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Te land transportation is a cause of noise in cities, thus breaking the natural balance and bringing with it physiological andmental
illnesses, as well as occupational accidents. In this sense, the objective of the research was to estimate the sound pressure in land
terminals in the city of Jaen, Peru, using data mining algorithms. Te methodology consisted in environmentally monitoring six
terminals in the city of Jaen, during 2019, using a class 1 sound level meter; the exploratory analysis of the collected variables that
infuence the noise of the terminals (minimum and maximum sound pressure level, number of light and heavy vehicles, and
equivalent sound pressure level) was performed, which were grouped into three groups of variables for the purpose of using data
mining algorithms. Tree algorithms were used, namely, artifcial neural network, linear regression, and M5Rules, using the free
software Weka. Considering all variables, the M5Rules method performed the best, because the value of the mean absolute error
(0.7462), the root mean square error (1.0575), and uncertainty analysis (0.09) was the smallest compared to the other twomethods.
However, for the two remaining groups of variables, the linear regression model showed the lowest mean absolute error and mean
square root of the error; in addition to presenting coefcients of determination close to one. Te algorithms show good behavior
when estimating the sound pressure of the terminals in the city of Jaen.

1. Introduction

Noise is a pollutant that is defned as the emission of energy
originated by a set of aerial vibratory phenomena that,
perceived by the auditory system, can cause discomfort or
ear injuries [1]. Transportation, in addition to accelerated
population growth, are the main causes of noise in cities,
breaking the natural balance and harming people [2].
However, it causes negative efects on the health of others,
bringing with it physiological and mental illnesses [3]. Noise
also has implications for society, for example, impact on real
estate prices and occupational accidents [4, 5]. Studies have
correlated trafc noise variables with respiratory mortality
[6]. Terefore, urban local governments should develop
noise action plans; in this regard, geographic information on
urban characteristics and noise levels is available in some
places through smartphone applications [7, 8].

Vehicular trafc variables (fow and type of vehicle, etc.)
explain a high variability in noise levels [9] and, in this sense,
noise mapping models can be used. Te application of Geo
statistical methodology for the prediction and assessment of
noise distribution in study areas made probability maps for
noise levels, for control and monitoring in cities [10]. Sim-
plifcation methods are becoming a real need for the acoustic
community in developing countries, which allows to generate
cost-efective trafc noise maps of a small city [11].

Models after the 1960’s were not intended to predict
single-vehicle levels but to predict the equivalent continuous
level for trafc over a period. Te commonly used models
FHWA STAMINA, FHWA TNM, MITHRA, CoRTN,
RLS90, STL-86, and ASJ-1993 have been analysed [12]. On
the other hand, they compare the following models: the
European standard, common noise assessment methods for
EUmember states (hereafter CNOSSOS), Nord2000, and the
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trafc noise exposure (TRANEX) model based on the UK
methodology, in terms of their source and propagation
characteristics. Te CNOSSOS, Nord2000, and TRANEX
models are compared by analysing the estimated noise [13].
In the work of Álvarez Rodenbeek and Suárez Silva [14], they
mention that road trafc becomes the main source of noise
pollution in Chilean cities; therefore, they validated math-
ematical models such as SP-48 and SP-96, the Swiss STL-86,
the English CoRTN, the one developed by CONAMA01, and
the Sánchez model calibrated in Valdivia to predict road
trafc noise.

Tey developed a noise prediction model using multiple
regression analysis [15]. Tey employed machine learning
modelling techniques to accurately predict road trafc noise;
the techniques applied were decision tree regression, support
vector machine, and artifcial neural network (ANN) [16].
Artifcial neural networks were applied for trafc noise
prediction; the results show that the ANN approach is su-
perior in predicting the trafc noise level to any other
statistical methods [17]. In addition, they presented the
application of emotional artifcial neural network as a new
generation neural network method for modelling road trafc
noise [18]. To predict the noise level, an adaptive neurofuzzy
inference system was developed and a detailed comparative
analysis was performed with conventional soft-computing
techniques such as ANNs, generalized linear model, random
forests, decision trees, and support vector machines [19].

Public transportation in Peru is growing rapidly; in Lima
alone, by 2019, it ranked seventh in the world trafc ranking
with 57% congestion on its roads [20]. In Huancayo, Arana
Velarde [21]determined that there is a relationship between
the growth of urban mobility, the population increase, and
the increase of the population. Te efects fall on the pop-
ulation [22]. Terefore, it is necessary to model trafc noise
for proper management in the city of Jaen; there are areas
where motor vehicle activity is at a higher magnitude, such
as bus stops, cars, andmotorcycle cabs.Tese places generate
noise levels that exceed those established in Peru’s envi-
ronmental quality standards [23, 24].

One of the relevant topics is the attention and design of
activities based on science modelling and real situations [25].
Support vector machine (SVM), multivariate adaptive re-
gression splines (MARS), and random forest (RF) tech-
niques have been applied to estimate the densimetric Froude
number approximation for the incipient movement of
riprap stones [26]. Robust artifcial intelligence models,
namely, multivariate adaptive regression spline (MARS),
gene-expression programming (GEP), and M5 model tree
were employed to extract precise formulation for the pipes
break rate estimation [27]. In this study, standardized
precipitation evaporation rate values are formulated for
various climates using three robust artifcial intelligence
models, namely, gene expression programming (GEP),
model tree (MT), andmultivariate adaptive regression spline
(MARS) [28]. Models to estimate trafc noise are adequate
tools to guide mitigation measures [29]. Although trafc
noise models exist worldwide, they fail to generalize, because
local conditions, e.g., vehicle type and climate vary from one
location to another [30].

Te research is justifed because it is necessary to know
the sound pressure level generated by the activity of land
terminals in the city of Jaen, since it is a determinant of the
quality of life of the inhabitants of the city, given the efects it
has on their health and well-being.

In this context, the objective of the work was to estimate
the sound pressure level of six land terminals located in the
city of Jaen by means of data mining algorithms.Te models
obtained consider the conditions of the study area; these will
be made available to institutions or persons interested in
evaluating noise pollution and thus take appropriate actions
to mitigate this problem.

2. Materials and Methods

Te methodology consisted of four steps (Figure 1) as fol-
lows: (A) Environmental noise monitoring in six land ter-
minals in the city of Jaen, Peru. Once the data were collected,
they were cleaned and integrated. (B) Exploratory analysis of
the data set to understand its nature and behavior. (C)
Grouping of variables that infuence the sound pressure level
(LAeqt). (D) Use and evaluation of the behavior of data
mining algorithms.

2.1. Environmental NoiseMonitoring. Data were collected at
six terminals in the city of Jaen (Figure 2) and characteristics
of the study area were determined. Sampling was non-
probabilistic, where the choice of land terminals was based
on the vehicular fow and activities of each terminal. Sound
pressure levels were measured during daytime hours, fve
days a week, from Tursday to Monday; it started on
Monday, November 25 and ended on Sunday, December 22,
2019. Te measurement schedule contemplated three shifts
as follows: morning shift from 07:01 to 09:30 hours, midday
shift from 12:00 to 15:00 hours, and afternoon shift from 18:
30 to 21:00 hours.

Sol del Norte was located on Alfonso Villanueva Pinillos
Street, in front of the Peru-Ecuador binational park, with
exits for light vehicle exits; there was fuid vehicular trafc
during the three measurement shifts. Malca was located
between Pedro Cornejo Neyra and Alfredo Bastos streets,
with exits for light vehicles and interprovincial buses; there
was fuid vehicular trafc during the three measurement
shifts, where cars, motorcycle cabs, and linear motorcycles
were diferentiated. Señor de Huamantanga was located on
Mesones Muro Avenue, with interprovincial bus departures;
there was fuid vehicular trafc in the morning and midday
shifts; on the other hand, the afternoon shift was discarded
because there were no bus departures, and the arrival of
buses was variable, most of which were outside of the
measurement schedule. Crucero Jaen and Turismo
Fernández were located on Mesones Muro Avenue, with
interprovincial bus departures; there was fuid vehicular
trafc during the three measurement shifts, where cars,
motorcycle cabs, linear motorcycles, and heavy vehicles were
diferentiated. Tetsur is located between Pedro Cornejo
Neyra and La Marina streets, with interprovincial bus de-
partures; there was fuid vehicular trafc in the midday and
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afternoon shifts; however, the morning shift was discarded
because activities began at 10:00 a.m., which was outside the
measurement schedule; at this terminal, cars, motorcycle
cabs, linear motorcycles, and heavy vehicles were diferen-
tiated. Troya was located on Mariscal Castilla Street, with
exits for light vehicles; there was fuid vehicular trafc in the
morning and midday shifts; in the afternoon shift, the
measurement was not performed because activities ended at
18:00 hours; at this terminal, cars, motorcycle cabs, and
linear motorcycles were diferentiated.

Eight numerical variables were measured at the six land
terminals in the city of Jaen as shown in Table 1.

2.2. Grouping of Variables. Of the seven independent vari-
ables described in Table 1, these have been grouped into
three groups as follows: Scheme 1 composed of all variables.
Scheme 2 made up of Lmin, Lmax, motorcycle cabs, linear
motorcycle, automobiles, and heavy vehicle. Finally, Scheme
3 is made up of Lmin, Lmax, motorcycle cabs, linear mo-
torcycle, and automobiles.

2.3. Exploratory Data Analysis. Table 2 shows the central
tendency and variance statistics for the dependent variable
LAeqt at the six land terminals.

2.4. Data Mining Methods. ANN is a computational model
that emulates the biological neuronal system in information
processing [31]. Te multilayer perceptron ANN (MLP) is a
type of network, in which its architecture consists of several
layers of interconnected nodes or neurons, each of which is
connected to all the neurons in the next layer.Te input layer
is where the data are presented to the neural network, while
the output layer contains the response of the neural network
[32]. Linear regressions are statistical models in which the
value of the parameters is linearly proportional to the de-
pendent variable [33]. Te M5Rules algorithm generates a
decision list for linear regression problems and uses the
divide and conquer idea [34]. Tere are other models that
were not addressed in this study, such as gene expression
programming (GEP), a type of an evolutionary computation
(EC) algorithm based on genotype/phenotype. It has also

Environmental noise monitoring

Exploratory analysis

Grouping of variables

Use of data mining models

Figure 1: Methodology of the study consisting of four steps.

Figure 2: Location map of the study area.
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been used in petroleum engineering for viscosity estimation
[35, 36]. Te multivariate adaptive regression splines
(MARS) analysis model, unlike the (GEP) model, is little
used in health issues; it is a nonparametric modelling
method developed systematically and automatically without
limitation of the assumptions that traditional regression
models must meet [37].

2.5. Evaluation of Model Performance. It was carried out
through cross-validation, using the mean absolute error tests
(MAE), the root mean square of the error (RMSE), and the
coefcient of determination (R2). Tese values have been
calculated by means of the equations (1)–(3) [38].
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where Qmod
i is the i-th value produced by the model, Qobs

i is
the i-th value produced by measurement, n is the number of
observations, Q− obs is the mean of the observed values, and
Q−mod is the mean of the values produced by the model.

2.6. Performance of Uncertainty and Reliability. Te ob-
jective of uncertainty analysis is to restrict the expected
range in which the true value of the result of an

experiment lies. Tis estimated range is in the form of an
interval. One uncertainty analysis procedure is U95. Te
value of U95 associated with the result of a given ex-
periment can be interpreted; by performing the given
experiment repeatedly over and over again, the true value
of the result of that experiment will lie in the ofered
uncertainty range for approximately 95 times out of 100
trials. Moreover, the value of U95 is given by the fol-
lowing equation [39]:

Table 2: Measures of central tendency and variance of LAeqt.

Statistic Sol norte Troya Malca Fernández Señor de huamantanga Tetsur
Minimum 72.6 71.65 71.07 73.47 73.6 72.85
Median 74.15 73.45 72.6 74.52 75.22 73.85
Mean 74.15 73.37 72.72 74.55 75.08 73.95
Maximum 75.31 74.65 74.5 76.2 77.1 75.25
Standard deviation 0.766 0.879 1.007 0.644 0.865 0.714
Variance 0.586 0.773 1.015 0.414 0.749 0.51

Table 1: Name, description, and type of variables collected.

Variable Description Type
Lmin Minimum sound pressure level, obtained in each repetition of 1minute Continue
Lmax Maximum sound pressure level, obtained in each repetition of 1minute Continue
Motorcycle cabs Number of motorcycles with three wheels and roof, categorized as light vehicles Discrete
Linear
motorcycle Number of two-wheeled motorcycles, categorized as light vehicles Discrete

Automobiles Number of motorized vehicles consisting of four wheels, categorized as light vehicles Discrete
Heavy vehicle Number of transport vehicles with four or more wheels and a load capacity of more than 3.5 tons Discrete

Buses Number of motor vehicle with capacity for a large number of passengers, intended for passenger
transportation Discrete

LAeqt
Equivalent continuous sound pressure level, in a period T, A-weighted, measured by a class 1 sound level

meter Continue
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Te reliability analysis is a statistical method for mea-
suring the overall consistency of a model. It determines if a
suggestedmodel achieves a permissible level of performance.
In general, a metric for the reliability analysis is defned by
the following equation [39].

Reliability �
100%

n
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where ki is obtained through two steps. First, the relative
average error (RAE) is defned as a vector whose i − th
component is given by the following equation.
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Next, if RAEi ≤∆, then ki � 1; otherwise, ki � 0, which is
the threshold value of LAeqt parameter. In other words, ki is

defned as the number of times the value of RAE is less than
or equal to that of ∆. Te optimum value of ∆ based on
Chinese Standards is 0.2 or equivalently is 20%.

3. Results

For scheme 1, the algorithm that showed the best perfor-
mance in terms of the statistics RMSE, R2,MAE was the
M5Rules. However, for schemes 2 and 3, the linear re-
gression model showed the best performance in estimating
sound pressure. In addition, the U95 and reliability indices
were calculated (Table 3). Table 3 shows that for scheme 1,
the linear regression and M5rules algorithms presented the
lowest value of uncertainty with a confdence level of 95%
(0.09). In addition, ANN and linear regression for scheme 1
were at a higher level of reliability (100%).

Te model obtained for scheme 1, using the M5Rules
algorithm consisted of fve rules, as shown in Table 4. In
addition, for schemes 2 and 3, two multiple linear regression
type models were obtained, as shown in equations (7) and
(8), respectively.

LAeqt � 0.052Lmin + 0.002Lmax + 0.306M + 0.222ML + 0.243A + 0.309VP + 63.943, (7)

LAeqt � 0.054Lmin + 0.002Lmax + 0.306M + 0.224ML + 0.243A + 63.2646. (8)

where M is the number of motorcycle cabs; ML is the
number of linear motorcycles; A is the number of auto-
mobiles and VP is the number of heavy vehicles.

4. Discussion

It is important to consider noise pollution in order to achieve
sustainable cities [40]. However, sound pressure levels de-
rived from vehicles in urban environments are becoming
more pressing in third world cities, due to the lack of
knowledge and low interest of the public administration in
this problem [41]. Te most immediate solution lies in re-
ducing the fow of public transportation vehicles, as well as
updating the vehicle feet [42]. Vehicle reorganization can
contribute to the improvement of air quality and the health
of the resident population, as well as to the reduction of
environmental pollution [43]. Likewise, in Peru, the Peru-
vian Congress has implemented strategies to minimize air
pollution problems. Trough the Organic Law of

Municipalities (Ley 27972), it was agreed to monitor sig-
naling systems, land terminals, and pedestrian trafc [44].

Linear regression models can indicate predictive accu-
racy for any environmental factor [45]. By means of simple
linear regression models as well as multiple linear regression
models, they were adjusted to the conditions of the urban
area and depend on the number of vehicles and equivalent
noise [46]. In another study, the mean square error shows
that the proposed regression model predicts sound pressure
accurately [47]. Tis study shows that the estimation of
sound pressure (0.7462) was efcient.

Data mining has diferent applications, such as the es-
timation of the behavior of chemical elements [48, 49] allows
to determine predictive models for decision-makers [50],
infuencing factors of the variables that allow deciphering
the behavior of the three models. Terefore, the noise
characteristics generated by the vehicle feet need to be
known through economic techniques, such as data mining
[51]. Data mining algorithms make it possible to identify

Table 3: Behavior of estimated models LAeqt.

Model
Scheme 1 Scheme 2 Scheme 3

RMSE R2 MAE U95 Rel RMSE R2 MAE U95 Rel RMSE R2 MAE U95 Rel
MLP 1.60 0.68 1.26 0.10 100 1.70 0.63 1.35 0.10 99.89 1.69 0.63 1.34 0.10 99.86
Linear regression 1.35 0.76 1.11 0.09 100 1.48 0.71 1.17 0.10 99.96 1.18 0.71 1.48 0.10 99.93
M5Rules 1.40 0.75 1.06 0.09 99.93 1.57 0.68 1.14 0.10 99.90 1.57 0.67 1.14 0.10 99.86
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urban reality, for example, the collective behavior of citizens.
Tese results allow solving urban problems in trans-
portation, environment, and public safety [52]. Te Random
Forest algorithm allows the elimination of data and obtain
values adjusted to reality [53]. In addition, the Random
Forest model was the most appropriate, a model that is
widely used to estimate noise, and has been used in tele-
communications, the activation of circuits with simple voice
recognition, among others [54].

Te tightest mean absolute error was for scheme one.
Te R2 for scheme one was 0.8310; the values were higher
than the noise levels measured in London (R2: 0.56–0.73)
[55]. In this sense, theMAEmethod was used to validate the
accuracy of the correlation and to compare the sound
pressure level [56].TeMAPE yielded the lowest error on all
the data evaluated, as stated by [49]. Also, the MAE shows
the diference between modeled and observed values in
absolute terms [57].

5. Conclusions

Te estimation of sound pressure in six ground terminals
was located in the city of Jaen using data mining algorithms.
Te M5Rules method was the one that presented the best
performance, considering all the variables collected, due to
the fact that a mean absolute error value of 0.7462 was
obtained for the artifcial neural networks and multiple
linear regression algorithms. However, for scheme 2 and 3,
the linear regression model was the one that showed the
lowest mean absolute error and determination coefcients
close to one, which presents a better behavior. It is concluded
that data mining techniques could be used to estimate the
sound pressure of the terminals for the city of Jaen, Peru.
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