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Abstract—Monitoring air quality is a topic of current interest,
since poor quality has a negative impact on health. Air quality is
affected by different pollutants, such as particulate matter and
gases, produced by the growing industrial development. As a
preventive measure, Mexico established different standards in
order to control airborne pollution. In this paper, we propose a
methodology based upon a recurrent long-term/short-term
memory network for the prediction of exceedances of PM10
(particles of less or equal diameter than 10 micrometers) with time
intervals of 72, 48 and 24 hours in advance. Obtaining a
satisfactory percentage of prediction as a whole a minimum
variability in repetitive experimental runs.

small size that they are able to enter the bloodstream by
breathing them, causing serious health problems [1,2].
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I. INTRODUCTION
The industrial development achieved today has not only
brought great benefits and facilities for daily life, but has also
caused environmental problems. Air pollution is one of these
problems, which seriously affects health, generating various ills
[1]. In response, environmental monitoring facilities have been
developed, which record the various concentrations of pollutants
in a defined time interval. Like several variables that affect these
concentrations such as: temperature, relative humidity, wind
direction, and the geographical area where the measurement is
recorded [2]. The interaction of these variables makes the
behavior of the particulate matter highly random, increasing the
complexity of modeling their behavior. The particulate material
being an air pollutant analyzed in this article. As they are values
recorded at defined time intervals, recurrent neural networks
have demonstrated their efficiency in modeling the behavior of
data recorded with the same capture frequency [3].
First of all, the Particulate material includes all suspended
particles, whether its origin is natural or artificial. Therefore, the
mechanisms to which these particles are dispersed through the
atmosphere are different in comparison to most of the harmful
gasses in the atmosphere. Some of these particles are of such a
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Some of these particles include: PM10, PM2.5 and ultrafine. Where PM means “Particulate Matter” and the number then
determines the maximum size in microns (µm) as mentioned by
Concepción-Jiménez [1]. From the above mentioned
classification PM10 particles were selected, as the case study,
which are mainly composed of substrates, nitrates, mineral
powders, and pollen [4]. In the case of the predictive analysis of
the neural network to be used, the focus was on modelling the
behaviour of PM10 particles as well as on the characteristics that
precede their exceedance.
They are called exceedance when the PM10 particle value
exceeds the values defined by some standard. For example, the
Mexican standard NOM-025-SSA1-2014 establishes a daily
average of 75 𝜇𝑔/𝑚 ' and 40 𝜇𝑔/𝑚 ' annually. By definition of
the standard, it is necessary to know the registered values of
pollutants during a day to determine if the average is below or
above the value of the norm, in the same way to know the annual
average value.
The main reason for the study of the exceedances is that it
has been shown that prolonged exposure to high concentrations
of particles in the environment (PM10) is related to increased
respiratory and cardiovascular problems. Similarly, the World
Health Organization (WHO) has proposed standards, even
though it is estimated that 91% of the world population lives in
places where the established guidelines are not followed with
respect to the established levels [5].
The neural network artificial are inspired by the very neurons
that make up a brain, they were developed to simulate the ability
to learn, using simple elements. These elements can be classified
into input, processing and output elements; all these can be
interconnected or not [3,6]. In Figure 1, a schematic of a basic
neural network is shown.

prediction of exceedances based on the records of the previous
days, comparing a linear regression, with a LSTM network,
using data recorded in Seoul, Korea, between January 2015 and
March 2016.

Warren McCulloch and Walter Pitts pioneers in the
development of a computer model for an artificial neuron, the
basic element of a neuron network, called threshold logic [7].
Over the years, different network topologies have been
proposed, each with advantages to solve different problems,
whether they are classification, detection, characterization, etc.
In 1997, Hochreiter and Schmidhuder proposed the LSTM
model (Long Short-Term Memory), unlike a simple recurrent
neural network that has a long-term memory in the form of
weights, which are modified during the training of the network
and short-term memory defined in activation functions between
the communication of the nodes of neurons [8]. The LSTM
model introduces a block of internal memory, composed of
simple blocks connected in a specific way (Figure 2), each of
them are described as follows [9]:
•

Input node: represented by “a1” is a node whose activation
is usually a sigmoid, which weights the input values.

•

Input gate: “a2” is a characteristic of the LSTM. Take the
current points in conjunction with the data from a previous
step. Managing a logical flag if it is zero cuts the data flow
between the nodes and if one is the data pass through it.
Acting as a block memory control.

•

Internal state: it is the most important part, referenced with
an “S”, this node has a recurring connection, this connection
is usually called a carousel of constant errors. This block
prevents the error from increasing.

•

Oblivion gate: “a4” introduced by Ger in 2000, provides a
method by which the network can adjust to the content of
the internal state. Especially for the use of time series.

•

Output gate: “output” is the value produced by the value of
the internal state multiplied by the value of the output gate
“a3”, to ensure this output the activation function of the first
state is a function tanh.

The LSTM network was evaluated with different hidden
neuron values in conjunction with different lot size values. The
best result obtained was 3.54 of MSE and 1.86 of RMSE, in the
modeling of the behavior of PM10 particles, with these results
the behavior predicted by the network allowed the prediction of
exceedances in a previously defined day [3].
Another work of 2002, the author Brunelli generated a
mathematical model for the prediction of exceedances of SO2,
being able to predict them three hours in advance [6]. The main
disadvantage of the previous work is that the SO2 particles are
easily modelled by means of the behavior of the temperature in
the environment.
II. MATERIAL AND METHODS.
A. Materials.
Mexico has a constant monitoring network in Mexico City
(CDMX) called the Atmospheric Monitoring Network
(RAMA). This network has 24 stations distributed in different
municipalities. Each station registers in each hour the levels of
different atmospheric pollutants such as the level of ozone,
nitrogen dioxide, nitrogen oxides, nitrogen monoxides, sulphur
dioxide, carbon monoxides, PM10, PM2.5, among others [10].
This database is available on RAMA [10]. In this work used
the data from the Merced monitoring station (MER), from the
year 2000 to 2018 for training purposes. In Figure 3, it is
observed its location being a central point.

B. Model construction.
Before defining the structure of the network, it is necessary
to scale the training data in a range of -1 to 1, with the purpose
of decreasing the non-linearity of the initial data, facilitating the
training of the LSTM neural network.
•

Modeling neural network.

This network has 50 neurons in the input layer followed by
a hidden layer of 256 neurons and ends with a complete
connection layer to which it produces the output vector [12].
Currently, there are few works on the prediction of
exceedances of PM10 particles, from the last developed works
we found the one made by Park [3], which consisted of the

v Layer 1 consists of 50 LSTM neurons, which will take
the first 50 data and expand them to feed the second
layer, generating a record of them.
v Layer 2 consists of 256 LSTM neurons.

v Layer 3 is a simple neuron, which based on the previous
recorded data will generate a new value, successively.
•

Predictive neural network.

For this the number of incoming neurons is determined by
the length of the input vector determined by the number of
values prior to evaluating, since 24, 48 and 72 hours, each one
represents the previous hours registered to an exceedance and
days without exceedances. In its second layer, it is an output
layer of a neuron.
v Layer 1 each neuron receives a value from the input data
vector, which generates an output response.
v Layer 2 receives the results of the first network and
generates a classification, given that initially the days
with and without exceedances are known, the network
uses a continuous regression to adjust its weights and
obtain the expected result.
•

Complete model.

Figure 4 shows the connection between the two neural
networks; the first three layers are from the modeling network
of the behavior of the PM10 and the next two layers are from the
classification network. Once the two networks previously
included are present, the first network supplies a previously
established length vector (between 72, 48 and 24) and the second
network provides a flag if the day after the length of the vector
will be an exceedance or not.

Where: YM is the vector of values modeled by the LSTM
network, YR represents the vector of the actual comparison
values, and n represents the length of the analyzed vector, both
the YM and YR vector +must be of the same length
Meanwhile, the RMSE represents the standard deviation
between actual and predicted values, and it is simply to apply a
square root to the MSE, generating the following equation:
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D. Methodology.
The following diagram (Figure 5) describes
methodology used during the development of this work.

(2)

the

The study data were acquired from the RAMA database of
Mexico City, from January 2000 to December 2018. Due to the
industrial and residential development of the city, several
monitoring stations were incompatible or removed from the
network during the course of the years, the first step is to detect
the constant stations from 2000 to date, thus reducing the
possible stations for the study. Subsequently, these records were
evaluated, in order to detect that station with the highest number
of valid records with which to train the neural network.
In the sections where the data is not valid, it is proposed to
replace it with values generated by an average between the data
before and after said section, in order to continue in a certain
way with the behavior of PM10 particles. Before supplying the
values to the network, it was necessary to generate a single data
vector, in order to have a continuous vector from 2000 to 2017.
The LSTM network uses an 80-20 ratio for training and
validation, 80 represents the percentage of data used for training
while the remaining 20 is used for the validation of the model,
the results will be evaluated through the MSE and the RMSE.

C. Evaluation of the model.
To evaluate the correct modeling generated by the LSTM
network, the Mean Square Error (MSE) and the Root Mean
Square Error (RMSE) were implemented, the MSE measures the
average of the squared errors, in other words, it measures the
difference of the real data and the estimates, its equation is
represented below:
1
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In a parallel cycle the original data will be grouped into
sections of 24 data, this will allow to know the average recorded
individually for the days from 2000 to 2015. Identifying the days
with exceedances and also keeping a vector of the conditions
prior to the registration of said leave. These records will be used
to train the second network.
Having the modeling of PM10 particles provided by the first
network and the second being able to anticipate the day of leave,
the years 2017 and 2018 were used to evaluate both networks
and observe their ability to predict together.

III. RESULTS AND DISCUSSIONS.
The recurrent network LSTM shows a mean root mean
square error (RMSE) of 18.0342, both are relatively good
results, in Figure 6 we can appreciate the behavior of the data
recorded by the station, blue and orange color shows the
behavior predicted by the network, it may not reach the highest
peaks but you can perceive a similarity in the behavior of both
graphs.
By increasing the scale of the graph, it is possible to observe
the similarities in the behavior of both registers, in Figure 7 the
behavior can be observed in the first 500 hours of the year.

In the areas where the sensor had measurement problems,
registering outliers, the predicted values are able to complete a
behavior similar to the one that has no valid data.
In Figure 8 the exceedances registered by the monitoring
station are observed in blue, while in orange the ones registered
by the data supplied by the LSTM network and evaluated by the
classification network are shown. The green line shows the
maximum value allowed by the Mexican norm.

The results of the prediction vary depending on the
anticipation time with which work is carried out, the shorter the
time the more stable the predictions are when evaluating
repetitively. However, 72 hours is perceived in occasions
considerably lower, obtaining 9% prediction for a prediction.
The reason for this, needs further investigation. In the three time
intervals have a steady result of around 89% prediction, which
shows consistency for most test runs. In Figure 9, it is shown the
variations obtained by evaluating the network 50 times.

IV. CONCLUSIONS.
With the present work, the great versatility of an LSTM
network and a simple neural network for the prediction of
exceedances in an interval of 48 and 24 hours previous was
demonstrated. In the case of 72 hours in advance, it will be
crucial to investigate the reasons for some predictions lower than
expected and improve upon the modeling of the behavior of the
PM10 particles in order to reduce or eliminate the low
percentages of prediction obtained regularly.
Alternatives of solution can be several, initially it is possible
to revise the proposal of the missing data not registered by the
stations, in this work an average was made between the behavior
before and after the registration of outliers. Another solution
could be to generate an average by comparing the behavior at
the precise moment in which the sensor recorded the -99 with
the value recorded previous or later years.
The next step would be to review the training of the LSTM
network, with numerous possible combinations in the
parameters that characterize the network architecture.
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