Air Pollution Forecasting Using Deep Learning

https://doi.org/10.3991/ijoe.v17i14.27369

Manal Alghieth®®, Raghad Alawaji, Safaa Husam Saleh, Seham Alharbi
Department of Information Technology, College of Computer,
Qassim University, Buraydah, Saudi Arabia
mgietha@qu.edu.sa

Abstract—Nowadays, air pollution is getting an extreme problem that affects
the whole environment. Due to the dangerous effects of air pollution on human’s
health, this study proposes an air pollution prediction system. Because of the high
dust pollution in Saudi Arabia, and the fact that there is no system for predicting
the percentage of air pollution in it, this study applies an air pollution prediction
system to the most affected area in Saudi Arabia. This paper aims to forecast the
concentrations of PM10 particles due to their dangerous effects. This study aims
to align with the Saudi vision 2030 by having an ideal environment and act in an
efficient way in case of a warning situation. It applies a deep learning technique,
which called Long Short-Term Memory (LSTM) to predict the air pollution in
Saudi Arabia and achieved exceptional results due to the low error rates that
have been obtained by this study. The error rate of Mean Absolute Error (MAE)
is 0.98, for Root Mean Square Error (RMSE) is 8.68 and 0.999 for R-Squared.
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1 Introduction

Air pollution is considered an environmental issue that affects human’s health,
whether in the long or short term. Around 7 million deaths per year are due to air pollu-
tion exposure and other atmospheric natural disasters [1]. The kingdom of Saudi Arabia
is known for its desert environment. In a case when the speed of the wind increase, it
would cause the dust to be raised. For instance, in certain seasons in Riyadh that is
located in Saudi Arabia, the dust becomes a severe problem.

Based on the reports and research that have been done by the Saudi Arabia Gen-
eral Authority for Meteorology and Environmental Protection [2], it showed the main
dangerous pollutants that can be found in Saudi Arabia and have the ability to make
the quality of air in low levels. These pollutants are carbon monoxide (CO), nitrogen
dioxide (NO2), ground ozone (O3), sulfur dioxide (SO2), and dust particles with its two
types: (PM10 and PM2.5). The high concentrations of these pollutants can be harmful.

Due to the pollutants that the dust contains, it is considered one of the air pollutants.
PM10 and PM2.5 are pollutants that can be found in the dust. The danger of these pol-
lutants that it is fatal to humans. The proposed system aims to forecast the concentra-
tions of PM10, so it can give and warn the people for the levels of air pollution.

50 http://www.i-joe.org


https://doi.org/10.3991/ijoe.v17i14.27369
mailto:mgietha@qu.edu.sa

Throughout history, there were so many studies that used several techniques to pre-
dict the levels of air pollution. Those studies are continues until the present time. The
most used techniques were as follows:

e Statistical Methods.
e Machine Learning (ML).
e Deep Learning (DL).

In the current term, the most trending technique is DL, which is meant by simulating
the human brain to make patterns that can be used in making a decision.

The proposed system will use one of the Deep Learning algorithms, which is Long
Short Term Memory (LSTM). LSTM is a sort of Recurrent Neural Network (RNN).

This study applies LSTM due to its advantages. One of the reasons for choosing
LSTM is LSTM’s memory, and by that LSTM is capable of keeping relevant and essen-
tial information to be used in the prediction [3]. LSTM has the ability of predicting the
long- and short-term time, which can be used in the prediction problems [3]. LSTM
used for forecasting and classifying the data that are in the form of a time-series format.

The rest of this paper is organized as follows:

e Section 2 will outline the related work with different types of previous studies in
separate sections.

e Section 3 will identify the used methodology in this research, and discuss the data
collection and analysis steps.

e Section 4 will discuss the process of forecasting PM10 concentrations using the
suggested model in ordered steps.

e Section 5 will outline the promising results obtained from the model, describing the

difference between this study and other studies in the same field.

Section 6 will discuss some important topics regarding this paper.

Section 7 will show the conclusion of this paper.

Section 8 will show the references.

The last section, which is section 9, shows some information about the authors.

2 Related work

Many countries worldwide have developed a warning system for monitoring and
forecasting air pollution data. The General Authority for Meteorology and Environ-
mental Protection in Saudi Arabia has developed a monitoring network consisting of
79 stations that provide hourly measurements of air pollutants [2]. However, currently
there is no system for forecasting air pollution in Saudi Arabia.

2.1  Machine learning approach

ML is one of the Artificial Intelligence (Al) fields. As the name suggests, ML made
the computers able to learn and act just like a human. These computers were provided
with information to process them and learn by themselves.
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In recent years, there are many research papers focused on traditional methods to
predict air pollution. Most of these studies depend on statistical equations such as linear
regression or classification. There was a proposed model based on stepwise Multiple
Linear Regression (MLR) to predict concentrations of (NOx) and PM10 [4]. However,
with an ever-increasing air pollution ratio, and the factors that affect the forecasting
process, using a regression-based model with nonlinear characteristics leads to a com-
plex system. For that, it is important to develop a model with both high accuracy and
high computational efficiency. In [5], a proposed model was used to predict ozone in
the USA by Bayesian inference framework. The method combined observational air
monitoring data with a numerical model output forecast to create a statistical model
that could give accurate forecast maps for the current 8-hours average and the largest
8-hours average ozone concentration levels on the next day. Three types of classifiers
have been selected for estimating the ozone concentration level in Valencia, Spain [6].
The performance of C4.5 classification algorithm was 73.65%, for Back-propagation
neural network was 82.05%, and 83.14% for the c—-FLNMAP classifier. It concluded
that c-FLNMAP is simple and fast since the rules extracted from the model are only
three rules (low, mid, and high) and represented as hyperboxes. However, the mecha-
nism by which regression tasks are transformed into classification tasks is problematic,
since it is time-consuming and produces inaccurate data.

To improve the performance of prediction of air pollution, several types of Artificial
Neural Networks (ANNSs) have been successfully developed. In [7], showed that ANN
used the L-M BP algorithm to predict PM2.5 that has better performance than that
obtained by Multivariate Methods (MVM) and the correlation coefficient using trained
neural network was increased from 0.58 to 0.80. Moreover, in [8], it showed that Multi-
layer Perceptron (MLP) model for early warning system in China suffer from different
drawbacks such as local minima, overfitting and poor generalization. Alternative model
was suggested to overcome this drawback and it was concluded with that the Least
Squares Support Vector Machine (LS-SVM) produced low error while the error of MLP
was triple. Furthermore, four air pollution indicator levels: carbon monoxide, sulfur
dioxide, nitrogen oxides and Ozone were predicted by Adaptive Neuro-Fuzzy Inference
System (ANFIS). The results of the mean absolute error of the ANFIS was less than
15% [9]. A similar approach used in [10], a study that was made to compare between
ANNSs and ANFIS to forecast PM2.5 for the next coming hours. The data collected
from the Munich Station. The results showed that Root Mean Square Error (RMSE) in
ANN was less than RMSE in ANFIS. RMSE in ANN was 3.1931 pg/m3 and in ANFIS
was 3.2089 pg/m3, which was better for prediction.

2.2 Deep learning approach

DL is a subfield of ML. As the name implies, DL consists of multiple hidden layers
instead of one single layer. The brain of humans has inspired the algorithms of DL.
These algorithms will have the ability to learn and solve complex problems. Nowadays,
and with the advance of technologies, DL is one of the trending models to predict air
pollution.
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Many studies have been done in DL to forecast air pollution. This section would
focus on the most important studies that have been done with DL.

One of the studies is [11], which made an experimental study to forecast air pollu-
tion. It made a comparison between two models: LSTM and Long Short Term Memory
Multivariate Regression (LSTM-MVR) model. It showed that LSTM-MVR Model had
improved the operation of forecasting air pollution when compared to LSTM. Further-
more, another study forecasted air pollution based on machine learning techniques [12],
it suggested two models: MLP and LSTM models. It confirmed that the LSTM model
worked better than the MLP model. Moreover, one of the studies that were further done
to forecast air pollution is [13], where it used Deep Feed-forward Neural Network
(DFNN) that were composed of many layers of LSTM. To deal with the missing value
collected from Jingjinji area, it used processing algorithms. The study showed that
LSTM outperformed baseline models such as DFNN.

Some studies were made to forecast specific pollutants because of their dangerous
effects on human being’s health. In [14], for instance, forecasted the concentration of
PM2.5, Where it used LSTM and Long Range (LoRa) techniques. It finished with that
the system was able to predict the values of PM2.5 for the following few hours. More-
over, in [15], it predicted the PM2.5 concentration using LSTM and self-organizing
algorithm. It achieved that due to the memory capability of LSTM, it is proper to be
applied when the data are in the form of time-series. Though, the problem occurs
when the time interval increase, the exactness of forecast is getting lower. In addition
to the previous two studies, another study made the analysis and forecasted PM2.5
due to its correlation with air pollution [16]. It used three models: Random Forest,
Encoder-Decoder, and LSTM model. It concluded that if the city has a concentration
of PM2.5 as low value, then those three models can fit and have the same performance
otherwise, the LSTM model has a better prediction compared with the two models.
Additionally, in [17], RNN with LSTM was used to predict PM2.5 for the next four
hours. Data was collected from 77 stations to measure air quality in Taiwan from 2012
to 2016. The study showed that the average RMSE values in each region were not sig-
nificantly different, but the RMSE between the single stations was different.

Other studies predicted the dust levels as it is one of the pollutants in the air. For
instance, in [18], the proposed model in the paper was LSTM-based dust prediction
model with TensorFlow. The data collected from the Korean Meteorological Adminis-
tration in Seoul and the results showed that RSME is 8.966 for fine dust levels expected
after 1 hour. Besides, in South Korea, another paper predicted the fine dust, and it
used RNN with Gated Recurrent Unit (GRU) [19]. The data was used from Air Korea
website and the Korea Meteorological Agency website from 2015 to 2017. The paper
has shown that the use of GRU is capable of predicting the PM10 and PM2.5 concen-
trations in the next one month. Furthermore, in South Korea, Seoul, another paper has
shown the hourly concentration of fine dust of 25 different stations, which belong to
distinctive districts [20]. The model successfully predicted the future dust with Mean
Squared Error (MSE) less than 10.7%. There is a study that proposed a model to fore-
cast the values of NO2, PM10 and PM2.5 for the next 24 hours [21]. The data was
collected from the meteorological in Delhi for five regions. It used BILSTM-A, LSTM,
Bidirectional Long Short Term Memory (BiLSTM), LSTM-A, and Random Forest.
The result showed that BILSTM-A has better performance for forecasting NO2 and
PM10 than the other models.

1JOE — Vol. 17, No. 14, 2021 53



2.3  Comparisons

After having a full analysis of the previous studies, an important part of the analysis
is to compare these studies with the proposed method that is LSTM.

Despite the previous two sections, this section will show some of the studies that
were made with LSTM and other techniques.

A study was made in the Bay of Algeciras, Spain to produce precise forecasts of the
NO2 concentrations [22]. In order to create the forecasting models, ANN and LSTM
were used in the forecasting process. Moreover, the study proposed a new forecasting
method based on the LSTM technique that combines LSTM with a cross-validation
procedure for time-series (LSTM-CVT). LSTM-CVT models were the best performing
models, which internally uses LSTM.

Another study was made to forecast the PM2.5 concentrations in eight Korean cities
by using deep learning models. The used deep learning models were RNN, LSTM,
and BiLSTM [23]. Principal components analysis (PCA) was used to solve the dimen-
sionality problem. The results showed that both of LSTM and BiLSTM have better
performance than RNN when applying PCA since RMSE and MAE values decreased
of up to 16.6% and 33.3%.

In [24], a study was done to predict the PM2.5 concentrations by combining and
applying Convolutional Neural Network (CNN) and LSTM to the PM2.5 forecasting
system. Moreover, traditional ML methods were used to forecast PM2.5 concentrations
such as MLP, Support Vector Machine (SVM), Random Forest (RF), Decision Tree
(DT), CNN, and LSTM. The results confirmed that the combination of CNN and LSTM
is very useful for the forecast of PM2.5 even though, the performances of CNN and
LSTM are both great.

The last study to compare with is [25], which used LSTM and deep autoencoder
(DAE) methods to forecast the fine PM concentrations. The models showed an effec-
tive prediction of fine PM concentrations. However, LSTM model showed better per-
formance than the other models.

From the previous four studies, we can conclude that the LSTM model has the
potential to perform predictions with reliable outcomes especially in time-series issues.

3 Methodology approach

Figure 1 represents the general model of Long Short Term Memory (LSTM) for
predicting PM 10 concentrations. A typical LSTM architecture is composed of an input
layer, hidden layers, dense layer, and output layer. Both of PM10 historical data and
meteorological factors will be represented as sequential data using vector feature and
then goes through the LSTM layer. Each LSTM unit has three gates:

e Input gate:
Controls the flow of input.
e Qutput gate:

Controls the output flow of the cell into the rest of the network.
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e Forget gate:

To decide which important information from a prior stage need to be kept or deleted.

Input layer LSTM layers Dense layer Output layer

| Historical PM10
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Fig. 1. The long short term memory (LSTM) general model

Through replacing RNN neurons with LSTM units, the network can learn the tempo-
ral dependencies within the data even though notable gaps occur between events. The
output of LSTM layers is passed through a fully connected hidden layer. The output
layer produces the concentrations of pollutant [3, 26, 27].

To assess the pollution level, the PM10 concentration will be measured against the
Air Quality Index scale (AQI) provided by the general authority of meteorology and
environmental protection as shown in Figure 2. The AQI is a simplified method for
identifying the status of air quality and it is based on data received from air quality
monitoring and control stations, where the concentrations of pollutants are converted
into simple numbers that can be understood by the public.

AQI Air Pollution Level

51-100 Moderate

101-150

151-200

201-300

301-500

Fig. 2. Air quality index (AQI) level

iJOE — Vol. 17, No. 14, 2021 55



3.1 Type of selected method

After being covered with the theoretical part of the existed technologies to predict
air pollution and being done with analyzing the previous studies, this proposed study
will focus on the practical part of the proposed method. The proposed method in this
study is LSTM, it is not a new method, and because of that, this method will be applied
with new data.

This study is a time-series study. Time-series is meant by having a change in data
over a specific time [3]. These data need to be analyzed in order to get knowledge from
them, and they can be used in many applications [3]. One of these applications is the
prediction of air pollution. LSTM can ideally make the prediction based on the analysis
of time-series, which was noticed during the analysis of the previous studies.

3.2  Data collection

The used data in this study was obtained from the General Authority of Meteorology
and Environmental Protection in Saudi Arabia, which includes data set for the PM10
concentrations in Riyadh and meteorological factors affecting the PM 10 prediction pro-
cess. The data set is collected every hour from the station during the period from 2016
to 2020. The meteorological parameters are Wind speed that expressed in meter per
second (m/s), wind direction in degree from the north, the temperature in degree Cel-
sius (0C), rainfall in millimeter per hour (mm/hr), and relative humidity in percentage

(%) [2].

3.3  Data analysis

PM10, So2, and No2 samples collected from several locations in Saudi Arabia from
2010 to 2018. Average annual acceptable concentration limit for PM10, So2, and No2
is equal to 80 ug/m3, 80 pg/m3 and 100 ug/m3 and there is no such limits standard for
03 and Co.

Figure 3 shows that PM10 have exceeded the limits for 26 times during this period.
The upward trends in PM10 concentration increased tremendously from 2013 to 2015
in Riyadh city ranged from 208 ug/m3 to 181 pg/m3. Excesses occurred during all the
years except 2010 to 2012 because there is no documented data according to the Gen-
eral Authority of Meteorology and Environmental Protection. However, there are no
extreme excesses of No2 and So2 due to the climatic and geographical nature of Saudi
Arabia, which is affected mostly by the occurrence of sandstorms/dust storms. The only
excess of No2 was from 2013 to 2015 years in Riyadh. Based on these observations,
PM10 is considered the main pollutant in Riyadh [2].
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Fig. 3. Annual average concentrations of PM10

4 PM10 forecasting model using LSTM

4.1 Data preprocessing

The data processing step is the most significant step due to its impact on the other
remaining steps. This step is the first step since if it was done professionally, then the
entire steps will be correct and easier to implement.

The data processing step included these several steps:

e Fill the missing data:

This was the first issue that was noticed and it is a very critical issue. One suggested
approach is to ignore this missing data and discard it from the data set [28]. However,
this approach is not valid since the data set is in time-series format. Another recom-
mended approach is to use an interpolate function [28]. Interpolate function was used
in this study due to its capabilities in accurate predicting the desired values when com-
pared to other techniques, like moving windows.

e Convert data to a supervised learning problem:

LSTM learns to depend on sequence data. Therefore, a key function has been used
to convert time-series data into a supervised learning problem. The columns divided
into input sequence of PM10 and factors variables and output variable, such that if the
current observation of input from varl(t - 1) to var6(t - 1) is provided as input and only
the varl(t) is considered as the predicted output.

e Split the data into input and output variables:

Before entering the data into the model, the division of columns into input sequence
of variables and output variable is concerned to be done.
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4.2 Enhancements

This study made several improvement steps on data before entering them into the
model. These improvements contributed to help the LSTM method to be used effi-
ciently to gain better prediction results.

The improvement steps are:

e The normalization step:

The goal of normalization is to bring all the variables to the same range in case of
having different ranges in features of the data set. Based on the experience, this step
made a huge improvement in the outcome. The used technique was MinMaxScaler,
which is a simple technique where the data are fitted into a pre-defined boundary [29].
The data was scaled (normalized) in the range between zero and one.

e The reshape step:

The goal of reshaping the data is to make them suitable to be entered into the LSTM
model. The reshape step was done specifically to transform the data to the 3D format
[samples, time steps, features], which is expected by the LSTM model to be entered
into it.

4.3  Training the model

Three layers have been used in the LSTM model. Each layer in the model contained
50 neurons. The model is trained for 100 epochs using the Adam optimizer. It took
nearly 10 to 15 minutes to train the LSTM model. The number of layers was increased
in this study after many tries to get more accurate results of prediction.

4.4 Implementation procedure

This experiment in Figure 4 used seven input features retrieved from Khalidia sta-
tion. The arrangement of the data set was in the appropriate time-series format where
each record is maintained hourly in chronological order. After that, when there are
missing values in the data, the interpolation function was used to solve this problem.
Next, all the data are normalized using MinMaxScaler function to bring all the values
to the same range, since LSTM model performance is increased when the values are in
zero to one range. The last step of preprocessing is to reshape the data to the 3D format
that is expected by LSTM model. Next step is to build the LSTM model then decide
if it is not optimized, the optimization will be made by using Adam optimizer and
three layers will be used in the model. If the model was optimized, then it will give the
predicted values of PM10. All these steps were done using multiple python packages
like keras, pandas, sklearn, and matplotlib.
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Fig. 4. The proposed algorithm

5 Results

In this section, the results of the model were presented. Figure 5 shows how the
actual data correlate with the predicted data. From the plot, it can be observed that
predicted values of this model perfectly match the actual values in most of the time.

LSTM PERFORMANCE ON TEST SET

10 1 — TRUTH
—— PREDICTION

0.8 1

0.6 1

PM10

0.4 1

0.2 1

0.0 1

0 1000 2000 3000 4000 5000 6000 7000
Fig. 5. The plot of the predicted and real PM10 values

iJOE — Vol. 17, No. 14, 2021 59



Figure 6 shows a sample of predicted and actual data. The numbers prove that the
model is effective and efficient in forecasting PM 10 values since the difference between
these two variables is very small.

[[ 48.114445] ([[ 47.87111801],

47.75465839 |,
E j; :323;24% E 47.63819876%,
[293. T
[295.198 ] [295. 1,
[297.24512 ] L 1D
[290.1626 1]
(@) (b)
Fig. 6. A comparison between the predicted and real PM10 values. (a) PM10 predicted values.
(b) PM10 real values

5.1 Major findings

After testing the LSTM model that was used in this study, some error rates measure-
ments have been applied. These measurements can be applied to a time-series predic-
tion problem, and the model has achieved the following:

e MAE measurement:
LSTM model has achieved the value of MAE as 0.98.
e RMSE measurement:
LSTM model has achieved the value of RMSE as 8.68.
e R-squared measurement:
LSTM model has achieved the value of R-Squared as 0.999.

The results have been compared with other researches that have been made in the
field of air pollution prediction. After the comparison, the proposed LSTM model
showed a lower error rate compared with other error rates in the researches, which
mean that the LSTM model has high accuracy across the 24 hours due to the low error
rate. The next section will show more details about the comparison of these error rates.

5.2 Comparison of error rates with other studies

Table 1 shows the comparison of RMSE values between this study and the other
studies that were made to predict the value of air pollution across the next 24 hours.
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Table 1. A comparison between this study and other studies

The used | RMSE Number of
The Study Name Technique | Value Year Hours
Air Pollution Forecasting Using Deep Learning LSTM. 8.68 2020 | Next 24 hours.
(this study).
Real Time Attention based Bidirectional Long LSTM. 96.58 | 2019 | Next 24 hours.

Short-Term Memory Networks for Air Pollution
Forecasting [21].

Development of daily PM10 and PM2.5 prediction LSTM. 15.19 | 2019 | Next 24 hours.
system using a deep long short-term memory neural
network model [30].

This comparison can prove that this study has a less error rate than the other studies.
The proposed methodology achieved more accurate results than other studies due to
the improvements that have been made in this paper. These improvements included
some steps such as normalization step and adding more layers to increase the learning
process. This study has shown that the LSTM method that was used is considered as a
reliable method in predicting the value of air pollution across the next 24 hours since it
has the lowest error rate value.

6 Discussion

The methodology in this study has been applied to one region in Saudi Arabia that is
Riyadh, and it can be applied to any other regions in Saudi Arabia.

The proposed method is shown to be highly accurate at predicting the concentra-
tions of PM10. The predicted PM10 values that were obtained after training the LSTM
model were very close to the real values of PM 10, which means that the LSTM model
is very reliable, and as a result, it can be applied in smart cities in the future. Due to the
high accuracy of this methodology, it can overcome all the problems of air pollution.

In future, this study can be extended to be embedded with the Internet of Things
(IoT) devices where it can be used in dangerous situations. When having a very high
pollution value, the window will automatically close, and the application will alert the
people in the house of the PM10 level. After integrating this project with IoT devices,
it can be used efficiently in smart cities.

The limitations were rarely found because this study was done based on a sched-
uled plan. However, one limitation was about the data cleaning process, since it is a
time-consuming step.

7 Conclusion

In Saudi Arabia, dust frequently occurs during specific periods, and there is the fact
that no system has been found in it to predict the percentage of air pollution. Conse-
quently, this paper applied an air pollution prediction system on the most affected area
in Saudi Arabia, the Riyadh city.
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This research applied the LSTM technique on one of the stations that exist in Riyadh
city. The achieved results were exceptional due to some improvements that have been
made on the proposed methodology. One of these improvements was the normalization
step that has been made on the data set before entering it to the model. According to
the promising testing results that were obtained by this research, the LSTM model
achieved an RMSE value of 8.68, MAE value of 0.98, and R-Squared value of 0.999.
With the reliable results that were achieved, the model showed a lower error rate than
the other researches that have been made in the field of air pollution prediction.

This study showed high accuracy in predicting the percentage of PM10 values
compared with the other studies. Hence, this study can be applied to any region in
Saudi Arabia. To enhance the performance of the proposed algorithm some improve-
ments have been made to it to achieve a lower error rate than the other researches. The
improvements were like increasing the number of layers to increase the deep learning
technique in order to get high accuracy and normalize the data set that aided in a huge
improvement on the accuracy.
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