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Abstract: With the drastically increasing traffic in the last decades, crucial environmental problems
have been caused, such as greenhouse gas emission and traffic noise pollution. These problems
have adversely affected our life quality and health conditions. In this paper, modelling of traffic
noise employing deep learning is investigated. The goal is to identify the best machine-learning
model for predicting traffic noise from real-life traffic data with multivariate traffic features as input.
An extensive study on recurrent neural network (RNN) is performed in this work for modelling
time series traffic data, which was collected through an experimental campaign at an inner city
roundabout, including both video traffic data and audio data. The preprocessing of the data, namely
how to generate the appropriate input and output for deep learning model, is detailed in this
paper. A selection of different architectures of RNN, such as many-to-one, many-to-many, encoder–
decoder architectures, was investigated. Moreover, gated recurrent unit (GRU) and long short-term
memory (LSTM) were further discussed. The results revealed that a multivariate bi-directional GRU
model with many-to-many architecture achieved the best performance with both high accuracy
and computation efficiency. The trained model could be promising for a future smart city concept;
with the proposed model, real-time traffic noise predictions can be potentially feasible using only
traffic data collected by different sensors in the city, thanks to the generated big data by smart cities.
The forecast of excessive noise exposure can help the regulation and policy makers to make early
decisions, in order to mitigate the noise level.
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1. Introduction

In Europe, noise pollution is the second deadliest environmental pollution after air
pollution, according to the European Environment Agency [1]. Exposure to excessive
noise levels can cause different health problems and hypertension, leading to reduced
sleeping quality. However, the attention of the public to noise pollution is apparently not
so much, compared to air quality and water quality concerns. The vehicle manufacturers
investigate much more on interior noise reduction than exterior noise, as the customers
care more about driving comfort inside the car. Although the exterior noise exposure is not
the customers’ major concern, the exposure limit is regulated by governmental authorities.
The pass-by noise limit for vehicles with low and medium power engines is already lower
than 74 dBA according to United Nation’s Economic Commission for Europe, which will
usually decrease after a certain period [2]. To mitigate the noise pollution, it is necessary to
assess the environmental impact of road traffic. Road traffic noise models are especially
important, when a measurement campaign is not possible, which costs a lot of time and
money [3]. The road traffic noise model can help us better understand the relations between
the traffic noise and traffic features, so that appropriate measures can be taken to mitigate
noise pollution, such as speed limit regulation, traffic volume reduction, promotion of
electrical vehicles and eco-driving, etc.
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To model the physical mechanisms of traffic noise by analytical correlations and
numeric simulations is rather complex, due to the complicated nature phenomenon and
nonlinear processes. Current popular traffic noise models can be mainly classified into
three types: empirical models, semi-dynamical models and machine-learning models.
Empirical models, also called statistical models in some literature, describe the traffic
noise as a function of the traffic volume, vehicle type and sometimes also the average
speed of the traffic over a long period of time [4,5]. Some common empirical traffic noise
models include the German RLS 90 model, American federal highway administration
(FHWA) model, British calculation of road traffic noise (CoRTN) model, etc. In contrast to
empirical models, dynamic models predict the noise level of the traffic at each time step,
typically 1 s, based on the instantaneous vehicle speeds and accelerations [4]. Obviously
semi-dynamic models are the models in the transition phase from empirical models to
dynamic models [5]. The European-Commission-developed common noise assessment
methods (CNOSSOS-EU) model is one example of semi-dynamic models, although in some
literature, the CNOSSOS model is also considered as a statistical model [4,5]. With regards
to machine-learning models, they have been emerging over the last years. Machine-learning
models try to learn a relationship between traffic noise and traffic features with applying
machine-learning technologies. More details with regards to these three categories of traffic
noise models will be introduced below. In [5], the performances of the Burgess model,
CNOSSOS-EU model and Quartieri model were compared pairwise to noise measurements
data collected from different locations and traffic conditions. The Burgess model is an
empirical model, implemented by Marion Burgess. It predicts the traffic noise simply
according to the hourly flow of vehicles, distance between the carriage and the receiver
and heavy vehicle proportions. The CNOSSOS model introduces the mean speed of the
traffic flow, calculating the rolling noise and propulsion noise separately, with additional
corrections for studded tires, air temperature, road gradients and vehicle accelerations.
The Quartieri model is presented in a similar way to the Burgess model with a simple
function but takes also the mean speed as one of the input parameters. The authors
concluded that CNOSSOS-EU model and Quartieri model outperform the statistical model
of Burgess model. In [6], a statistical road traffic noise model was developed in Iran, with
collected data from Hamadan city, applying regression analysis. The dataset consisted of
282 samples and the regression model achieved an R2 of 0.913. The proposed model was
further compared to other classical empirical models such as the FHWA model. Several
other works performed similar comparisons on different empirical or semi-dynamical
traffic noise models against experiment data in [7–10]. The Burgess model, Griffith and
Langdon, French CSTB model, Italian C.N.R model, French NMPB-Routes model and
German RLS 90 model were explained with mathematic expressions. The authors of [11]
discussed the road traffic noise in urban areas in the aspects of economy, society, law and
regulation. The regional traffic noise models were briefly introduced, such as UK CoRTN
model, US FHWA model, European Harmonoise/IMAGINE model and CNOSSOS model.
The French NMPB 2008 is recommended as the reference model in forecasting urban traffic
noise, by European Directive 2002/49/EC. In [12], the Nordic Prediction Method (NPM)
and CNOSSOS models were compared to the measurement data, collected in 2013 at one
hour interval within an entire day. The results showed that the CNOSSOS model has
a smaller prediction root mean squared error (RMSE) than the NPM model. A typical
empirical traffic noise prediction model usually has a very simple mathematical expression
with a few parameters. In [13], a nested ensemble filtering (NEF) approach was performed
for these parameters’ estimation and uncertainty quantification from the empirical model.
The NEF approach was compared to the maximum likelihood estimation (MLE) method
and outperformed the MLE approach in most conditions. The abovementioned French
NMPB2008 and CNOSSOS-EU models are usually classified as semi-dynamic models, as
they both consider proportion noise and rolling noise components separately in relation
to traffic speed [14]. Although the CNOSSOS model is more advanced than most of the
empirical models, it is not so easy to implement. A software implementation is needed,
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and practical guidelines for the input data design to test the real-world situation are
limited [15]. A practical implementation of the CNOSSOS model was performed to predict
urban noise in [16]. Heavy vehicle volume and velocity data were collected from an
automatic monitoring station throughout the entire year of 2013. As a result, the values of
sound pressure for heavy vehicles at each center frequency band was calculated with the
CNOSSOS method.

The physical mechanism of traffic noise is complex in nature. The collected data for
traffic noise modelling are of both large scale and high dimension. In this regard, deep
learning is a promising method to be applied, as deep learning is powerful for handling
huge datasets and modelling nonlinear relations. There have been quite few research
performed in the area of environmental noise or traffic noise prediction applying deep
learning. In the work of [17], the development of a feedforward ANN model for traffic
noise prediction in Sharjah City, United Arab Emirates, was presented. This work validated
the noise model performance under different roadway temperatures and found that the
temperature was a crucial factor when developing the traffic noise models in hot regions.
Although, it was found that the most important features affecting the traffic noise were
the distance from the edge of the road and the volume of light vehicles. The authors
of [18] applied long short-term memory (LSTM) for environmental noise prediction at
different time intervals. The developed model was compared to three classic models such
as random walk, stacked autoencoder and support vector machine. The data in this study
were collected from urban environmental noise monitoring internet of things (IOT) system.
The proposed method outperformed the classical models and showed a promising impact
on policy recommendations for the governmental environment noise management. In [19],
both sound pressure level (SPL) and loudness level in the near-time future were predicted
by applying LSTM deep neural network techniques. The proposed model was validated
by comparing with the auto regressive integrated moving average model (ARIMA), for
several time periods, ranging from 1 to 60 min. A root mean squared error (RMSE) less
than 4.3 dB for SPL and an RMSE less than two phones for loudness were achieved, which
outperformed the ARIMA model. The aforementioned two models are based on univariate
traffic noise prediction, which means to use the traffic noise from the past to predict the
current or future traffic noise. In the work of [20], a conventional ANN model was trained
for urban road noise prediction in Tehran. The input features included traffic flow, average
speed of the vehicles, vehicle categories, road gradient and surroundings of the test site.
The ANN model was validated against the experiment data from the field measurement
and compared with some statistical models. A t-test was applied eventually for evaluating
the goodness-of-fit of the ANN model. Another work of road traffic noise modelling was
also performed in Tehran [21]. A neural network model to predict hourly sound pressure
levels was trained from 50 sampling locations. The trained neural network model was
compared to British CoRTN model by hypothesis testing, and the results showed that these
two models had no significant difference in the error distribution calculated by the testing
dataset. Additionally, in [22], trucks’ tire-road noise was studied. Multiple linear regression,
ANN and support vector machine (SVM) were applied to train the models, among which
both ANN and SVM achieved remarkable results. The obtained models could be very
useful for the design and formulation of road pavement and able to provide good advice
for road authorities. The authors of [23] collected traffic data for around 3 months in
North Cyprus including 94,824 samples, consisting of noise level, traffic volume, vehicle
composition, speed and number of horns every 15 min. A nonlinear sensitivity analysis
using neural networks was performed to select the most relevant features. Number of cars
was proven to be the most important feature by sensitivity analysis. Different machine-
learning models, such as support vector regression (SVR), multiple linear regression,
feedforward neural networks and adaptive neuro fuzzy inference system (ANFIS), were
trained separately on the selected features and noise level. The results of trained models
were combined by linear and nonlinear ensemble techniques for the final noise prediction.
It was found that the nonlinear ensemble techniques produced the best result, which
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improved the performance of single models with a great robustness. Apart from traffic
noise level prediction, deep learning has also been applied to other traffic-related studies,
such as traffic flow state estimation [24], traffic light detection and classification [25], traffic
condition forecasting [26], autonomous driving [27] and traffic noise annoyance assessment,
related to physical characteristics of sound and subjective perception of the person [28],
etc. In the work of [29], a classification model was developed to distinguish road traffic
noise and anomalous noise events. The data were collected from wireless acoustic sensor
networks in the framework of smart city and IOT. The goal was to detect and remove the
anomalous noise events, in order to compute the noise map of urban and suburban in real
time. The binary-based Gaussian mixture models were selected as the best core binary
classifier, due to the low computational cost and high classification accuracy.

In this paper, multivariate time series forecasting for traffic noise prediction is per-
formed, applying recurrent neural network (RNN). The traffic features, such as the traf-
fic volume, vehicle types, vehicle distances to receiver, vehicle speeds and accelera-
tions/decelerations, are the input variables of the model, while the corresponding traffic
noise is the output variable. Gated recurrent unit (GRU) is compared to LSTM in both pre-
diction accuracy and computation consumption. Different architectures of recurrent neural
networks are for the first time extensively elaborated altogether in one paper. The goal
of this paper is to identify the best machine-learning model that is capable of predicting
traffic noise in the short term using traffic features. The capability of short-term prediction
allows us to track the variations of traffic noise level over short time. This is extremely
useful for the studies of traffic annoyance, caused by noise peaks, which cannot be fulfilled
by empirical traffic noise models, as their predictions are usually averaged over a long
time period [4]. This paper is structured as follows: Section 2 describes the methodology of
this study, summarizing the theory of simple RNN, LSTM and GRU. Different RNN archi-
tectures and model evaluation metrics are also introduced. Moreover, the experimental
setup, obtained traffic video and audio data and raw data pre-processing are all explained
in this section. Section 3 demonstrates the trained models and compares the obtained
results based on different RNN architectures. The performances of GRU and LSTM are also
compared, and the best model is finalized, which is further compared to the CNOSSOS-EU
model. Finally, Section 4 concludes this work and proposes some future research.

2. Materials and Methods
2.1. General Background of Recurrent Neural Network

Time series data refer to a data sequence in the time order, which may contain specific
properties such as a trend. The behavior and interactions of the variables over time are
especially important for time series analysis [30]. Recurrent neural network has been a
popular algorithm for modelling time series data, due to the feedback loop in the recurrent
layer, as shown in Figure 1. The feedback loop enables a connection in time domain
between nodes of the temporal sequence, as illustrated in Figure 1 after unfolding the
feedback loop.
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“memory” over time. The “memory” contains the temporal dependencies of the samples.
The neurons in the recurrent layer are recurrent units. Three common recurrent units are
namely simple RNN, LSTM and GRU units. Simple RNN is only capable of handling the
short-term dependencies. LSTM and GRU can be also applied to long-term dependency
problems, such as speech recognition or text generation, thanks to their complex struc-
tures [32]. They have additional “gates” to regulate the flow of the information. These
gates are represented by sigmoid functions. The sigmoid function applied to “gates” is
the logistic sigmoid function, having an “S”-shaped curve in the range of [0, 1], so that
it can act like a gate, updating or forgetting information by squishing all coming values
between 0 and 1. They learn which information is to keep or to forget and pass important
information along the chain of the sequence to make predictions. The schemes of these
three units are illustrated below.

As illustrated in Figure 2, the simple RNN unit has only a hidden state that serves
as the memory of RNNs [33]. There is simple operation of input and previous output,
passing through the tanh (hyperbolic tangent) activation function. The activation function
is a mathematical transformation from the input to output attached to each neuron in the
neural networks. Non-linear activation functions make the network capable of learning
very complex data and eventually achieving accurate predictions. The tanh activation
squishes the values to the range of [−1, 1], which regulates the information flowing through
the network. No gate is embedded in simple RNN. The hidden state is the output of the
unit cell, which can be expressed by the equation below:

h<t> = tanh(W[h<t−1>, x<t>] + b), (1)

where x<t> is the input vector, h<t> is the hidden state of current output, h<t−1> is the
hidden state of previous output. W is weight matrix, and b is bias vector, both of which are
the parameters to train by backpropagation through time. Backpropagation is a widely
used algorithm in feedforward neural networks for computing the gradients iteratively,
backward from the last layer to previous layers [34]. In recurrent neural networks, it is
called backpropagation through time (BPTT), as RNN is not a feedforward neural network
due to its feedback loop, as illustrated in Figure 1. BPTT begins with unrolling all timesteps
of the RNN and then computes the gradients like traditional backpropagation [35]. tanh
indicates a hyperbolic tangent activation function.
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A simple RNN unit cannot deal well with long-term dependencies, because of the
vanishing gradient. The gradients carry information used for updating the network weights.
The weights of the network at every iteration are calculated with the equation below:

θj := θj − α
∂J(θ)

∂θj
, (2)

where α is the learning rate, which is the step size for updating the weights at each iteration,
multiplied by the gradients. θ is the weight matrix (or parameters) to learn. J(θ) is the
loss function. A loss function measures how good the model predicts the target variable.
In a regression task, the loss function is usually represented by mean squared error of
the estimation against ground truth. The weights from early time steps are calculated
sequentially according to the chain rule during backpropagation through time. When
the gradients become smaller and smaller, the network weights will become almost no
update anymore after each iteration. Therefore, the learning process cannot be further
performed. This is the problem of vanishing gradient. To solve this problem, Hochreiter
and Schmidhuber [36] developed the LSTM network. The LSTM unit has not only the
hidden state, but also an additional memory cell state that maintains selected information
over long time. Keeping or dropping the maintained information is regulated by “gates”,
which allow a better control over the gradient flow in the long dependency.

As illustrated in Figure 3, LSTM uses three gates, input gate, forget gate and output
gate, to control when the information enters the memory cell, when to be dropped out and
when to be sent to output. The “gates” are expressed by sigmoid functions; the three gates,
memory cell state and hidden state can be explained as the equations below:
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Forget gate:
f<t> = σ(W f [h<t−1>, x<t>] + b f ), (3)

Input gate:
i<t> = σ(Wi[h<t−1>, x<t>] + bi), (4)

Output gate:
o<t> = σ(Wo[h<t−1>, x<t>] + bo), (5)

Hidden state:
h<t> = o<t> ∗ tanh(c<t>), (6)

Candidate memory cell state:

c̃<t> = tanh(Wc[h<t−1>, x<t>] + bc), (7)
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Memory cell state:

c<t> = f<t> ∗ c<t−1> + i<t> ∗ c̃<t>, (8)

where the candidate memory cell state stores intermediate candidate values for the memory
cell state, σ represents the sigmoid function, corresponding to the indication of ‘sigm’ in
Figure 3; and tanh indicates a hyperbolic tangent activation function. W f , Wi, Wo, b f , bi, bo
are the weights (weight matrices and bias vectors) of the network to train during the
backpropagation with gradient descent, and ∗ denotes element-wise multiplication.

LSTM has a very high control ability over the gradient flow, which also brings com-
plexity and additional operating costs. GRU is a simplified architecture of LSTM [37], as
sketched in Figure 4.
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GRU has only two “gates”, called update gate and reset gate. The update gate decides
how much of the past information needs to be further passed and which new information
to add. The reset gate decides how much of the past information to forget. GRU does not
have an additional memory cell and directly uses hidden state to transfer information. The
mathematical expressions can be found in the equations below:

Update gate:
z<t> = σ(Wz[h<t−1>, x<t>] + bz), (9)

Reset gate:
r<t> = σ(Wr[h<t−1>, x<t>] + br), (10)

Candidate hidden state:

h̃<t> = tanh(W[r<t> ∗ h<t−1>, x<t>] + b), (11)

Hidden state:
h<t> = (1− z<t>) ∗ h<t−1> + z<t> ∗ h̃<t>, (12)

where Wz, Wr, W, bz, br, b are the parameters (weight matrices and bias vectors) to train, σ
represents the sigmoid function, corresponding to the indication of ‘sigm’ in Figure 4; and
tanh indicates a hyperbolic tangent activation function. The formulas of the reset gate and
update gate look quite similar. The differences lie in the weights and the usage of the gates.
Because of the relative simplicity in the architecture, GRU is faster to train than LSTM, even
without the cost of performance, depending on the concrete application scenario.

The architectures of simple RNN, LSTM and GRU units show how the time signal
in the recurrent neural network works with the adjacent time signals internally. Multiple
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recurrent units are further embedded into the recurrent layer and build together the
recurrent network for time series data modelling.

2.2. Architectures of RNN

Different types of RNN architectures could be trained, depending on the needs of
the concrete problems, such as one-to-many for music generation [38], many-to-one for
sentiment classification [39], sequence-to-sequence for machine translation [40], etc. With
regards to the type of sequence-to-sequence, it can be further classified into subgroups,
according to the lengths of input and output of the model. In this paper, the following
notations are used: encoder–decoder architecture for scenarios, where the lengths of the
input and output are not the same; many-to-many architecture for scenarios, where the
lengths of the input and output are the same. In this work, traffic noise is the output of the
model and multiple traffic feature variables are the inputs of the model. At each time step,
the input traffic features are expected to predict a corresponding output traffic noise level.
This problem can be formulated by following three different architectures as illustrated in
Figure 5, where n_steps is the length of the sequence, m is the number of training samples,
n is the number of feature variables. Please be aware that the grey round-shape nodes in
different layers inside Figure 5 represent the recurrent units as discussed above, which
could be simple RNN, LSTM or GRU.
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The traffic noise modelling with the Blansko dataset can be constructed as a many-to-
one problem (Figure 5a), when vectorizing each single output of a sequence, so that they
can be treated as elements of one vector, corresponding to different time steps. However,
in this way, the advantage of recurrent neural network for handling time series data is
not thoroughly exploited, because the consideration of time dimension is discarded, due
to vectorization. The problem can also be structured as a many-to-many architecture
(Figure 5b). This is the most intuitive and intrinsic way to describe this problem. At each
time step, along with the input feature variables, a corresponding traffic noise output
is expected. The length of the output is equal to the length of the input. On the other
hand, although encoder–decoder architecture is a general solution to problems, where
the lengths of output and input are not equal, it can be indeed also applied to problems,
where the length of output and input equals each other (Figure 5c), namely to this problem
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of Blansko data modelling. Different from many-to-many architecture, in the encoder–
decoder architecture, only the hidden state from last time step of a recurrent layer will be
sent to next layer [41]. This allows the applicability of encoder–decoder architecture to
problems, where the lengths of input and output of the sequence are not equal.

2.3. Model Evaluation Metrics

To evaluate and compare the RNN models, following evaluation metrics are applied.
The coefficient of determination, R2, is a proportion of explained variance of the model and
the total variance of the data. The value of R2 is usually between 0 and 1. An R2 of 0 means
a bad fit and 1 indicates a perfect fit, meaning that the model can explain 100% variance of
the data. Mathematically, R2 can be expressed as:

R2(yi, ŷ) =
ESS
TSS

= 1− RSS
TSS

, (13)

RSS = ∑ (yi − ŷ)2, (14)

ESS = ∑ (ŷ− y)2, (15)

TSS = ∑ (yi − y)2, (16)

where ŷ is the predicted value, and yi is the true value, y is the average of the true value
yi. Total sum of squares (TSS) is the summation of residual sum of squares (RSS) and
estimation sum of squares (ESS). Although R2 is a very common evaluation metric for
regression tasks, it has some drawbacks, namely, the R2 value always increases when the
number of variables increases. Hence, adjusted R2 has been introduced, which imposes a
penalty for adding additional explanatory variables and only increases when a significant
variable is added. The equation of adjusted R2 is shown below:

R2
adj(yi, ŷ) = 1− (1− R2)× (n− 1)

n− k− 1
, (17)

where n is the number of observations, and k is the number of features. Apart from R2 and
adjusted R2, mean squared error (MSE), root mean squared error (RMSE), mean absolute
error (MAE) and mean absolute percentage error (MAPE) are also used in this work for
model evaluation and comparison. MSE measures the average of the squares of errors.
RMSE is the square root of MSE. MAE is a measure of the average of the absolute errors.
MAPE measures the accuracy as an average percentage of the absolute errors divided by
true values. The corresponding mathematical expressions could be found below:

MSE =
1
n

n−1

∑
i=0

(yi − ŷi)
2, (18)

RMSE =

√√√√√ n−1
∑

i=0
(yi − ŷi)

2

n
, (19)

MAE =
1
n

n−1

∑
i=0
|yi − ŷi|, (20)

MAPE =
1
n

n−1

∑
i=0

∣∣∣∣yi − ŷi
yi

∣∣∣∣, (21)

where n is number of observations, ŷi is the predicted value, and yi is the true value.
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2.4. Experiment Setup and Data Acquisition

In this study, the data were collected near the town center in Blansko, Czech Republic,
by video recording and audio recording over a roundabout (Figure 6). The roundabout has
an inner diameter about 23.5 m and outer diameter about 38.2 m. The video recording was
performed at the same time as the audio recording. A Hikvision IP camera, with a framerate
of 30 fps, was installed and fixed on the roof of a 12-floor high building at the roundabout.
The recording was performed over two days, with a total duration of around 9 h.

Appl. Sci. 2021, 11, x FOR PEER REVIEW 11 of 27 
 

framerate of 30 fps, was installed and fixed on the roof of a 12-floor high building at the 
roundabout. The recording was performed over two days, with a total duration of around 
9 h. 

 
Figure 6. The camera scene over the roundabout, 3, 5, 6, 7, 8 refer to the locations of the micro-
phones. 

The audio recording was performed simultaneously while video recording. Five cal-
ibrated measurement microphones were standing at different locations of the roundabout 
at a height of 1.2 m above the ground, as shown in Figures 6 and 7a. The five microphones 
were connected to different channels of the same recording device, Head acoustics SQuad-
riga II, with a sampling rate of 48 KHz (Figure 7b). All five microphones recorded simul-
taneously the traffic noise from the whole roundabout area. The technical details of the 
audio and video recording devices are listed in Table 1. 

 
(a) 

Figure 6. The camera scene over the roundabout, 3, 5, 6, 7, 8 refer to the locations of the microphones.

The audio recording was performed simultaneously while video recording. Five
calibrated measurement microphones were standing at different locations of the round-
about at a height of 1.2 m above the ground, as shown in Figures 6 and 7a. The five
microphones were connected to different channels of the same recording device, Head
acoustics SQuadriga II, with a sampling rate of 48 KHz (Figure 7b). All five microphones
recorded simultaneously the traffic noise from the whole roundabout area. The technical
details of the audio and video recording devices are listed in Table 1.
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Figure 7. The audio recording setup: (a) indication of microphone locations; (b) picture of instruments
used for audio recording.

Table 1. Technical details of recording devices: (a) info of audio and video recorders: (b) info of microphones.

(a)

Device Model Sampling Rate Number of Channels

Audio Recording SQuadriga II 48 KHz 10
(6 × Line/ICP In, BHS In (2-channel), 2 × Pulse In)

Video Recording Hikvision IP camera 30 fps N.A.

(b)

Microphones Frequency Response Sensitivity (mV/Pa) Max. Peak SPL (dB)

Mic3

0.02–4 KHz (±0.5 dB)
4–20 KHz (±1.5 dB)

51.3

130
Mic5 51.0
Mic6 51.6
Mic7 51.9
Mic8 52.0

The audio and video data were synchronized, according to the local network time,
since both the obtained audio data and video data had local time tags. The camera and
audio recorder were synchronized with Central European Time. The total extracted audio
and video recordings have the same starting and ending time, as indicated in Table 2.

Table 2. The extracted recording times.

Date Start End Total Duration

Day 1 (30 September 2019) 16:43 p.m. 20:32 p.m. 3 h 49 min
Day 2 (1 October 2019) 06:34 a.m. 11:48 a.m. 5 h 14 min

Day 1 + Day 2 - - 9 h 3 min

Although the whole dataset is based on a recording of two half-days, this work focuses
on the methodology of applying recurrent neural network for traffic noise modelling, for
which the obtained dataset is sufficient. In future research, a longer and bigger experimental
campaign is needed, covering more traffic scenarios such as different weather conditions,
different road surfaces, different seasons, etc., in order to generalize the model.
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2.5. Data Pre-Processing
2.5.1. Video Data Pre-Processing

The numeric video data, containing individual vehicle trajectories, was purchased
from DataFromSky, a computer vision company, processing traffic videos. The individual
vehicle trajectories were detected as shown in Figure 8. At each time step, the vehicle
information, such as vehicle ID, vehicle type, vehicle location (GPS in UTM), vehicle
instantaneous speed and acceleration/deceleration, were extracted from the raw video. In
terms of vehicle type, we pre-defined the vehicle categories, according to the shape and
dimension, and classified them into six categories, including motorcycle, small car, car,
medium vehicle, heavy vehicle and bus. No engine information was taken into account,
which could be improved in future work.
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Figure 8. Video pre-processing and vehicle trajectory detection.

Based on the GPS information of each vehicle and each microphone, the distance
between the sound source and receiver could be calculated, namely the instantaneous
distances between each vehicle and each microphone.

2.5.2. Traffic Features Generation

To train a supervised machine-learning model, the input variables and output variable
should be well defined in advance. In this specific problem, the traffic features are the input
variables, and the corresponding traffic noise is the output variable. The next critical task is
to convert the individual vehicle trajectory into traffic features, because the obtained noise
level at each time step is contributed by the traffic as a whole. Two methods are proposed
to represent the traffic features: statistic representation and histogram representation.

The initial individual vehicle trajectory data were in the order of vehicle ID. The whole
dataset is re-ordered to time domain, at the time window of 1, 5, 9, 15 and 46 s, respectively.
It takes around 10 to 15 s for one vehicle from driving in the roundabout to leaving the
roundabout, when the traffic is flowing fluently. At each time step, all the individual
vehicle features, such as speed, acceleration, deceleration, distance to receivers and vehicle
category can be aligned together in different lists, as shown below in Table 3.
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Table 3. Illustration of raw data frame reorganized in time order.

Raw Data Frame Vehicle Speed
(km/h)

Vehicle
Acceleration (m/s2)

Vehicle
Deceleration

(m/s2)

Vehicle Distance to
Mic3 (m) Vehicle Category

Sample1 Time step1

[0.0058, 0.0034,
0.0033, 0.0043, 34.35,
31.57, 0.084, 31.61,

0.29, 8.01, 44.59, 0.0,
0.0, 27.83, 4.56,

31.02, 24.72, 31.22]

[0.0005, 0.0012,
0.0008, 0.004, 0.0,

0.0, 0.014, 0.81, 0.13,
1.89, 0.0, 0.0, 0.0,
8.42, 0.018, 3.29,

0.38, 0.0]

[0.0, 0.0, 0.0, 0.0,
3.26, 2.56, 0.0, 0.0,

0.0, 0.0, 2.12, 0.0, 0.0,
0.0, 0.0, 0.0, 0.0,

0.26]

[39.08, 23.87, 22.70,
22.92, 68.57, 45.45,
55.99, 29.38, 46.05,
27.55, 53.53, 45.70,
22.82, 75.29, 47.44,
70.34, 94.37, 70.40]

[“car”, “car”, “car”,
“car”, “car”, “car”,
“car”, “car”, “car”,
“heavy vehicle”,

“car”, “car”, “car”,
“car”, “car”, “car”,
“car”, “small car”]

. . . . . . . . . . . . . . . . . . . . .
Sample800 Time step800 [33.61, 22.82, 17.68] [1.44, 1.18, 1.19] [0.0, 0.0, 0.0] [41.69, 30.96, 30.01] [“car”, “car”, “car”]

. . . . . . . . . . . . . . . . . . . . .

However, at different time steps, these data lists have different sizes, because the
traffic recorded by the camera changes dynamically with time. Therefore, further feature
variables are extracted from these data, in order to generate uniform data size, which
can be used as input for training machine-learning model. Statistic representation and
histogram representation are applied and compared, respectively. With statistic methods,
summary statistics are extracted from each data list. Hence, the data distribution of each
feature—speed, acceleration, deceleration, distance to microphone—is converted to its
mean, min, max, standard deviation, median, range, mid-point, skewness and kurtosis. In
terms of mean speed, both time mean speed and space mean speed are calculated. With
regards to those lists of vehicle category, at each time step the number of vehicles is counted,
equal to the size of the list, the proportions of each vehicle category are calculated. As a
result, a total of 44 features have been generated, which can be observed below in Table 4:

Table 4. The input variables of the machine-learning model.

Features Representing Individual Vehicle (Raw Data) Input Variables for Machine-Learning Model (after
Preprocessing)

Vehicle category [traffic volume, ratio of motorcycle, ratio of medium vehicle, ratio
of heavy vehicle, ratio of bus, ratio of car, ratio of small car]

Vehicle speed [arithmetic mean, harmonic mean, min, max, median, range,
mid-point, standard deviation, skewness, kurtosis]

Vehicle acceleration [arithmetic mean, min, max, median, range, mid-point, standard
deviation, skewness, kurtosis]

Vehicle deceleration [arithmetic mean, min, max, median, range, mid-point, standard
deviation, skewness, kurtosis]

Vehicle distance to mics [arithmetic mean, min, max, median, range, mid-point, standard
deviation, skewness, kurtosis]

As shown in Table 4, the left column corresponds to the raw data, while the right
column shows the transformed results from raw data, and they are the final forty-four
input variables used for the machine-learning model. With the histogram method, the
width of bins and number of bins are pre-defined. The extracted features are the counts
of instances falling in each bin. The number of features is the number of bins. Due to
the spread of the data, more bins have to be predefined, in order to cover all the data.
As a consequence, a total of 391 features have been generated. Compared to statistic
representation, histogram representation results in a high dimension and data sparsity.
Besides, the data are discretized and have lost the physical meaning, as they are simply the
counts of instances falling in that bin.

2.5.3. Audio Data Pre-Processing

With regards to the audio data, the root mean square (RMS) sound pressure was
extracted from the raw audio file, at the time window of 1, 5, 9, 15 and 46 s, respectively,
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corresponding to the video data. The sound pressure was then transformed to sound
pressure level (SPL dB), with the equation below:

SPL = 20 log10(
p

2× 10−5 )dB, (22)

where p is the RMS sound pressure, 2× 10−5 is the reference sound pressure in air.
In order to have more data for model training, data from all five microphones from

both days were used, since they delivered different messages (Figure 9), although the
microphones were physically not that far away from each other at the roundabout.
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Figure 9. Extracted SPL every other five minutes during the two days from different microphones: (a) SPL every other five
minutes from day 1; (b) SPL every other five minutes from day 2.

As shown in Figure 9, the recorded SPL curves from the five microphones from
each day indicate a similar tendency, since the microphones were located at the same
roundabout. However, due to the spatial distance, the shift in the peak values could still
be observed, because the recorded SPL from a specific microphone at a certain time step
would be dominated by the loud vehicle nearby. Due to the difference in the carried
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messages of different microphones, it makes sense to mix and use all these data for the
model training. In this regard, each microphone data is further aligned with the data of
generated traffic features at each time step. For different microphones, at each time step,
the paired traffic features are almost the same except for distance-related features, because
the five microphones were standing in different locations.

2.5.4. RNN Training Samples Generation

In conventional machine-learning algorithms, each training sample is a vector, made
of feature and target variables. Different from that, in a recurrent neural network, each
training sample is a sequence (tensor), consisting of multiple vectors. The additional
dimension is time domain. The length of the sequence, n_steps, is a hyperparameter of
RNN. In this work, different values of n_steps are compared.

The total data are divided into training data, validation data and testing data, for
achieving an unbiased result. In order to increase the training data size, each training
sample is generated with overlap with adjacent samples. The same method was applied
to the generation of the validation samples (Figure 10). Each testing sample is gener-
ated without overlap (Figure 11), so that the final evaluation metric can be calculated on
each single point of testing data only once. Please notice, to make it clearly illustrated,
n_steps = 5 is used in both Figures 10 and 11, which does not stand for the final tuned
value of this hyperparameter.
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2.5.5. Leave One Subject out Cross-Validation

Leave-one-subject-out cross-validation has been applied, in order to achieve a robust
result. As shown in Table 5, at each iteration, one microphone data is used as the testing
data, and the remaining data are used as training data, until all the microphones have
been used once as testing data. Therefore, five microphones lead to five iterations of each
training process. The final evaluation will be averaged over the five iterations.

Table 5. Leave-one-subject-out cross-validation (n_steps = 30).

Samples for Model Training Model Evaluation

Training Data Validation Data Testing Data

Data Shape (6276, 30, 44) (2092, 30, 44) (70, 30, 44)

1st iteration Mic3, 6, 7 Mic5 Mic8
2nd iteration Mic3, 6, 8 Mic5 Mic7
3rd iteration Mic3, 7, 8 Mic5 Mic6
4th iteration Mic6, 7, 8 Mic3 Mic5
5th iteration Mic6, 7, 8 Mic5 Mic3
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The whole process is called leave-one-subject-out cross-validation. The subject refers
to different microphones here. Leave-one-subject-out cross-validation makes sure that the
model does not have subject bias [42].

2.5.6. Data Scaling

Each variable has a different physical meaning, with different ranges and spreads in
scales. To use them directly for model training will slow down the convergence of the
learning process. It also increases the chance of becoming stuck in the local minimum,
when calculating the optimal weights. Hence, it is necessary to standardize the feature
variables to obtain a uniform scale. The output variable has also been scaled, in order to
match the scale of the activation function of the output layer in the neural networks.

3. Results and Discussion

This work was performed in Python, with Keras API, running on top of TensorFlow.
A development environment with support of GPU, NVIDIA GeForce MX150, providing
accelerated high performance, was adapted for the whole simulation.

The work flow of this project is illustrated in Figure 12. The model performances were
compared based on different time steps, different methods of representing traffic features,
different architectures, different recurrent units and different hyperparameters such as
sequence length (n_steps) in this work. The red highlighted path in Figure 12 indicated the
final selected model, which achieved the best performance.
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3.1. Development of RNN

As mentioned above, the problem in this paper can be constructed with three different
architectures: many-to-one, many-to-many and encoder–decoder. At each time step, along
with the input traffic feature variables, a corresponding traffic noise output is expected. All
these three architectures are trained with Blansko data, and corresponding model perfor-
mances have been compared in this paper. After some basic tuning, such as number of
layers and number of neurons, the trained models based on the three different architectures
are obtained, as shown in Figures 13–15. Bidirectional recurrent neural network (BRNN)
is applied, which is an extension of the conventional RNN [43]. BRNN can improve the
model performance, because BRNN trains the model not only on the input sequence, but
also on the reversed copy of the input sequence. Therefore, BRNN obtains additional
context for predicting the current state by using the information from both the past and
the future.
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First model, based on Architecture 1, many-to-one, is stacked RNN network (Figure 13),
with two bi-directional RNN layers and one fully connected dense layer, which is the out-
put layer with a single neuron. The model output is a vector with the same length as the
time steps of the sample sequence, n_steps.

Second model, based on Architecture 2, many-to-many, has one bi-directional RNN
layer and two fully connected dense layers including one output layer with a single
neuron at each time step (Figure 14). Each of the two dense layers is wrapped by TimeDis-
tributed API. TimeDistributed API applies the same operation to every temporal slice of
the 3D tensor.

The third model, based on Architecture 3, is an encoder–decoder network, where the
encoder and decoder each consists of an RNN layer (Figure 15). Only the last output of the
sequence from the encoder is sent to every temporal slice of the decoder, by RepeatVector
API [44]. Two more fully connected dense layers were wrapped with TimeDistributed API,
where one of them is output layer with single neuron, same as mentioned in Architecture 2.

Among all these three trained models, dropout was also applied, in order to avoid
model overfitting.

3.2. Results Comparison on Different Architectures

The encoder–decoder architecture failed to achieve a good result when modelling the
Blansko data with n_steps of 30; instead, it achieved the best performance when n_steps is
set to 3. Otherwise, the network has to increase the complexity, such as adding more layers,
more neurons or training for a longer time, in order to achieve a comparable performance
to the other two architectures, which leads to a much higher computation cost. Therefore,
the below demonstrated result based on encoder–decoder architecture was using n_steps
of 3 (Figures 15 and 16).
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Figure 16. GRU model performance comparison on different architectures: (a) the accuracy comparison on different
architectures; (b) the computation cost comparison on different architectures.

Figure 16 shows the result comparison of the models trained from these three architec-
tures with testing data, in the aspects of prediction accuracy (Figure 16a) and computation
efficiency (Figure 16b). It is noticeable that the prediction performances of Architecture 1
and 2 are very similar with an RMSE around 2.4 dB and an R2 around 0.68, slightly better
than the performance of Architecture 3 with an RMSE around 2.7 dB and an R2 around
0.64, as shown in Figure 16a. However, as indicated in Figure 16b, the model training
took a very long time with Architecture 1, almost 10 times longer computation time than
Architecture 2; Architecture 1 trained 15 times more parameters than Architecture 2 by
backpropagation, where the model based on Architecture 1 learned 590,430 parameters,
and the model based on Architecture 2 learned 38,701 parameters. Architecture 3, in
terms of both prediction accuracy and computation efficiency, does not have any privilege.
Therefore, Architecture 2 was selected for training the recurrent neural network model.

3.3. Results Comparison on Recurrent Units

GRU and LSTM were further compared. The performance comparison on GRU and
LSTM with testing data are shown in Figure 17. The results were based on five iterations of
cross-validation.
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As indicated by the boxplots of Figure 17, it is clear to observe that the spread of LSTM
in the results of different evaluation metrics is larger than GRU model, although the median
and mean values of each evaluation metric, R2, adjusted R2, RMSE, MAE and MAPE, are
similar to each other. With the same configuration of the network, 48,201 parameters
need to be trained in LSTM, while only 38,701 parameters need to be trained in GRU.
As mentioned at the beginning, the GRU model is the simplified version of LSTM. It is
also proven here that there is no additional cost of model performance, when using GRU
instead of LSTM for Blansko traffic noise data modelling. Hence, the GRU model, with
Architecture 2 (many-to-many), is the finalized traffic noise model for Blansko dataset.

3.4. Model Hyperparameters Tuning

Different hyperparameters were also tuned during the whole model training pro-
cess. Compared to conventional fully connected ANN, the RNN model has much more
hyperparameters to tune. The final setting of the tuned hyperparameters can be found in
Table 6.

Table 6. Final GRU model’s hyperparameters.

Hyperparameter Value

Number of layers 3 (one bidirectional GRU layer, two dense layers)
Number of neurons 50, 100, 1

Learning rate 0.0001
Batch size 256

Optimization algorithm Adam
Dropout rate 0.4

Sequence length (n_steps) 30
Number of Epochs 143 (controlled by Keras Early Stopping)

A GRU model with three layers was finalized. Each layer has 50, 100 and 1 neuron,
respectively. The learning rate determines the step size at each iteration when moving
toward the minimum of loss function during the optimization process [45]. Therefore, it
controls the speed at which the model learns. The learning rate was set to 0.0001 here. The
batch size controls the number of training samples that are used for weights update at each
iteration, which was finally fixed at 256. Adam was chosen as the optimization algorithm,
which is an advanced method for stochastic optimization [46]. Dropout regularization
was employed with a dropout rate of 0.4, in order to efficiently mitigate overfitting [47].
The number of epochs was not predefined. Instead, the duration of the training was
configured by applying Keras EarlyStopping API, which enables us to compare the model
performance between training data and validation data [44]. During the training process,
the loss of training data and validation data will both sink along with the epochs. The
training data loss will keep decreasing, as long as the training continues. However, the
validation data loss will start to increase, when the model is overfitting. With the help
of Keras EarlyStopping API, the model stops training, when the validation loss does not
reduce any more, which helps to avoid model overfitting (Figure 18).

As shown in Figure 18, at Epoch 143, the model has stopped training, because valida-
tion data loss does not reduce any more.

3.5. Final Model Evaluation

The final model has been validated with testing data. A certain period of the prediction
on each day can be observed in Figure 19.
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It can be seen that the proposed model catches the tendency of the dynamic change
of the real traffic noise level in a short time interval. When the sound level increases or
decreases drastically, it is relatively difficult for the model to precisely estimate the noise
peak values. This phenomenon is explainable with the statistical rule of regression toward
the mean, which describes the model aims to predict the expected value, closer to the mean
on the measurements [48].

Figure 20 illustrates the predicted SPL against the real SPL of the testing data
(Figure 20a) and the distribution of the corresponding residuals (Figure 20b). In Figure 20a,
it is clear to see that the predicted SPL values and the actual SPL values have a good fit
around the red dashed reference line indicating the ideal case, where the predictions equal
the ground truth. A mean of −0.509 dB and a standard deviation of 2.309 dB with a bell
shape can be observed in the distribution of testing data residuals in Figure 20b.
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The overall results after leave-one-subject-out cross-validation with GRU, many-to-
many architecture, can be found in Table 7.

Table 7. The evaluations on GRU model, Architecture 2, on testing data.

R2 Adjusted R2 RMSE MAE MAPE

1st iteration 0.6953 0.6888 2.373 1.857 0.024
2nd iteration 0.6629 0.6557 2.648 2.111 0.027
3rd iteration 0.5359 0.526 2.993 2.406 0.030
4th iteration 0.7766 0.7718 2.09 1.673 0.021
5th iteration 0.7319 0.7262 2.136 1.848 0.024

Average 0.6805 0.6737 2.448 1.979 0.0252
Standard dev. 0.0816 0.0834 0.3371 0.2551 0.0031

As shown in Table 7, given 95% confidence interval, the model achieves an RMSE of
2.448 ± 0.67 dB and a MAE of 1.979 ± 0.51 dB.

The results of each iteration might slightly vary after multiple running, due to the
random initialization of weights in neural networks. Besides, the used batch for updating
the weights during one iteration through gradient descent is generated with random
sampling techniques, which could also lead to a slight variation in the final result.

3.6. Comparison with CNOSSOS-EU Model

The obtained result from the GRU model has been further compared to the EU
standard traffic noise model, the CNOSSOS model. The CNOSSOS model is expressed in
octave bands in the frequency range from 125 to 4 KHz, for a reference speed of 70 km/h
and a road surface of stone mastic asphalt and dense asphalt concrete. The vehicles are
classified into four categories: light motor vehicles, medium heavy vehicles, heavy vehicles
and powered two-wheelers [49]. Each vehicle is considered as a point source. The rolling
noise sound power level and propulsion noise sound power level were calculated for
each vehicle in the selected roundabout in Blansko over a time window of 15 s, same as
the development of GRU model. The propagation part was calculated with CNOSSOS
propagation formula, considering only the attenuation caused by geometric divergence.
The standard parameters of the CNOSSOS model for all member states of the EU were used
for the source emission and propagation calculations [50]. Compared to the ground truth
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values, the RMSE, MAE and MAPE of the CNOSSOS predicted values were calculated.
The obtained result is shown below in Table 8:

Table 8. The evaluations on the common noise assessment methods (CNOSSOS) model.

Testing Data RMSE MAE MAPE

Mic3 6.357 4.902 0.063
Mic5 7.706 6.294 0.079
Mic6 7.494 6.121 0.077
Mic7 7.189 5.659 0.072
Mic8 6.967 5.539 0.071

Average 7.143 5.703 0.072
Standard dev. 0.467 0.489 0.006

As shown in Table 8, given the 95% confidence interval, the CNOSSOS model achieves
an RMSE of 7.143 ± 0.93 dB and a MAE of 5.703 ± 0.98 dB, for traffic noise prediction with
Blansko dataset. It turns out that the RMSE achieved by the GRU model is around 4.7 dB
smaller than CNOSSOS model. The proposed GRU model outperforms CNOSSOS model
for traffic noise short-term prediction.

4. Conclusions

In conclusion, we are stepping into the new data age, artificial intelligence is under the
spotlight across different disciplines, due to its high capability of handling large datasets.
In this paper, a recurrent neural network was applied to traffic noise prediction with
multivariate traffic features as the predictors. The trained model could predict traffic noise
according to the traffic scenario, instead of setting audio devices for traffic noise recording.
Simple RNN, LSTM and GRU were introduced and compared in this paper. Different
architectures of RNN were trained with the dataset, obtained from an urban roundabout in
Blansko, CZ. As a result, the GRU model with many-to-many architecture was selected as
the final model, due to its best performance in both prediction accuracy and computation
efficiency, with an achieved RMSE of circa 2.4 ± 0.7 dB and a MAE of 2.0 ± 0.5 dB.

The excellent performance of the trained GRU model shows the great potential of
applying GRU for traffic noise modelling in the short term. The traffic noise model can
help policy makers and urban authorities to carry out different measures, such as speed
limit, traffic volume control, new traffic infrastructure assessment, etc., in order to mitigate
the noise pollution caused by road traffic. In additional, accurate short-term prediction
catches the variations of the traffic noise over a short period, which can further contribute
to traffic-noise-peak-caused annoyance studies.

In future research, the obtained GRU model will be generalized. The presented model
is trained on the Blansko dataset and applicable in the selected roundabout. However,
many other factors, such as road surface, surroundings, and meteorology, were not taken
into account in this work, due to the lack of the relevant data. In order to overcome the
limitations in obtaining very large datasets, data augmentation techniques such as the
generative adversarial network (GAN) could be applied, which was developed by Ian
Goodfellow and his colleagues in 2014 [51]. Additionally, a hybrid model by combining a
machine-learning model and empirical or physical noise models could be further devel-
oped, in order to take advantage of the strengths from different types of traffic noise models
and achieve model generalization. Last but not least, a longer experiment campaign is
needed for obtaining more ground truth values and covering wider traffic scenarios and
meteorology conditions, for validating the generalized model.



Appl. Sci. 2021, 11, 2714 25 of 26

Author Contributions: The conceptualization of the study was done by all authors. The writing of
the original draft and preparation of the paper was done by X.Z. All authors contributed to the writing
review and final editing. Experiment for data collection was performed by X.Z. and H.K. Formal
analysis, investigation, software and visualizations were done by X.Z. The supervision was done by
H.K. and W.D.R. All authors have read and agreed to the published version of the manuscript.

Funding: This project has received funding from the European Union’s Horizon 2020 research and
innovation program under grant agreement No. 721615.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to privacy.

Acknowledgments: The author is very grateful to the colleague, Czuka Martin, for providing the
recording device: Head acoustics SQuadriga II. The author gratefully acknowledges the European
Commission for its support of the Marie Sklodowska Curie program through the ETN PBNv2 project
(GA 721615).

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Hänninen, O.; Knol, A.; Jantunen, M.; Lim, T.; Conrad, A.; Rappolder, M.; Carrer, P.; Fanetti, A.; Kim, R.; Buekers, J.; et al.

Environmental Burden of Disease in Europe: Assessing Nine Risk Factors in Six Countries. Environ. Health Perspect. 2014, 122,
439–446. [CrossRef]
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