollution prediction. A previous study by Zareba et al. [32] employed
ML techniques for air pollution prediction in Krakow, Poland, and the best prediction result
was achieved using linear ML methods. The best performance was observed when sudden
changes occurred within the data due to the stability and immunity to overfitting. Another
systematic review by Bellinger et al. [33] showed that early implementations preferred
using ANNs. Still, more recent work has applied decision trees, support vector machines,
and k-means clustering for air pollution prediction in Europe, China, and the USA. In
addition, studies from Krichen et al. [34] and Raman et al. [35] verified that ML and AI are
formal and reliable methods in prediction models.

As a popular tourism destination, Macau welcomed over 28 million tourists in 2023
and over 39 million tourists before the COVID-19 pandemic. Nevertheless, previous studies
have focused on using one or more DL or ML methods to predict the same air quality
dataset, and most studies have focused on predicting the air quality index (AQI). The
novelty of this study is in applying four DL and two ML methods in the same work and
performing the daily predictions of air pollution, which is more difficult to predict due
to higher variability compared to AQI prediction. Due to the lack of a reliable emission
inventory in Macau, developing an accurate air pollution prediction model in recent years
has been very difficult. With the advancements in machine learning algorithms, a reliable
and precise air pollution prediction method was developed in this work, which is also the
novelty of this study.

The air pollution and weather variables were considered in this work because it is
known that weather conditions significantly contribute to the levels of air pollutants. Also,
this is the first study in the Macau region combining DL and ML methods in air pollution
predictions using Macau’s dataset. As an effort to ensure the excellent health and well-
being of the residents (in compliance with SDG 3: Good Health and Well-Being), construct
a sustainable, safe, and resilient city (in compliance with SDG 11: Sustainable Cities and
Communities), and take urgent action to combat climate change (in compliance with SDG
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13: Climate Action), a reliable and accurate air pollution prediction model must be built to
warn the residents ahead of an air pollution episode, which ensures that vulnerable groups
of people with pre-existing health conditions such as heart or lung diseases avoid outdoor
activities during poor air quality days and is also an effort to create safe and sustainable
cities for Macau. By accurately identifying and reducing air pollution problems, the effects
of climate change may also be mitigated for a double win. Hence, using computational ML
methods may be a solution for accurate air pollution predictions in Macau, and this study
will investigate the efficiency and accuracy of the proposed models.

2. Materials and Methods
2.1. Data Collection

This study obtained the daily observations of air pollution and weather data from the
Direcção dos Serviços Meteorológicos e Geofísicos (SMG) and Hong Kong Observatory
(HKO) from 2013 to 2021 to build and train the DL and ML models. As shown in Figure 1,
the data collection sites are located in the city center of the Macau peninsula (represented
by a red circle on the map). Over 190,000 data entries were applied in this work. The air
pollution data collected by SMG were obtained using EPA-equivalent methods, which is
on par with the international standards of air quality monitoring stations (AQMSs) in the
other regions. The data selected for the model execution included air pollution and weather
data, which are crucial for studies of this nature. The air pollutants present in the ambient
air during the previous day and hour are known to have a significant effect on the current
air quality, while the weather parameters, including temperature, wind speed, and wind
direction, are also known to have a direct impact on the current air quality. Therefore, these
categories of data were identified and selected for this study.
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Table 1 shows the air quality, meteorological, and other variables applied in the
prediction models in the training and validation datasets. A previous study by Zareba
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et al. [36] shows the importance of including climate and weather data in air pollution
predictions.

Table 1. Different variables applied in the air pollution prediction models.

Types of Data Variables Description of Variables

Air Quality

PM10, PM2.5, NO2, CO Mean hourly concentration values (micrograms per cubic meter)

16D1, 23D0, 23D1,
23D2, 23D3

16D1: 24 h concentration averaging period between 16:00 of D1 and 15:00 of D0
23D0: 24 h concentration averaging period between 0:00 and 23:59 of D0
23D1: 24 h concentration averaging period between 0:00 and 23:59 of D1
23D2: 24 h concentration averaging period between 0:00 and 23:59 of D2
23D3: 24 h concentration averaging period between 0:00 and 23:59 of D3

D0, D1, D2, D3 D0: Prediction Day; D1: Prediction Day Minus One; D2: Prediction Day Minus
Two; D3: Prediction Day Minus Three

Meteorological
Variables

H1000, H850, H700,
H500

Geopotential height of one thousand hectopascal, eight hundred and fifty
hectopascal, seven hundred hectopascal, and five hundred hectopascal (meters)

TAR925, TAR850,
TAR700

Air temperature of nine hundred and twenty-five hectopascal, eight hundred and
fifty hectopascal, seven hundred hectopascal (degree Celsius)

HR925, HR850, HR700 Relative humidity of nine hundred and twenty-five hectopascal, eight hundred
and fifty hectopascal, seven hundred hectopascal (percentage)

TD925, TD850, TD700 Dew point temperature of nine hundred and twenty-five hectopascal, eight
hundred and fifty hectopascal, seven hundred hectopascal (degree Celsius)

THI850, THI700,
THI500

Thickness of eight hundred and fifty hectopascal, seven hundred hectopascal, and
five hundred hectopascal (meters)

STB925, STB850,
STB700

Stability of nine hundred and twenty-five hectopascal, eight hundred and fifty
hectopascal, seven hundred hectopascal (degree Celsius)

T_AIR_MX,
T_AIR_MD,
T_AIR_MN

Highest, mean, and lowest air temperature (degree Celsius)

HRMX, HRMD,
HRMN Highest, mean, and lowest relative humidity (percentage)

TD_MD Mean dew point temperature (degree Celsius)

RRTT Rainfall (millimeters)

VMED Mean wind speed (meters per second)

PREV_WDIR Predominant wind direction (degree)

Other Variables
DD Number of sunshine hours per day (hour)

FF Weekday indicator: non-weekend = 0 and weekend = 1

2.2. Experimental Phase

The air pollution forecasting models were built using one air quality variable (e.g.,
PM10) and all meteorological variables and other variables for each type of pollutant. This
process was repeated for PM2.5, NO2, and CO. The entire dataset was first split into the
training set and testing set in a ratio of 7:2. The training set contains data from 2013 to 2019,
while the testing set contains data from 2020 to 2021. In the training set, the data for the
year 2019 were allocated as the validation set to optimize the hyperparameters of models.
After the determination of hyperparameters, the models were trained on the entire training
dataset from 2013 to 2019, and the evaluation of model performance on the testing dataset
from 2020 to 2021 was performed. Each of the six models (ANN, GRU, LSTM, RF, RNN,
and SVR) was run five times in Python using TensorFlow 2.6.2, and the result shown is the
average of the five model runs. The parameters used to evaluate the models are known as
the model performance indicators, which include root mean square error (RMSE), mean
absolute error (MAE), Pearson’s correlation coefficient (PCC), and Kendall’s tau coefficient
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(KTC). Figure 2 shows the workflow for the air pollution prediction in this study. The study
began with data collection, followed by data curation (converting the units and removing
invalid data), and then entered the experimental phase, with both ML (RF and SVR) and
DL (ANN, GRU, LSTM, RNN) methods being applied. Each of the models was run five
times to obtain an average result. The model performance indicator (RMSE, MAE, PCC,
KTC) was generated to evaluate the performance of each model.
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2.3. Learning Algorithms
2.3.1. Artificial Neural Network (ANN)

ANNs are a very versatile computational method that can be used for classification,
forecasting, and pattern recognition. The inherent mathematical structure of ANNs allows
them to capture complex relationships within the dataset [37]. The ANN model has a neu-
rological network that includes the input, the hidden, and the output layer. With the correct
calibration and enough datasets, it can tackle any linear or nonlinear problems [7,38]. Also,
previous studies found that ANNs are preferred when predicting PM [13]. The concept
of ANNs covers many areas of expertise, including biology, mathematics, programming,
engineering, statistics, and informatics, combined to simulate the function of a human
brain and be able to model nonlinear data, scalability, and rational and contextualized
outcomes [5]. For instance, humans learn new things by training the neurons within the
brain using examples and storing the latest information in the memory system. At the
same time, an ANN is fed input data into its artificial neurons for training, so the network
is calibrated to achieve the best outcome in a prediction task [4]. The advantages of ANNs
include the fact that neural networks can implement tasks that a linear model cannot
perform. In contrast, the disadvantages of ANNs include the required training to operate
and the fact that they often require a high processing time for extensive neural networks.

2.3.2. Gated Recurrent Unit (GRU)

GRU is a simple version of LSTM that integrates the forget and the input gates [39].
The RNN also inspires the architecture of GRU, and the info within the GRU is regulated by
a two-gate system, which has a quicker training time due to less computational load [5,40].
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Also, GRU is appropriate for processing text, speech, and time series data, which utilize
a gate structure to facilitate information flow with the reset and the update gate [37,41].
GRU’s high efficiency and excellent performance make it a good choice for many sequential
data tasks [42,43]. The advantages of GRU include fewer parameters, making it compu-
tationally less expensive and faster to train than LSTM. In contrast, the disadvantages of
GRU included being more prone to overfitting on smaller datasets and requiring careful
tuning of hyperparameters.

2.3.3. Long Short-Term Memory (LSTM)

LSTM is an advanced version of RNN which possesses extensive memory capable
of dealing with long-term dependencies and memorizing information over an extensive
period, with main components such as cell state holding information throughout the data
processing [39]. LSTM has three logic gates that control how information flows through
the system and can also overcome the weakness of RNNs [5]. LSTM is an extraordinary
deep learning model with improved capabilities to overcome the challenging conditions
faced by RNNs with three main functional areas: the forget gate, the input gate, and the
output gate [37,44,45]. The advantages of LSTM included handling long sequences and
being appropriate for processing data with long-range dependencies. The disadvantages of
LSTM included computational complexity and being more intensive compared to other
neural networks, being prone to overfitting when there are insufficient training data, and
requiring several hyperparameter tunings.

2.3.4. Random Forest (RF)

RF has evolved from several variations of decision trees with forecasting based on
the average prediction provided by a series of trees [39]. RF is a supervised learning
ensemble algorithm, in combination with decision trees, to form a forest with the bagging
concept, which adds randomness to the trees, making it capable of solving classification
and regression cases [4]. The decision tree comprises three parts, the root, the leaf, and
the internal node, with the root node storing all the data, the internal node classifying
the features, and the leaf node representing the output results [7,46]. In addition, RF is
known to be a simple yet efficient and interpretable method, making it one of the most
favorable techniques for air pollution forecasting [8]. The advantages of RF include the
bias remaining the same with multiple decision trees and it being straightforward and
user-friendly to make predictions. In contrast, the disadvantages of RF include not training
well on smaller datasets and the time required to train multiple big decision trees.

2.3.5. Recurrent Neural Network (RNN)

RNN can work with both time series and sequential data, with an internal memory
that can implement neuron feedback itself. This allows the model to have short-term
memory, making it possible for time series forecasting [39]. RNNs represent a favorable
choice for time series-based forecasting, and a standard RNN has simple functions for
input data and forecasting with minimal errors and simple mechanisms. Some drawbacks
of RNNs include gradient exploding/disappearing and data morphing [5,47–49]. The
advantages of RNNs include their effectiveness in sequence modeling tasks, their explicit
design for processing sequential data, and their ability to process sequences of variable
length. In contrast, the disadvantages of RNNs include limited memory, being problematic
when dealing with long sequences, and being biased toward recent data in the sequence.

2.3.6. Support Vector Regression (SVR)

SVR is a regression derived from the support vector machine (SVM), which can be
used in classification problems [39]. SVR is established by optimizing SVM based on deep
learning functions and prevailing overfitting, underfitting, and local optimization using
mathematical methods and techniques [8,13,50]. The advantages of SVR include good
robustness against outliers, good forecasting accuracy, ease of implementation, resistance to
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overfitting, and prevailing against nonlinear limitations and uncertainties. In contrast, the
disadvantages of SVR include needing to be more suitable for large datasets and performing
better when there is more noise in the dataset.

2.3.7. Shapley Additive Explanation (SHAP)

SHAP values were applied to interpret the feature score in the different forecasting
models, which determines the impact of each feature on the forecasting model [7,8,51,52].
SHAP values offer a clear explanation for the contribution of each feature, which is essential
to trace the source that leads to severe air pollution problems.

2.4. Model Evaluation Metrics

Four evaluating metrics were applied to validate the model’s prediction accuracy:
RMSE, MAE, PCC, and KTC. Specifically, RMSE measures the average difference between
values predicted by a model and the actual values, MAE measures the average absolute dif-
ferences between the predicted values and the actual target values, PCC measures the linear
correlation with a number between −1 and 1 to determine the strength and direction of the
relationship between two variables, and KTC measures the ordinal association between
two variables and a nonparametric measure of strength and direction of association.

The equations are shown in the following:

RMSE =

√
∑N

i=1
(ŷi − yi)

2

N
(1)

MAE =
1
N ∑N

i=1|ŷi − yi| (2)

PCC = 1 − ∑N
i=1 (yi − y)

(
ŷi − ŷ

)
∑N

i=1(yi − y)2∑N
i=1

(
ŷi − ŷ

)2 (3)

where yi represents the ground truth value of regressive models; ŷi denotes the ith sample
of prediction values of the regression model; and N is the sample number.

KTC =
P − Q√

(P + Q + T)(P + Q + U)
(4)

where P is the number of concordant pairs, Q is the number of discordant pairs, T is the
number of ties only in x, and U is the number of ties only in y.

2.5. Features and Testing Scenario

Table 2 shows the model parameters and hyperparameters used in this study that are
closely associated with the model’s performance in air pollution prediction. The model
parameters and hyperparameters were determined after a rigorous review of the previous
literature for the best performance in air pollution forecasting [53].

Table 2. Different model parameters and hyperparameters were applied to this study.

Models Model Parameters and Hyperparameters

ANN

learning rate 0.0005
epochs 100

batch_size 32
validation split 0.3

GRU

optimizer adam
layers 100
epochs 500

batch size 32
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Table 2. Cont.

Models Model Parameters and Hyperparameters

LSTM
optimizer adam

epochs 20
batch size 64

RF

n_estimators 100
criterion squared error

min_sample_split 2
max_depth none

RNN

optimizer adam
layers 100
epochs 500

batch size 32

SVR
kernal linear
degree 3
gamma scaler

3. Results and Discussion

The models applied in this work can be grouped into two categories, namely DL
models and ML models. A total of six models were applied, specifically four DL models
(ANN, GRU, LSTM, and RNN) and two ML models (RF and SVR). DL models are generally
more complicated and require more effort to develop. In contrast, ML models are more
straightforward and designed for user-friendly applications due to having fewer parameters
and hyperparameters. The air pollutants predicted in this work included PM10, PM2.5, NO2,
and CO, which caused the most health concerns and received the most public attention.
Table 3 shows the model performance indicator of DL and ML models (average RMSE,
MAE, PCC, and KTC) after five runs for each model.

The ANN, RF, and SVR models showed the best performance in predicting PM2.5
with the highest PCC and KTC, while the GRU model showed the best performance in
forecasting NO2. Figure 3 shows the measured and predicted PM2.5 concentrations using
ANNs in 2020 and 2021, which offer a high PCC of 0.87 and a KTC of 0.71. Figure 4 shows
the measured and predicted PM2.5 concentration using RF in 2020 and 2021, which provides
a high PCC of 0.99 and a KTC of 0.92. Figure 5 shows the SHAP value of the RF model in
PM2.5 prediction, demonstrating that the past days’ air pollutants and weather data play a
vital role in the prediction. Figure 6 shows the measured and predicted CO concentrations
using SVR in 2020 and 2021, which offers a high PCC of 0.72 and a KTC of 0.51. Although
the SVR model for CO did not receive the highest PCC and KTC, it provides the lowest
RMSE and MAE (0.28 and 0.24, respectively). Figure 7 shows the measured and predicted
NO2 concentrations using GRU in 2020 and 2021, which offers a high PCC of 0.80 and a
KTC of 0.62.

Table 3. Model performance indicator of DL and ML models in forecasting air pollutants (PM10,
PM2.5, NO2, CO), trained using 2013 to 2019 data and validated with 2020 and 2021 data.

Categories Model Pollutant
Model Performance Indicators

RMSE MAE PCC KTC

Deep Learning Model ANN

PM10 16.15 12.63 0.84 0.67
PM2.5 6.94 5.13 0.87 0.71
NO2 13.34 10.16 0.82 0.64
CO 0.58 0.51 0.37 0.25

Deep Learning Model GRU

PM10 24.26 19.19 0.74 0.55
PM2.5 12.18 9.19 0.73 0.56
NO2 15.07 12.03 0.80 0.62
CO 0.38 0.30 0.61 0.42
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Table 3. Cont.

Categories Model Pollutant
Model Performance Indicators

RMSE MAE PCC KTC

Deep Learning Model LSTM

PM10 16.69 14.20 0.88 0.70
PM2.5 9.58 8.16 0.86 0.69
NO2 11.64 9.32 0.86 0.71
CO 0.29 0.24 0.69 0.49

Machine Learning Model RF

PM10 6.81 4.86 0.96 0.84
PM2.5 2.04 1.20 0.99 0.92
NO2 6.93 4.84 0.94 0.81
CO 0.12 0.09 0.82 0.58

Deep Learning Model RNN

PM10 21.16 18.06 0.78 0.58
PM2.5 12.76 10.35 0.67 0.48
NO2 19.08 15.86 0.71 0.52
CO 0.39 0.31 0.44 0.29

Machine Learning Model SVR

PM10 7.45 5.63 0.95 0.82
PM2.5 3.52 2.46 0.96 0.84
NO2 12.19 10.12 0.92 0.77
CO 0.28 0.24 0.72 0.51

The best performance in each category is shown in bold.

Sustainability 2024, 16, x FOR PEER REVIEW 9 of 15 
 

PM2.5 9.58 8.16 0.86 0.69 
NO2 11.64 9.32 0.86 0.71 
CO 0.29 0.24 0.69 0.49 

Machine Learning 
Model 

RF 

PM10 6.81 4.86 0.96 0.84 
PM2.5 2.04 1.20 0.99 0.92 
NO2 6.93 4.84 0.94 0.81 
CO 0.12 0.09 0.82 0.58 

Deep Learning Model RNN 

PM10 21.16 18.06 0.78 0.58 
PM2.5 12.76 10.35 0.67 0.48 
NO2 19.08 15.86 0.71 0.52 
CO 0.39 0.31 0.44 0.29 

Machine Learning 
Model 

SVR 

PM10 7.45 5.63 0.95 0.82 
PM2.5 3.52 2.46 0.96 0.84 
NO2 12.19 10.12 0.92 0.77 
CO 0.28 0.24 0.72 0.51 

The best performance in each category is shown in bold. 

 
Figure 3. Measured and predicted PM2.5 concentrations using ANN for 2020 and 2021. 

 
Figure 4. Measured and predicted PM2.5 concentrations using RF for 2020 and 2021. 

Figure 3. Measured and predicted PM2.5 concentrations using ANN for 2020 and 2021.

Sustainability 2024, 16, x FOR PEER REVIEW 9 of 15 
 

PM2.5 9.58 8.16 0.86 0.69 
NO2 11.64 9.32 0.86 0.71 
CO 0.29 0.24 0.69 0.49 

Machine Learning 
Model 

RF 

PM10 6.81 4.86 0.96 0.84 
PM2.5 2.04 1.20 0.99 0.92 
NO2 6.93 4.84 0.94 0.81 
CO 0.12 0.09 0.82 0.58 

Deep Learning Model RNN 

PM10 21.16 18.06 0.78 0.58 
PM2.5 12.76 10.35 0.67 0.48 
NO2 19.08 15.86 0.71 0.52 
CO 0.39 0.31 0.44 0.29 

Machine Learning 
Model 

SVR 

PM10 7.45 5.63 0.95 0.82 
PM2.5 3.52 2.46 0.96 0.84 
NO2 12.19 10.12 0.92 0.77 
CO 0.28 0.24 0.72 0.51 

The best performance in each category is shown in bold. 

 
Figure 3. Measured and predicted PM2.5 concentrations using ANN for 2020 and 2021. 

 
Figure 4. Measured and predicted PM2.5 concentrations using RF for 2020 and 2021. Figure 4. Measured and predicted PM2.5 concentrations using RF for 2020 and 2021.



Sustainability 2024, 16, 7477 10 of 15
Sustainability 2024, 16, x FOR PEER REVIEW 10 of 15 
 

 
Figure 5. SHAP values for the RF model of PM2.5 prediction. 

 
Figure 6. Measured and predicted CO concentrations using SVR for 2020 and 2021. 

 
Figure 7. Measured and predicted NO2 concentrations using GRU for 2020 and 2021. 

In addition, the RNN model showed the best performance in predicting PM10 with 
the highest PCC and KTC. Also, the LSTM model showed the best performance in pre-
dicting PM10 with the highest PCC. Figure 8 shows the measured and predicted PM10 con-
centrations using RNN in 2020 and 2021, which offers a high PCC of 0.78 and a KTC of 

Figure 5. SHAP values for the RF model of PM2.5 prediction.

Sustainability 2024, 16, x FOR PEER REVIEW 10 of 15 
 

 
Figure 5. SHAP values for the RF model of PM2.5 prediction. 

 
Figure 6. Measured and predicted CO concentrations using SVR for 2020 and 2021. 

 
Figure 7. Measured and predicted NO2 concentrations using GRU for 2020 and 2021. 

In addition, the RNN model showed the best performance in predicting PM10 with 
the highest PCC and KTC. Also, the LSTM model showed the best performance in pre-
dicting PM10 with the highest PCC. Figure 8 shows the measured and predicted PM10 con-
centrations using RNN in 2020 and 2021, which offers a high PCC of 0.78 and a KTC of 

Figure 6. Measured and predicted CO concentrations using SVR for 2020 and 2021.

Sustainability 2024, 16, x FOR PEER REVIEW 10 of 15 
 

 
Figure 5. SHAP values for the RF model of PM2.5 prediction. 

 
Figure 6. Measured and predicted CO concentrations using SVR for 2020 and 2021. 

 
Figure 7. Measured and predicted NO2 concentrations using GRU for 2020 and 2021. 

In addition, the RNN model showed the best performance in predicting PM10 with 
the highest PCC and KTC. Also, the LSTM model showed the best performance in pre-
dicting PM10 with the highest PCC. Figure 8 shows the measured and predicted PM10 con-
centrations using RNN in 2020 and 2021, which offers a high PCC of 0.78 and a KTC of 
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In addition, the RNN model showed the best performance in predicting PM10 with the
highest PCC and KTC. Also, the LSTM model showed the best performance in predicting
PM10 with the highest PCC. Figure 8 shows the measured and predicted PM10 concen-
trations using RNN in 2020 and 2021, which offers a high PCC of 0.78 and a KTC of 0.58.
Figure 9 shows the measured and predicted PM10 concentrations using LSTM in 2020 and
2021, which provides a high PCC of 0.88 and a KTC of 0.70.
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Overall, the RF model provided the best prediction for all pollutants, specifically for
PM10 (PCC = 0.96 and KTC = 0.84), PM2.5 (PCC = 0.99 and KTC = 0.92), NO2 (PCC = 0.94
and KTC = 0.81), and CO (PCC = 0.82 and KTC = 0.58), respectively, while the SVR model
performed the second best in terms of prediction for all pollutants, specifically for PM10
(PCC = 0.95 and KTC = 0.82), PM2.5 (PCC = 0.96 and KTC = 0.84), NO2 (PCC = 0.92 and
KTC = 0.77), and CO (PCC = 0.72 and KTC = 0.51), respectively.

Table 4 shows the standard deviation (SD) of the average five model runs for the
different models. It is essential to assess the SD in terms of the PCC and KTC of the model,
especially after five model runs, to ensure the stability and repeatability of the model. The
ANN and GRU models have the lowest SD for PM2.5; the LSTM model has the lowest SD
for PM10; the RF model has the lowest SD for PM10, PM2.5, and NO2; the RNN model has
the lowest SD for CO; and the SVR model has the lowest SD for PM10, PM2.5, NO2, and CO.

Overall, the SVR model has a 0.00 value with the lowest SD for RMSE, MAE, PCC, and
KTC for all pollutants after five model runs, which shows that the SVR models performed
the best in terms of stability and repeatability amongst the prediction models applied in
this study.

The obtained results of this study show that the RF model has the highest PCC and
KTC values for the air pollution prediction for all pollutants, including PM10, PM2.5, NO2,
and CO, while the SVR model has the lowest SD for all model evaluation metrics, including
RMSE, MAE, PCC, and KTC. A previous study by Liang et al. [4] showed that traditional
machine learning methods, including AdaBoost and stacking ensemble, outperform deep
learning methods, including ANN, in Taiwan’s air quality index (AQI) forecast. Also,
Mampitiya et al. [37] show that the traditional ensemble model best predicted PM10 levels
in Sri Lanka amongst deep learning models, including ANN, LSTM, and GRU.



Sustainability 2024, 16, 7477 12 of 15

Table 4. SD of the average five model runs for the different DL and ML models.

Categories Model Pollutant
SD of the Five Model Runs

RMSE MAE PCC KTC

Deep Learning Model ANN

PM10 4.06 3.78 0.06 0.06
PM2.5 1.02 0.76 0.03 0.03
NO2 2.03 1.71 0.05 0.05
CO 0.21 0.19 0.09 0.07

Deep Learning Model GRU

PM10 6.21 5.41 0.08 0.07
PM2.5 1.28 1.03 0.03 0.02
NO2 2.31 2.00 0.04 0.05
CO 0.06 0.06 0.04 0.03

Deep Learning Model LSTM

PM10 1.68 1.47 0.02 0.02
PM2.5 2.54 2.29 0.03 0.04
NO2 2.48 2.36 0.02 0.03
CO 0.04 0.04 0.07 0.06

Machine Learning Model RF

PM10 0.04 0.05 0.00 0.00
PM2.5 0.03 0.01 0.00 0.00
NO2 0.02 0.02 0.00 0.00
CO 0.00 0.00 0.00 0.01

Deep Learning Model RNN

PM10 2.93 2.63 0.06 0.06
PM2.5 4.35 3.62 0.09 0.09
NO2 2.08 1.96 0.04 0.04
CO 0.10 0.08 0.04 0.02

Machine Learning Model SVR

PM10 0.00 0.00 0.00 0.00
PM2.5 0.00 0.00 0.00 0.00
NO2 0.00 0.00 0.00 0.00
CO 0.00 0.00 0.00 0.00

The best performance in each category is shown in bold.

4. Conclusions

Air pollution is primarily caused by gaseous pollutants such as CO2, NOx, SOx, and
PM2.5. SOx is known to form acid rain, while CO2 is known to be a primary contributor
of greenhouse gasses (GHGs). Developing tools to forecast air pollutants accurately is
essential to build a more sustainable and environmentally friendly future [54]. In addition,
a good and reliable forecast is significant as it could partially fulfill the requirements of
SDG 3, SDG 11, and SDG 13, which include protecting the life and well-being of vulnerable
groups of people, making the region a safe and sustainable place to live, and mitigating the
effect of climate change through immediate action. The application of DL and ML models
to forecast the daily mean concentration of PM10, PM2.5, NO2, and CO for tomorrow, from
2020 to 2021, was successful in the coastal city of Macau, located in Southern China. The
results show that traditional ML models performed better with higher stability in the
air pollution prediction for all pollutants, which aligned with the findings from previous
studies [1,4,7,8,13,37]. Overall, the RF model performed best in air pollution prediction for
PM10, PM2.5, NO2, and CO, with the highest PCC and KTC. In addition, SVR has the best
stability and repeatability compared to other models, with the lowest SD in RMSE, MAE,
PCC, and KTC after five model runs. The SVR models also come second best regarding
air pollution prediction for all pollutants, closely behind the RF models. The result of this
study confirmed that the RF and SVR models outperform the other models in air pollution
prediction during a case study in Macau. Despite the similarity between PM10 and PM2.5,
these particles are often derived from different emission sources with different chemical
compositions. Therefore, the results may not be directly comparable. Also, previous
studies [53,55] showed a marginal accuracy advantage in the prediction of PM2.5 over PM10,
which also aligned with the results of this study.
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The novelty of this work is that an air pollution prediction model has been successfully
developed and may become operational at the discretion of the local authorities. This is a
significant advancement for a small region such as Macau, where an air pollution prediction
was not in place for many years. In addition, by identifying and reducing the air pollution
problems, the effect of climate change may also be mitigated for a double win. The results
obtained in this study may be due to DL models requiring a more extensive dataset to reach
optimal performance. In contrast, the ML models do fine with a relatively small dataset,
with over 190,000 entries of data being applied in this study. A comparison study between
ML and DL models in the prediction of air pollution in major Chinese cities with a sample
size of 7 years also confirms that ML models outperform DL models [56], with the reason
being the consideration of smaller sample size, which is similar to the study period of this
work, a sample size of 9 years. The RF and SVR models may be considered the priority
choice for air pollution predictions in future datasets. Nevertheless, the application of
hybrid DL and ML methods to more datasets globally may be considered for future studies
to validate that ML models outperform DL models in air pollution prediction.
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