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Abstract

Air pollution is becoming a serious global crisis, threatening human health,
disrupting the balance of the environment, negatively affecting ecosystems, and
contributing to climate change. Accurate long-term air quality prediction plays a key
role in building early warning systems to mitigate these negative impacts. Efforts to
forecast air quality through the combination of knowledge from environmental science,
Sstatistics, and computer science have attracted much attention. Among them, deep
learning and advanced machine learning have demonstrated an outstanding ability to
detect complex non-linear patterns from environmental data. However, the application
of deep learning to air quality prediction is still quite new. This paper proposes a
deep-learning model using the LSTM (Long Short-Term Memory) network to predict
air quality in Hanoi. The research results demonstrate that the proposed model is
capable of predicting the air quality index with high accuracy, close to actual values
from monitoring data.
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CO, and O,) are used to calculate the
AQI, depending on the target, data,
and monitoring technique. A high AQI
indicates severe pollution with a high
health risk. AQI data is monitored in real-
time and collected daily at many weather
stations [1].

1. Introduction

Air  pollution is the Dbiggest
environmental threat, mainly due to toxic
emissions from rapid industrialization
and population growth. Air quality has
deteriorated  significantly,  seriously
affecting human health. The AQI index

is used to measure pollution levels, based Accurately predicting air quality is

on 12 parameters such as PM2.5, PM10,
0,, NO,, SO,, CO, NH,, Pb, Benzene,
Toluene, and Arsenic. Typically, six
major substances (PM10, PM2.5, SO,,
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a significant challenge due to the spatial
and temporal heterogeneity of data from
sources such as ground monitoring
stations, satellites, and aircraft. Ground



monitoring stations are particularly
important as they are strategically located
near highly polluted areas, providing
valuable data for analyzing air quality
fluctuations. However, many regions still
lack comprehensive monitoring systems,
leading to sparse and limited data.
Additionally, the complexity of chemical
processes involved in air pollution,
combined with their spatial and temporal
variability, makes it challenging to rely on
fixed formulas for predictions. As a result,
achieving accurate air quality predictions
remains a demanding task [2].

Today, two main methods have been
used to predict air quality: traditional
methods based on hand-crafted features
and machine learning algorithms based
on deep learning. Traditional methods
include basic numerical, statistical, and
machine-learning models. Numerical
models are based on atmospheric
dynamics and chemical processes,
using meteorological data to simulate
pollution. Meanwhile, statistical models
focus on integrating meteorological data
with historical air quality data but have
limitations in handling nonlinear problems
[3]. To overcome this, researchers have
applied nonlinear machine learning such
as SVR and RFR, which have better
performance. However, these methods
still have difficulty capturing complex
time series patterns and modeling the
long-term impact of pollution, leading to
reduced prediction accuracy [4, 5, 6].

In recent years, deep learning
techniques have emerged and attracted
considerable  attention in  various
fields. These methods are effective
in recognizing complex patterns and

extracting high-level features, achieving
great success in fields such as computer
vision, speech processing, and natural
language processing. However, there is
still a lack of systematic reviews on the
application of deep learning to air quality
prediction [2].

Recently, Artificial Intelligence
(Al) algorithms have been widely
applied in air quality prediction. Thanks
to the advancement of computational
technology and algorithms, deep learning
models have been deployed to analyze and
predict non-linear relationships between
data variables. These models have
demonstrated outstanding effectiveness
in improving the accuracy and reliability
of data analysis results [7]. The Random
Forest Regression (RFR) and Support
Vector Regression (SVR) algorithms
were applied to build a regression model
to predict the air quality index (AQI) in
the study of Liu H et al., [8]. Data related
to nitrogen oxide concentrations in a
city in Italy, obtained from a public data
source, were analyzed. The performance
of the models was evaluated based on
the correlation coefficient, Root Mean
Square Error (RMSE), and coefficient of
determination R2. The results show that
both methods provide superior prediction
performance.

Similarly, Wu Q et al., proposed a
hybrid and optimal method that combines
secondary analysis (SD) with an Al
optimization algorithm [9]. AQI data
collected from China during 2016 - 2018
were used to validate the prediction model.
Wavelet analysis was performed on high-
frequency, low-frequency, and variable
modes, and sample entropy was used
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to smooth the analysis. Then, a Neural
Network (NN) based on Long Short-Term
Memory (LSTM) was deployed to predict
AQI[10].

In addition, the parameters of the
least squares support vector machine (LS
- SVM) were optimized using the BAT
algorithm, taking into account factors
related to air pollutants. The results show
that this method effectively models the
characteristics of AQI data, contributing
to improved prediction ability.

Air pollution data, a typical form
of time series data, has the potential to
be improved through the integration of
dynamic data [11], which is an important
direction in real-time forecasting.
Current deep learning models often
have many parameters, resulting in high
computational complexity. However, due
to the time-sensitive air quality prediction
requirements, the models must ensure
fast and accurate prediction. Therefore,
reducing the computational complexity
of deep learning models is an important
challenge for future research.

In addition, many factors significantly
affect air pollution data. For example,
high wind speed can reduce PM2.5
concentrations, while high humidity
often increases pollution levels. High
atmospheric pressure is also often
correlated with improved air quality. These
meteorological features play an important
role in building air quality prediction
models, emphasizing the importance of
incorporating weather factors into the
analysis and forecasting process.

To address the challenges in
enhancing the accuracy of air quality
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prediction, this study makes the following
key contributions:

i) Propose extended features to
improve the accuracy of air quality
predictions in Hanoi, Vietnam.

i1) Development of a predictive
model for the AQI index using the LSTM
deep learning algorithm.

2. Data and method
2.1. The dataset

The  datasets reflect various
environmental conditions associated
with air pollutant concentrations. Data
on six pollutants - PM2.5, PM10, NO,,
0,, SO,, and CO - were collected from
multiple monitoring stations in Hanoi,
the capital of Vietnam. These pollutants
served as predictors for the analysis and
were recorded over the period from July
5,2016, to July 1, 2020.

The raw dataset from the Hanoi
monitoring stations consists of 2,115
rows, stored in a CSV file. This dataset
is divided into two subsets: The first
2,005 rows are used for training, while
the remaining 110 rows are reserved for
testing. Before the training phase, data
preprocessing is performed to address
missing or invalid values in the raw
dataset. Missing values are handled
through an imputation process, which
replaces them with the nearest data
points. This approach is applied when the
percentage of missing values is below 16 %
for a row or 1 % for a column within the
station datasets.

2.2. Feature selection

In Vietnam, pollution levels are
assessed using parameters such as PM2.5,



PM10,NO,,0,,S0,,and CO. In this study,
we forecast the values of PM2.5 and PM 10
based on data from the preceding 15 days.
To enhance forecasting performance, we
incorporate extended features into the
dataset in addition to the raw parameters
from the collected data.

Since Particulate Matter (PM) can be
directly emitted from sources or formed
in the atmosphere through chemical

reactions involving gases such as SO,
NO,, and certain organic compounds,
and as pollutants often interact with one
another, we propose an extended feature
set. This set includes the following: the
total measured values of pollutants for
a given day, the average daily values of
PM10 and PM2.5, and the average daily
values of NO,, CO, SO,, and O,. The
extended features are detailed in Table 1.

Table 1. Description of extended features

No | Feature | Type Description
1 | S Data | Numeric | Total of value data on day (Sum of PM2.5, PM10,NO , O,, SO,, and CO values)
2 | A PM | Numeric | Median of PM2.5 and PM10 values
3 A O | Numeric [ Median of NO,, O,, SO,, and CO values
4 |'S PMI0Q | Numeric | Total of PM10 values 15 days earlier (Sliding window size = 15)
5 | A PMI0 | Numeric | Average of PM10 values in 15 days earlier

2.3. Sliding window

The sliding window method is a
technique that utilizes prior time steps to
predict the next time step. By applying this
method, the input data is restructured into
segments based on a defined window size.
In this study, the window size was set to
15, meaning that data from the previous

15 days is used to predict the value for
the subsequent day. After restructuring,
the data resembles a supervised learning
dataset, allowing it to be used with any
machine learning algorithm for time series
modeling [12]. If the dataset consists of
m input time series, denoted as X, and an
output series, denoted as Y, then:

X={x}teT={,2, ,ntandi=12,.. .m

Y={yjteT

(M

The sliding window transformation process generates the following dataset:

, 1 5 1 2 2
X o B B A e B s R Yo

o T 1 WO =

w: represents the window size.

2.4. Performance evaluation

Similar to the previous study, the
performance of the models is evaluated
using the metrics RMSE (Root Mean
Squared Error) and MAE (Mean Absolute
Error) [12]. These metrics are calculated
based on the differences between the

32es Yeowts Yo} WithteT

2)

predicted results and the true values.
Additionally, R2 (R-squared) is used to
quantify the strength of the relationship
between the predictive models and the
target variables [13]. The mathematical
expressions for these metrics are defined
as follows:
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Figure 1: The proposed model for predicting AQI
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Figure 2: The loss model graph
Fig. 2 illustrates the loss graph for training set. Beyond epoch 450, the losses
both the training and test sets. The losson o, the training and test sets converge,
the training set decreases progressively
with each epoch, indicating that the
model is effectively learning from the
data and improving its accuracy on the with the prediction target.

demonstrating that the proposed model

adequately fits the data and aligns well
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Figure 3: The trend of AQI real value and predicted value

Fig. 3 describes the trends of actual with a sliding window size of 15. The
and predicted values for the AQI index in
Hanoi during April, May, and June 2020,
as modeled by our proposed approach. We
employed the Encoder LSTM algorithm of the AQI index.

results demonstrate that our model

effectively captures and predicts the trend
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Figure 4: The true AQI values and AQI values from April to June 2020 in Hanoi

Fig. 4 shows the actual AQI values
alongside the predicted AQI values in
Hanoi from April to June 2020. The
colors represent different levels of health
concern: green indicates good air quality,
yellow signifies moderate conditions, and
orange or red denotes unhealthy levels
[15].

Table 2 presents the detailed
evaluation results of the prediction of
the Air Quality Index (AQI) in Hanoi
for the next three days, using the LSTM
algorithm. The prediction was made based
on the data of the previous 15 days, using
the LSTM model with a sliding window.
The results show that the machine learning
algorithms achieved high performance in
predicting the AQI index for the first day,
with evaluation indices including MAE

= 2.456, RMSE = 3.243, and R2 =0.96.
This proves that the proposed model is
suitable for the initial training data and
target, demonstrating good learning and
generalization ability.

However, when predicting the AQI
index for the second and third days, the
accuracy of the model tends to decrease.
The reason is that the input data for the
following days is taken from the prediction
results of the previous days. This leads
to an accumulation of errors over each
prediction step, which gradually reduces
the accuracy over time. However, the
overall performance of the model is still
reliable, showing potential for application
to time-series AQI prediction problems,
especially in applications requiring short-
term forecasting.

Table 2. Performance of the LTSM AQI predicted model

The step ahead MAE RMSE R2
1 day ahead 2.456 3.243 0.96
2 day ahead 6.782 8.587 0.723
3 day ahead 7.235 9.111 0.693

4. Conclusion

In this paper, we proposed a deep
learning model to predict air quality based
on AQI. The effectiveness of this method
has been verified through the criteria: high
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accuracy with small MAE, short training
time, and simple model structure. To
evaluate the performance of the model, we
use the MAE, RMSE, and R2 indices. The

results show that the deep learning method



with the LSTM algorithm, using a 15-day
sliding window, is capable of predicting
1 day in advance with high reliability.
Our experimental results achieved R2 =
0.96, based on a dataset collected over 4
years in Hanoi, Vietnam. This shows the
potential application of the model not
only in research but also in real-time air
quality forecasting systems. This method
can be used to assist managers in taking
timely measures to protect public health
and minimize the impacts of air pollution.
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