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Modeling based on artificial neural networks: Long Short-Term
Memory for pollution in Metropolitan Lima
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%
Abstract: Particulate matter (PM) is a mixture of fine dust and tiny droplets of liquid suspended
in the air. PMjq are pollutant particles with a diameter of less than 10 micrometers. These particles
are harmful to the respiratory system. The air quality in the region and capital Lima in the Republic
of Peru has been investigated in recent years. In this context, statistical analyses of PM;y data with
forecast models can contribute to planning actions that can improve air quality. The objective of
this work is to perform a statistical analysis of the available PM;( data and evaluate the quality of
time series classical models and neural networks for short-term forecasting. The Box-Jenkins models
showed the best performance for short-term forecasting compared to the neural network models
considered.

Keywords: neural network; modeling; artificial intelligence

1. Introduction

Currently, the generation of pollutants in the air has experienced a significant increase,
predominantly in the form of gases and suspended particles of sizes dangerously small
for human health. This situation represents a worrying motivation for environmental
health. According to Sanchez [1], it is crucial to understand this phenomenon from a
spatiotemporal framework, by studying elements that provide measurable data to explain
the interaction between matter and energy in the environment. Similarly, Mahmud [2]
suggests the importance of examining different elements within a dynamic field, which
changes rapidly due to the variability of its spatial and temporal components, thus allowing
objective, explainable and understandable research in the environmental field.

According to [3,4], one of the methods that allows the modeling of suspended xenobi-
otics is the spatial and temporal analysis of the effects of PM;, as well as the influence of
meteorological variables such as temperature and wind on air quality. In [5] they highlight
that the understanding of these particles, due to their size, is worrying, especially due to
their levels of permanence and invasion in the respiratory tract. In this context, [6] made
favorable predictions through singular spectral analysis. This approach is considered a
reliable stochastic process to draw a spatiotemporal visualization of PMy, a pollutant with
a great impact on exposed populations.

Singular spectral analysis (SSA) has proven to be an effective tool in the prediction
of air pollutants such as PM;g, due to its ability to decompose complex time series into
simpler components, thereby facilitating the identification of underlying patterns and
trends in air quality data. According to the study [7], the combination of SSA with machine
learning techniques significantly improves the accuracy in prediction of airborne pollutants.
Furthermore, the integrated SSA-ARIMA approach, described in [8], enables multi-day
forecasts with high confidence, applicable also to particulate matter such as PM;,. For
its part, the study [9] presents hybrid deep learning models that, combined with SSA,
offer high performance in the long-term prediction of pollutants such as PM;y and PM; 5,
highlighting the value of advanced techniques in the evaluation and control of air quality.
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Mach tries to take the sensory perception of pollutants towards a current, agile and
dynamic quantification system, capable of being modeled and understood through statisti-
cal processes. On the other hand, Matthews (2020) states that there are frequent variability
measures within the spatial components, subject to certain meteorological factors that can
generate white noise. However, Rojas et al (2010) establishes that the time series comprise
a dynamic system, defined as a linear combination of various oscillators, which through
series projection in principal components developed in the time-frequency domain, which
allows establishing dominant oscillation models and associating them with various events
compromised with PM;, particulates. Aguilar (2017) Singular spectral analysis (5SA) is
a fundamental part of the probabilistic prediction of the energy process, autoregressive
models to predict modular behaviors of matter. For Li et al (2021), the usefulness of the SSA
method accompanied by others that helped to decompose the data improved the spectral
analysis of Nx emission, considering its proportions and effects on the environment.

Finally, it is worth pointing out that few studies have been carried out in Peru related
to suspended particulate pollutants. The last study related to pollutants smaller than
10 microns by Espinoza (2018) analyzed the spatial and temporal distribution of PMjg
concentration in Metropolitan Lima in the period 2015-2017 with results above quality
standards, however, no specific spectral studies have been carried out in order to trace
sufficient frequencies to understand pollution within atmospheric patterns. Plocoste (2017)
It is important to note that concentrations have non-linear behavior and fluctuate strongly
on space-time scales that allows to visualize and describe widespread pollution and trace
its permanence. Armstrong et al (2017) Air pollution is directly related to respirable oxygen
being contaminated by compounds such as CO;, so Goudarzi (2018) concludes that human
impact on the planet is notable and the attempt to reduce it is increasingly urgent. In that
sense, the objective of this research is to model and forecast the concentration of PM;, per
hour based on artificial neural networks and traditional models.

2. Methodology

In this study, PM;g data from Peru were used. This analysis considered five weather
stations located in the region of the province of Lima. The study area comprises the capital
of the Peru Republic, the province of Lima (Figure 1). Lima is located at 77° W and 12° S of
the South American continent. The data used covers the period 2017-2018.
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Figure 1. Map with study area and locations of the Lima air quality monitoring stations: Ate (ATE),
Campo de Marte (CDM), Carabayllo (CRB), Huachipa (HCH) and San Martin de Porres (SMP).
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To evaluate the prediction accuracy of the models, the PM; time series was divided
into 10 training and test sets. From the first defined training set, a forecast of days seven
ahead was carried out. Then, the training set received one more observation, and again the
forecast seven days ahead. Following this methodology, the steps mentioned above were
carried out 10 times.

In this work, the classical time series models were used, such as the Box-Jenkins and
exponential smoothing models. Also, Autoregressive neural network models (NNAR),
multilayer perceptrons (MLP) and long short term memory (LSTM) were used. Further-
more, the naive models, TBATS, dynamic linear model (DLM), and singular spectrum
analysis (SSA) were adopted.

2.1. Box-Jenkins Models

The Box-Jenkins [10] methodology is widely used in analyzing parametric time series
models. This methodology includes fitting integrated autoregressive moving average mod-
els, ARIMA(p, d, q), to a data set using the autocorrelation functions between observations.

The model used was seasonal ARIMA (SARIMA), which incorporated the seasonality
component into the data. The structure of the seasonal ARIMA model of order (p,d, q) x
(P,D,Q)s is given by

¢(B)®(B*)AAPZ; = 0(B)©O(B*)a; (1)

where 4; is white noise; ¢(B) is the autoregressive operator of order p; 6(B) is the moving
average operator of order g; ®(B°) is the seasonal autoregressive operator of order P; ©(B*)
is the seasonal moving average operator of order Q; A? is the simple difference operator and;
AP is the seasonal difference operator; s is the number of observations per year (period).
The Box-Jenkins model was obtained using the algorithm proposed by Hyndman and
Khandakar [11].

2.2. Exponential Smoothing Method

The exponential smoothing method was proposed in the 1950s by [12], [13] and [14]. In
this method, forecasts are generated from a weighted average of past observations, with the
weight of observations decreasing exponentially as the observations age. Hyndman et al.
[15] proposed a classification that depends on the time series’ error, trend, and seasonality.
The error can be additive (A) or multiplicative (M), the trend can be additive (A), additive
with damping (A,), or in the case of non-existence, none (N), in turn, seasonality, can be
additive (A), multiplicative (M) or none (N). Therefore, each exponential smoothing model
used in this work can be classified as ETS (Error, Trend, Seasonality). Furthermore, the
ETS algorithm proposed by Hyndman [16] was used to adjust the exponential smoothing
models.

2.3. Neural network autoregression

The NNAR model is capable to capture the time series components of level, trend and
seasonality. This paper has used the algorithm proposed by [17].
According to [18], the NNAR model can be defined by

p P
zZj = f <0<j + le Wi iYr—i + Z} wz‘,jytim> ,
1= 1=

7 =g(ap+ 2 wjzj),
j=1

(2)

such that z; represents the j-th hidden layer neuron, p represents the number of input layer
neurons of the non-seasonal time series part, P represents the number of input layer of the
seasonal part, a; represents the intercept of the j-th hidden neuron, &y is the intercept of
the output neuron, w; ; denotes the weights assigned to the connection between the input
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and the hidden layer, w; are the weights of the connection between the hidden and the
output layer, y;_; and y;_;,, are the observations (covariates or neurons) of the input layer
(Ye—1,Yt—2, - Yt—ps Yt—m Ye—2ms - - -, Ye—Pm), f(+) is the activation function introduced in
this work by logistic function and g(-) is a function that permits a final transformation of
the output.

Thus, the NNAR(p, P, k),, model considers a feedforward network with one hidden
layer, p inputs, k nodes in the hidden layer, P seasonal lags and m periods of time series
[18].

2.4. Multi-layer perceptron

The MLP model or feedforward neural network is a mathematical function mapping a
sort of input values to output values. According to [19], the main objective of a feedforward
neural network is to approximate any function f*, defining a mapping Y = f(x;6) and
learn the value of the parameter 6 that makes the better function approximation.

The MLP model proposed by [20] is defined by

N
Y=0vo+)_ ng(w]-Tx ) 3)
=1

where x_ is the input vector x, augmented with 1, i.e,, x = (1, xT)T , Wjis the weight vector
for the jth hidden node, v is the output layer intercept, vy, ..., vy are the weights for the
output node, Y is the network output, and g is the activation function used to allow a
possible nonlinearity at the hidden layer. We used the logistic activation function. In this
work, the algorithm used was developed by [21].

2.5. Long short-term memory

The LSTM network is a special kind of recurrent neural network (RNN) and was
proposed by [22] to avoid the long-term dependency problem. RNN are useful for time
series data considering that each neuron can use its internal “memory" to maintain the
information of the previous input. The fundamental issue in a simple RNN is the vanishing
gradient problem, the incapability to capture the long-term dependencies in a series, i.e.,
the recurrent connections allow a “memory" of previous inputs to persist in the network’s
internal state, influencing the network output [23]. This problem is solved using a LSTM
network, which considers long-term dependencies in a time series.

In this work, we introduced the LSTM model following the description given by [24]
and [25]. Thus, the LSTM structure follows the equations:

i = O’(Wixxt + Wihy 1 + bi)

f; = O'(foxt TF thht,1 TF bf)

gt = tanh(Wgyx; + Wophy 1 + bg)
0 = 0(Woxxt + Wophi—1 +by)
¢=fi0c¢ 1 +itOg

hi =0:©® tanh(ct)

4)

where h; is the hidden state at time ¢, c; is the cell state at time ¢, x; is the input at time £,
h;_; is the hidden state of layer at time ¢ — 1 or the initial state at time 0, and i, f;, g, o;
are input gates, forget, cell and output. ¢ is the activation function (sigmoid), and © is the
Hadamard product. The W terms denote weight matrices and b are bias vectors. In this
study, it was used the algorithm developed by [26] and [27].

The LSTM model was defined with 50 hidden layer nodes, 100 epochs on training, and
an ADAM optimizer with a learning rate equal to 0.001. This configuration was proposed
following [28] and [29]. To obtain the optimal parameters, the grid search method was used
[29].
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2.6. Dynamic linear model

The DLM or state space model define a very general class of time series models
[30]. DLM consider terms to model trends, seasonality, covariates, and autoregressive
components. From a state-space structure, the general form of the DLM can be written
using two main equations. The so-called observational equation (Equation 5) and the
system evolution equation (Equation 6) [30] are given by

Y = Fl6;+v:, v~ N(0,V) ®)

0 = Giby—1 +wr, wr ~ N(0, Wy) (6)

where 6; is the state vector in time ¢, F; is a known vector, and Gy is a known matrix of the
evolution of the system. It is assumed that V; is the variance associated with the error of
the observational equation and W; is a covariance matrix associated with the errors of the
evolution equation of the system.

As mentioned, F; and G; are known and used to build the structure of the model
according to the components found in the series to be analyzed - level, trend, and seasonality.
In this work, it was adopted a linear growth model with a monthly seasonal component
using standard specifications of the package DLM [31]. We performed the estimation of the
observational variance V; and the evolution covariance matrix W; through MCMC method,
using the Gibbs sampler algorithm.

3. Results

In this section, an exploratory analysis will be presented for PM;( data from meteo-
rological stations in Peru. Then, the time series models will be used to obtain short-term
forecasting of PMyj.

3.1. Exploratory Analysis

Figure 2 shows the PMj( concentration trajectory of the monitoring station in Peru. The
HCH station presented the highest PM;y concentration followed by the ATE station. On the
other hand, the CDM station had the lowest daily PMjy concentration rates (Figure 3). The
highest daily PM;( concentration value occurred in April 2018 at the HCH meteorological
station.

— SMP
S A HCH
<~ — CRB
— CDM
ATE
o
~ 9
s ™
€
(o2}
2 o
s O o
s N
o
o
O -
—
o
I I I I I
2017.0 2017.5 2018.0 2018.5 2019.0

Time

Figure 2. Average daily concentration of PM1y between 2017 and 2018 for monitoring station in Peru.

Table 1 provides the main statistical measures of daily PM;( concentration for meteo-
rological stations considered in this study. It can be seen in this table that the HCH station
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Figure 3. Hourly (a) and daily (b) PM;y boxplots for the monitoring stations located in Peru.

has the highest average concentration of PMjj and also greater variability. And the ATE
station with the lowest average PM;.

Table 1. Statistical measures for daily PM;j( concentration from weather stations.

Measures SMP HCH CRB CDM ATE

Minimum 26.01 2222 17.84 2512 41.26
1stQu. 72.89 8621 3938 4435 99.59

Median 8529 126.61 4640 51.46 118.19

Mean 86.05 130.03 48.69 5230 121.56

3rd Qu. 97.69 16656 54.63 57.51 138.72

Maximum 161.97 435.15 128.44 136.16 280.72
Standard deviation 20.88 58.63 14.50 12.25 33.29

Hourly temperature and PMjj data at each station analyzed did not present a correla-
tion (Figure 4). The HCH station presented the highest correlation between stations, being
approximately 0.4, but still a low value.

o
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Figure 4. Spatial distribution of the correlation between temperature and PM;( at meteorological
stations (SMP, HCH, CRB, CDM, ATE) in Peru.
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Figure 5(a) presents the spatial correlation between weather stations considered in
Peru. This figure shows that the highest correlation (0.63) occurred between the SMP and
ATE stations. On the other hand, the spatial correlation between monitoring stations for
the temperature variable is greater than 0.70 (Figure 5(b)). Therefore, there is a low spatial
correlation between some air quality monitoring stations for variable PM;y compared with
temperature variable.

@ (b)
hch 0.4 0.73 hsh ‘ ' ‘ :‘4
crb ; 0.83 0.70 crb ‘ ‘ 0
0.56 cdm -0:4 0.83 0.74 0.82 cdm ‘ -04

Figure 5. Spatial correlation between weather stations for PMj (a) and temperature (b) in Peru.

3.2. Application of forecasting models.

Table 2 presents the RMSE and sMAPE accuracy measures for the forecast models
in each test set and the average. Based on the average values of the RMSE and sMAPE
metrics, the Box-Jenkins model presented the best prediction accuracy for PMj, data of
SMP station.

Table 2. Forecasting performance of the 9 models applied to the PM;; data of the SMP station via
RMSE and sMAPE metrics.

Metric Sets ETS ARIMA TBATS NNAR MLP DLM SSA NAIVE LSTM
1 8.07 1213 9.99 8.86 1051 3973 808 1561 9.89

11.86 13.69 1228 1387 1346 4170 1323 1247 13.19
1595 15.12 1493 1977 1794 1332 1841 1557 13.62
18.13 16.36 1695 2217 2087 1370 21.70 1722 13.18
2041 15.96 1777 2540 2317 3876 2376 2296 1492
2439 15.51 18.87 2831 2659 8210 24.87 3753 21.54
23.80 15.34 18.06 2694 2440 1591 2582 21.82 1398
21.76  15.00 1747 2488 2364 2777 2622 1538 15.65
16.92 12.88 1475 1896 2019 6644 2532 1075 15.07
10 13.83 14.05 15.02  14.69 20.08 4824 2081 1405 2223
Average 17.51 14.60 1561 2039 2008 3877 2082 1834 1533
1 375 559 4.06 4.60 5.57 1837 370 8.30 5.07
541 727 591 6.18 6.18 3434 622 595 6.67
827 842 7.97 9.89 8.88 7.39 9.27 815 791
10.47 10.09 10.07 1252 1139 837 11.66 10.24 8.20
12.47 10.16 11.08 1515 13.80 20.65 14.06 13.78 9.82
15.12 10.05 1217 1773 1672 36.88 1523 2230 14.22
1495 10.08 1145 16.88 1519 9.89 16.01 13.70 9.29
13.84 9.96 11.30 16.03 1515 20.17 16.00 10.17 10.32
11.12 8.83 9.96 1246 13.01 6775 1583 6.14 10.05
10 946 9.10 9.82 9.79 1254 60.07 1347 894 14.46
Average 1049 8.95 9.38 1212 11.84 2839 1214 10.77 9.60

RMSE

O 0O N O Ul WIN

sMAPE
OO N U W

Finally, it is worth pointing out that few studies have been carried out in Peru related
to suspended particulate pollutants. The last study related to pollutants smaller than
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Table 3. Forecasting performance of the nine models applied to the PM( data of the HCH station via

RMSE and sMAPE metrics.

Metric  Sets ETS ARIMA TBATS NNAR MLP DLM SSA NAIVE LSTM
1 7522 41.61 3784 39.03 3877 4133 4785 5638 11.12
2 61.50 42.79 39.08 4653 4050 6216 5898 36.13 11.68
3 43.87 37.37 3454 3679 30.84 8241 5758 2263 16.23
4 19.68 23.66 2093 36.60 1535 167.44 43.67 33.82 14.78

H 5 2471 26.95 2517 4181 1740 1876 31.74 1642 1491
> 6 2445 2296 2212 5073 1693 1726 1821 17.17 15.01
~ 7 42.72  30.08 2890 49.70 21.15 98.88 1440 3239 17.06
8 53.26 33.73 3287 6584 2955 7775 11.16 39.01 18.88

9 2648 22.54 21.04 2181 1545 10738 9.19 12,68 15.71
10 25.84 24.07 2339 36.61 1889 1132 1332 1240 20.76

Average 39.77 30.58 2859 4254 2448 6847 30.61 2790 15.62

1 1991 11.52 1043 1099 1041 10.80 13.12 1547 572

2 1744 12.35 11.22 1324 1141 2361 1688 1020 5.91

3 12.89 11.17 10.24 1092 9.03 3854 1674 7.15 9.17

4 592 6.21 5.88 9.33 4.63 79.16 1293 1151 9.01

E 5 774 7.86 7.47 1122 582 5.95 944  4.65 9.81
< 6 814 6.79 7.05 13.80 5.05 5.10 523 4.84 10.08
% 7 12.89 9.10 9.01 15.09 6.78 2455 471 10.06 10.99
8 16.74 11.09 1091 19.68 9.86 2233 294 1292 12.02

9 7.88 7.19 6.77 6.14 5.31 6235 237 397 10.39

10 8.04 773 7.46 10.76 597 3.55 350 4.35 13.48

Average 11.76 9.10 8.64 1212 743 2759 879 851 9.66

Table 4. Forecasting performance of the nine models applied to the PM; data of the CRB station via

RMSE and sMAPE metrics.
ETS ARIMA TBATS NNAR MLP DLM SSA Ingénuo Hybrid

1 5.61 529 5.30 7.40 7.90 20.10 5.67 9.63 5.14

2 6.30 6.64 6.50 7.81 7.57 4028 6.65 891 6.27

3 712 7.07 6.88 9.43 9.10 8.13 775 7.10 7.07

4 728 7.04 6.84 1042 9.34 1249 775 752 7.15

= 5 774 7.26 6.89 11.30  10.02 1219 829 8.21 7.50

E 6 10.31 8.87 8.57 13.27 1265 3832 885 16.02 9.58

7 9.57 797 6.43 1193 1146 8.86 9.18 8.11 8.75

8 9.18 8.19 7.85 1211 1176  6.97 950 8.04 8.68

9 4.33 4.18 3.50 6.96 6.87 45.43 8.21 8.40 4.18

10 438 541 5.09 9.29 8.76 11.74 693 554 4.80

Average 7.18 6.79 6.38 9.99 9.54 2045 7.88 8.75 6.91

1 5.70 4.26 422 7.72 8.03 1874 531 9.49 4.38

2 489 6.87 6.42 6.61 6.17 70.78 598 1051 5.38

3 6.80 7.38 7.21 8.98 8.29 8.71 715 776 7.08

4 706 7.05 6.95 1056  9.23 11.87 730 6.96 7.06

E 5 791 7.64 7.31 1232 1058 1279 837 849 7.77
< 6 11.50 10.09 9.71 15.07 1433 3263 949 1773 10.80

% 7 10.66 8.64 7.19 13.39 1284 11.08 991 8.69 9.59

8 1051 9.29 8.61 1426 1390 7.69 10.10 9.01 9.91

9 489 445 3.94 7.87 7.67 79.69 9.08 1149 4.65

10 520 6.11 5.80 9.99 8.78 1829 791 6.57 5.67

Average 7.51 7.18 6.74 10.68 9.98 2723 8.06 9.67 7.23

10 microns by Espinoza (2018) analyzed the spatial and temporal distribution of PMjq
concentration in Metropolitan Lima in the period 2015-2017 with results above quality
standards, however, no specific spectral studies have been carried out in order to trace
sufficient frequencies to understand pollution within atmospheric patterns. Plocoste (2017)
It is important to note that concentrations have non-linear behavior and fluctuate strongly
on space-time scales that allows to visualize and describe widespread pollution and trace
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ETS ARIMA TBATS NNAR MLP DLM SSA Ingénuo Hybrid

1 7.44 6.70 6.38 7.59 8.47 466  5.56 7.16 7.06
2 8.61 8.63 8.35 9.61 9.54 2427 737 7.11 8.61
3 9.70 9.56 9.17 10.77 1098 26.21 8.04 11.70 9.63
4 1018 10.03 9.62 1222 11.31 6.82 8.76 9.09 10.10
5 10.75 10.53 10.13 11.87 1197 20.89 8.84 12.91 10.64
6 10.96 10.78 10.36 13.26 12.14 14.37 10.30 6.40 10.86
7 892 9.49 9.07 12.05 10.16 20.62 8.86 4.57 9.19
8 7.72 8.73 8.36 11.59 9.51 8.32 8.41 4.66 8.20
9 5.45 7.18 6.65 8.61 775 29.59 8.52 8.71 6.23
10 5.80 8.13 7.74 10.48 9.55 11.52 8.87 4.75 6.87
11 8.55 8.98 8.58 10.80 10.14 16.73 8.36 7.71 8.74

its permanence. Armstrong et al (2017) Air pollution is directly related to respirable oxygen
being contaminated by compounds such as CO;, so Goudarzi (2018) concludes that human
impact on the planet is notable and the attempt to reduce it is increasingly urgent. In that
sense, the objective of this research is to model and forecast the concentration of PM;, per
hour based on artificial neural networks and traditional models.

ETS ARIMA TBATS NNAR MLP DLM SSA Ingénuo Hybrid

1 6.47 6.04 5.83 6.23 712 3.91 5.18 6.31 6.25
2 7.58 7.76 7.58 8.70 827 39.34 6.60 6.70 7.67
3 9.02 9.02 8.71 9.69 9.99 20.76 7.68 10.64 9.02
4 10.18 10.09 9.74 11.74 11.06 6.98 8.90 9.24 10.13
5 1091 10.74 10.33 11.69 12.08 19.51 9.04 13.03 10.82
6 11.42 11.16 10.71 1342 1246 1733 10.72 6.57 11.29
7 878 9.39 8.86 11.84 10.08 28.30 8.88 4.40 9.09
8 7.24 8.75 8.32 11.99 9.67 8.93 8.34 4.62 8.00
9 5.36 6.49 5.64 7.45 6.57 5497 815 9.70 5.64
10 6.00 7.80 7.29 10.35 8.85 10.21 8.47 5.21 6.69
11 8.30 8.72 8.30 10.31 9.61 21.02 8.20 7.64 8.46

Analysis of PMjg concentrations at different monitoring stations in Metropolitan Lima
reveals significant spatial heterogeneity, with Huachipa (HCH) recording the highest levels.
This finding may be related to specific emission sources, such as industries and heavy
traffic, underlining the need for targeted local policies. Furthermore, the observed temporal
fluctuations, influenced by factors such as seasons and meteorological changes, indicate
the importance of considering spatiotemporal dynamics when planning interventions.
Previous studies conducted in other cities have found significant correlations between
PM;jy and factors such as wind and humidity, but the low correlation found in Lima
suggests that local dynamics could respond to different factors, such as topography and
urbanization.

The results of this study partially align with international research highlighting the
usefulness of advanced tools such as SSA and hybrid models to predict pollutants. However,
the lower effectiveness of neural networks in this case highlights the importance of adapting
models to local particularities. This includes not only adjusting the techniques used, but
also expanding the database to improve predictive capacity. Likewise, a more robust
integration of factors such as environmental policies, urban growth and human behavior
could enrich the models and improve mitigation strategies. In this sense, the study raises
the need for an interdisciplinary approach to effectively address the challenges of air
pollution in Metropolitan Lima and other similar cities.

4. Conclusions

This study demonstrates that classical time series models, such as ARIMA, offer better
performance in predicting PM;g concentrations in Metropolitan Lima compared to neural
networks, specifically LSTMs. This finding suggests that for data with seasonal patterns and
relatively short time series, traditional models may be more efficient and robust. Although
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neural networks have the potential to capture more complex relationships and long-term
dependencies, their performance may be limited by hyperparameter settings and intrinsic
data characteristics.

Data analysis indicates that stations such as Huachipa (HCH) have significantly
higher PM;y concentrations, which could be associated with local factors such as industrial
activity and vehicular traffic. These results have important implications for public health,
since PMj particles are directly linked to respiratory and cardiovascular diseases. In
addition, the levels recorded at several stations exceed international air quality standards,
highlighting the urgent need to implement pollution mitigation policies in Metropolitan
Lima.

The use of advanced tools such as singular spectral analysis (SSA) and neural net-
works, together with classical models, provides valuable insight for air pollutant prediction.
However, the results underline the importance of adapting these approaches to local condi-
tions and improving data availability to optimize forecast accuracy. Future research could
explore hybrid models that combine the best of classical and modern approaches, as well
as consider the influence of meteorological variables and human activities on pollutant
dynamics. This will strengthen environmental management strategies and reduce the
impact of pollution on community health.

References

1.  Sénchez-Balseca, J.; Pérez-Foguet, A. Spatio-temporal air pollution modelling using a compositional approach. Heliyon 2020, 6.

2. Mahmud, H.; Shobnom, K.; Ali, M.R.; Muntakim, N.; Kulsum, U.; Baroi, D.S.; Ahmed, Z.; Rahman, M.M.; Hassan, M.Z. Micro-
environmental dynamics of particulate (PM2. 5 and PM10) air pollution in Rajshahi City: a spatiotemporal analysis. Management
of Environmental Quality: An International Journal 2024.

3. Akdi,Y,; Golveren, E.; Unlii, K.D.; Yiicel, M.E. Modeling and forecasting of monthly PM 2.5 emission of Paris by periodogram-
based time series methodology. Environmental Monitoring and Assessment 2021, 193, 1-15.

4. Leng,S.; Gao, X,; Pei, T.; Zhang, G.; Chen, L.; Chen, X.; He, C.; He, D.; Li, X;; Lin, C.; et al. Tempo-Spatial Processes and Modelling
of Environmental Pollutants. The Geographical Sciences During 1986—2015: From the Classics To the Frontiers 2017, pp. 367-390.

5. Thompson, ].E. Airborne particulate matter: human exposure and health effects. Journal of occupational and environmental medicine
2018, 60, 392-423.

6.  Cekim, H.O. Forecasting PM10 concentrations using time series models: a case of the most polluted cities in Turkey. Environmental
Science and Pollution Research 2020, 27, 25612-25624.

7.  Performance Analysis of Machine Learning Singular Spectrum Analysis for Forecasting Air Contamination, 2023. https:
//doi.org/10.1109/ICSCAN58655.2023.10395309.

8.  Kumar, U,; etal. An integrated SSA-ARIMA approach to make multiple day ahead forecasts for the daily maximum ambient O3
concentration. Aerosol and Air Quality Research 2015, 15, 208-219.

9. (Cai,J;Gu,C;Fang, K; Wang, L.; Lv, M. Long-term PM2.5 Concentration Prediction Using Hybrid Deep Learning Model, 2023.
https://doi.org/10.1109/CAIT59945.2023.10469109.

10. Box, G.; Jenkins, G. Time Series Analysis: Forecasting and Control; Holden-Day series in time series analysis and digital processing,
Holden-Day, 1970.

11. Hyndman, R.J.; Khandakar, Y. Automatic time series forecasting: the forecast package for R. Journal of Statistical Software 2008,
26,1-22. https:/ /doi.org/10.18637/jss.v027.i03.

12.  Brown, R.G. Statistical forecasting for inventory control, 1959.

13.  Holt, C.C. Forecasting seasonals and trends by exponentially weighted moving averages (Office of Naval Research, Memorandum
No. 52). Carnegie Institute of Technology, Pittsburgh USA. Reprinted in the International Journal of Forecasting, 2004, 1957.
https:/ /doi.org/https:/ /doi.org/10.1016 /j.ijforecast.2003.09.015".

14.  Winters, P.R. Forecasting seasonals and trends by exponentially weighted moving averages. Management Science 1960, 6, 324-342.
https:/ /doi.org/https:/ /doi.org/10.1287 /mnsc.6.3.324.

15. Hyndman, R.; Athanasopoulos, G. Forecasting: Principles and Practice, 2nd ed.; OTexts: Australia, 2018.

16. Hyndman, R.; Koehler, A.; Ord, K.; Snyder, R. Forecasting with exponential smoothing. The state space approach, 2008.
https://doi.org/10.1007 /978-3-540-71918-2.

17.  Hyndman, R.J.; Khandakar, Y. Automatic Time Series Forecasting: The forecast Package for R. Journal of Statistical Software 2008,
27,1-22. https://doi.org/10.18637/jss.v027.i03.

18. Hyndman, R.J.; Athanasopoulos, G. Forecasting: principles and practice; OTexts, 2018.

19. Goodfellow, I.; Bengio, Y.; Courville, A. Deep learning; MIT press, 2016.

20. Ahmed, N.; Atiya, A.; Gayar, N.; El-Shishiny, H. An Empirical Comparison of Machine Learning Models for Time Series

Zl'—_l ‘turn|t|n Pagina 18 of 19 - Engrega de integridad

Forecasting. Econometric Reviews 2010, 29, 594-621. https://doi.org/10.1080/07474938.2010.481556.

Identificador de la entrega trn:oid:::29566:438452697

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288


https://doi.org/10.1109/ICSCAN58655.2023.10395309
https://doi.org/10.1109/ICSCAN58655.2023.10395309
https://doi.org/10.1109/ICSCAN58655.2023.10395309
https://doi.org/10.1109/CAIT59945.2023.10469109
https://doi.org/10.18637/jss.v027.i03
https://doi.org/https://doi.org/10.1016/j.ijforecast.2003.09.015"
https://doi.org/https://doi.org/10.1287/mnsc.6.3.324
https://doi.org/10.1007/978-3-540-71918-2
https://doi.org/10.18637/jss.v027.i03
https://doi.org/10.1080/07474938.2010.481556

00000 60 6

zﬂ turnitin Pagina 19 of 19 - Engrega de integridad

Identificador de la entrega trn:oid:::29566:438452697

11 of 11

21.
22.

23.
24.
25.
26.
27.
28.

29.

30.
31.

ZI'j ‘turn|t|n Pagina 19 of 19 - Engrega de integridad

Kourentzes, N. Time Series Forecasting with Neural Networks, 2022. R package version 0.9.8.

Hochreiter, S.; Schmidhuber, J. Long Short-term Memory. Neural computation 1997, 9, 1735-80. https://doi.org/10.1162/neco.19
97.9.8.1735.

Graves, A. Supervised Sequence Labelling with Recurrent Neural Networks, 1 ed.; Springer-Verlag Berlin Heidelberg, 2012. https:
/ /doi.org/http:/ /doi.org/10.1007 /978-3-642-24797-2.

Kong, W.; Dong, Z.Y; Jia, Y,; Hill, D.]J.; Xu, Y.; Zhang, Y. Short-term residential load forecasting based on LSTM recurrent neural
network. IEEE transactions on smart grid 2017, 10, 841-851. https://doi.org/10.1109/TSG.2017.2753802.

Yu, Y; Si, X,; Hu, C.; Zhang, ]. A Review of Recurrent Neural Networks: LSTM Cells and Network Architectures. Neural
Computation 2019, 31, 12351270, [https:/ /direct.mit.edu/neco/article-pdf/31/7/1235/1053200/neco_a_01199.pdf]. https:
//doi.org/10.1162 /neco_a_01199.

Allaire, J.; Chollet, F. keras: R Interface to 'Keras’, 2023. R package version 2.11.1.

Allaire, J.; Tang, Y. tensorflow: R Interface to "TensorFlow’, 2022. R package version 2.11.0.

Karevan, Z.; Suykens, J.A. Transductive LSTM for time-series prediction: An application to weather forecasting. Neural Networks
2020, 125, 1-9. https://doi.org/https://doi.org/10.1016/j.neunet.2019.12.030.

Abbasimehr, H.; Shabani, M.; Yousefi, M. An optimized model using LSTM network for demand forecasting. Computers &
Industrial Engineering 2020, 143, 106435. https://doi.org/https://doi.org/10.1016/j.cie.2020.106435.

West, M.; Harrison, J. Bayesian forecasting and dynamic models; Springer Science and Business Media, 2006.

Petris, G. An R Package for Dynamic Linear Models. Journal of Statistical Software 2010, 36, 1-16.

Identificador de la entrega trn:oid:::29566:438452697

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306


https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/http://doi.org/10.1007/978-3-642-24797-2
https://doi.org/http://doi.org/10.1007/978-3-642-24797-2
https://doi.org/http://doi.org/10.1007/978-3-642-24797-2
https://doi.org/10.1109/TSG.2017.2753802
http://arxiv.org/abs/https://direct.mit.edu/neco/article-pdf/31/7/1235/1053200/neco_a_01199.pdf
https://doi.org/10.1162/neco_a_01199
https://doi.org/10.1162/neco_a_01199
https://doi.org/10.1162/neco_a_01199
https://doi.org/https://doi.org/10.1016/j.neunet.2019.12.030
https://doi.org/https://doi.org/10.1016/j.cie.2020.106435

	Introduction
	Methodology
	Box-Jenkins Models
	Exponential Smoothing Method
	Neural network autoregression
	Multi-layer perceptron
	Long short-term memory
	Dynamic linear model

	Results
	Exploratory Analysis
	Application of forecasting models.

	Conclusions
	References

