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Abstract: - Nowadays, Machine Learning (ML) techniques are ubiquitous. They are applied to many contexts, 
both in production and research fields. Recently, they have shown strong performance in predicting road traffic 
noise levels, even when used at different sources and receiver distances. Due to their nature, they use the 
distance between source and receiver as any other feature, instead of considering it as one of the most important 
ones. This raises an important question: does distance really have a minor role, or does it influence the 
relationships between input variables and noise outputs in a non-easily perceivable way? In this contribution, 
the authors pursue an exploratory data analysis (EDA) approach to examine if and how source-receiver distance 
affects an ML model for road traffic noise estimation. This study highlights how the relationships between 
input variables and output sound levels change at different distances from the source. Statistical distributions, 
correlation patterns, and feature relevance indicators are investigated for two sensors recording the same noise 
events at different distances from the source. The results show that the relationship between variables and noise 
levels is different between the two cases. These findings emphasize the need to supplement performance-based 
evaluations with exploratory and interpretative analyses, providing new insights into the role of spatial factors 
in data-driven noise modeling. 
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1 Introduction 
In recent years, Machine Learning (ML) techniques 
have been more and more frequently used in the 
research context of prediction and modelling of road 
traffic noise, demonstrating promising capabilities, 
[1], [2], [3], [4], [5], [6], [7]. Such model often 
achieves predictions that are comparable (or even 
better) than those obtained by traditional physically 
based models. Surely, they demonstrated their 
strength point in non-linear scenarios, i.e., where the 
free flow regime is not assured and/or in case of 
intersections or roundabouts, [8], [9], [10], [11], 
[12]. An interesting and not yet fully investigated 
aspect of these approaches is the role of the source–
receiver distance. In classical propagation models, 
in fact, distance is a pivotal parameter, and since it 
rules the propagation formulas, it typically has the 

dignity of a primary independent variable. On the 
contrary, in ML approaches (or in general in data-
driven ones), source-receiver distance is considered 
as one of many features, and its influence is not 
explicitly enforced by the modelling framework. 
This aspect raises important questions regarding the 
interpretation of such predictions. The interpretation 
of results, in fact, is not straightforward, and it is not 
clear if distance plays a minor (or no) role in the 
modelling process, [13], [14], [15], [16], [17].To fill 
this gap, the authors used exploratory analysis 
techniques on a well-known environmental noise 
dataset to highlight the intrinsic complexity of the 
relationships between acoustic outputs and input 
variables and to determine whether the relationship 
between input variables and noise levels remains the 
same across space. 
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Therefore, after applying a Random Forest (RF) 
regressor on the data, rather than focusing on model 
performance (which has already been demonstrated 
in other works) [4], [5], [6], the authors investigated 
how the structure of the dataset and the relationships 
between variables evolve with the source–receiver 
distance. In this preliminary approach, the analysis 
is carried out by only comparing two representative 
scenarios: a near-field receiver located near the road 
(6.9 m), and a far-field receiver positioned at a 
significantly greater distance (270 m circa). The 
idea is that, while predictive performance may 
remain stable (as some studies not yet published 
demonstrate), the contribution of input variables to 
the generated noise levels may vary. This approach 
contributes to improving the interpretability of data-
driven noise models and provides additional 
information on this research field. 

The remaining of the contribution is organized as 
follows. In Section 2, the case study and the used 
data are presented, contextualizing the distance as 
the main key point of the analysis. Section 3 details 
the methodological approach used. Section 4 reports 
the results of the analysis, organized into four main 
steps: comparison of noise level distributions at near 
and far distances, evaluation of correlations between 
input variables and acoustic outputs, assessment of 
feature relevance through interpretable metrics, and 
synthesis of the observed differences in data 
structure as a function of distance. 
Finally, in Section 5, results are critically discussed 
and a last section is reported in Section 6, where the 
main conclusions of the study are summarized 
together with the limitations of the study itself and a 
brief description of possible future implementation.  

 
 

2 Case Study and Data Used 
The data used in this study comes from a publicly 
available dataset collected within the framework of 
a long-term monitoring research campaign 
conducted in proximity to a highway infrastructure 
in the city of Saint Berthevin, France. The 
monitoring campaign was designed for long-term 
environmental acoustics investigations and 
consisted of multiple acoustic and traffic sensors 
installed in the surrounding area, allowing for the 
simultaneous acquisition of noise levels and traffic 
parameters over an extended period. Acoustic 
measurements were performed using a set of sound 
level meters positioned at different distances from 
the main noise source, represented by a 4-lane 
highway connecting two important cities. The 
sensors were organized in measurement towers 
positioned at variable distances from the road, 

collecting A-weighted equivalent noise levels over 
10-second intervals, which were subsequently 
cleaned and aggregated into 15-minute observations 
by the dataset authors. 

In parallel, a series of meteorological features 
(air and ground temperature, wind speed and 
direction, solar insulation and precipitation quantity) 
collected dedicated data. Such meteorological 
sensors were mounted on different towers. Such 
data have not been included in this work. Figure 1 
represents a realistic scaled positioning of all the 
acoustic and meteorological towers. Traffic 
information was obtained from sensors positioned 
along the highway infrastructure. A more detailed 
description of the sensors’ spatial organization can 
be found in [18]. Data, then, are available at a 15-
minute base, and for each 15-minute step, four main 
traffic data are used: number of light vehicles 
passing, number of heavy vehicles passing, average 
speed of light vehicles (km/h), and average speed of 
heavy vehicles (km/h). These variables constitute 
the input features considered in the present analysis, 
while the acoustic ones represent the outputs. 
Specifically, A-weighted equivalent continuous 
sound level (LAeq) over 15 minutes is used as input. 
The dataset also has output features isolating single 
frequencies, but for the purpose of this work, they 
were neglected. For the sake of simplicity and 
clarity, the authors performed such exploratory and 
preliminary analysis only for two representative 
receiver positions: a near-field sensor located near 
the source, and a far-field sensor positioned at a 
significantly greater distance. This selection allows 
for a direct comparison between the most 
contrasting spatial conditions. The choice to 
investigate only two receivers was a conscious 
methodological decision. The objective of this 
exploratory study, in fact, was to investigate if 
differences in source-receiver distance can reflect 
substantial changes in data structure, correlation 
patterns, and feature relevance. A scaled 
representation of the spatial configuration of the 
monitoring system and the relative position of the 
acoustic sensors is illustrated in Figure 1 (derived 
from the information reported in [19]. 
 In Figure 1 all the sensors used in the original 
long-term monitoring campaign are shown: 
acoustic, meteorological, and traffic ones. In this 
contribution, the authors narrowed the used data to 
four input parameters and two output ones, 
neglecting the remaining acoustic information and 
all the meteorological ones (see Section 3 for more 
details). 
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Fig. 1: Spatial configuration of the monitoring 
system, illustrating the relative positions of acoustic 
sensors at varying distances from the traffic source. 
Source: created by the authors from the geospatial information 

in [19] 
 

 

3 Materials and Methods 
The present study adopts an exploratory data 
analysis (EDA) approach to investigate the 
influence of source–receiver distance on the 
structure of road traffic noise data. Unlike what 
could be expected and in contrast to conventional 
studies focused on model calibration and validation 
of ML prediction models, the main focus of this 
work is to analyze how the relationships between 
input variables and acoustic outputs evolve under 
different spatial conditions rather than optimize the 
prediction performance of the model itself. The 
whole methodology is based on a comparative 
analysis between two representative configurations: 
a near-field receiver, located at a short distance from 
the road traffic source (acoustic sensor 1, named “ 
A1M5_LQA” at 6.9 meters from the road), and a 
far-field receiver (“A2M5_LQA”) positioned at a 
significantly greater distance of 270 m. De facto, 
two sub-datasets were built: a “near” one having 
input data and output of A1M5_LQA, and a “far” 
one made of input features and A2M5_LQA output. 
To simplify the description, authors from now on 
will refer to such datasets simply as “near” and 
“far”. The choice of this dual structure is a 
simplification intended to allow an easier and 
clearer interpretation of the effect of distance, 
avoiding potential ambiguities related to 
intermediate configurations. The input variables 
were the same for both data configurations, ensuring 
consistency in the comparison. In detail, the number 
of light and heavy vehicles and the average speed of 
light and heavy vehicles for every 15 minutes are 
present. More clearly, the input parameters are: 
(i) TOT_VL_NB (total number of light vehicles); 
(ii) TOT_PL_NB (total number of heavy vehicles); 
(iii) VL_VIT (average speed of light vehicles); and 
(iv) PL_VIT (average speed of heavy vehicles). 

For readability, these variables are reported in 
figures together with their descriptive names. 

The output variable is the A-weighted equivalent 
continuous sound level (LAeq), measured at the 
selected receiver locations. The analysis is carried 
out independently on the two datasets corresponding 
to the near and far receivers, and the results are then 
compared to identify differences in data structure 
and variable relationships. 

 
3.1  Data Preparation 
Before starting the exploratory analysis, the two 
datasets are preprocessed to ensure consistency and 
comparability, according to a procedure already 
described in detail in [18]. The most important 
aspect of this preprocessing is the removal of rows 
with missing values, since incomplete records in 
either input or output variables may bias statistical 
indicators and correlation measures. No additional 
feature engineering or dimensionality reduction 
techniques are applied, as the aim of the study is to 
preserve the original structure of the data and to 
observe naturally occurring relationships.  Similarly, 
no normalization is strictly required for the 
statistical analyses performed, except where needed 
for specific methods such as feature relevance 
estimation. In previous works with the same data 
[4], the authors performed a normalization 
procedure before starting the ML calibration. 
Especially for some algorithms, in fact, 
normalization is essential to provide reasonable 
results. In this application, authors applied 
algorithms to the non-normalized data since the 
focus was not the prediction output results but, as 
already mentioned, the correlation between features. 
 
3.2  Distribution Analysis 
The first step of the exploratory analysis focuses on 
the statistical characterization of the output variable. 
The distribution of LAeq values is analyzed 
separately for the near and far datasets. Descriptive 
statistics such as mean, median, standard deviation, 
and interquartile range are computed, and graphical 
representations (violin plot) have been used to 
assess differences in central tendency, variability, 
and the presence of outliers. This exploratory 
analysis has already been extensively carried out in 
previous works [4]; therefore, in this work it is 
limited to the essential graphs useful for the 
prosecution of the correlation analysis. For the 
purposes of this work, anyway, in addition to 
standard descriptive statistics, higher-order 
moments of the distributions, namely skewness and 
kurtosis, were evaluated to detect possible 
asymmetry and tail behavior. Moreover, statistical 
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tests were performed to verify whether the 
differences between near-field and far-field data 
were statistically significant. This step provides an 
initial understanding of how noise levels are 
distributed at different distances and whether signal 
variability changes across space.  
 
3.3  Correlation Analysis 
In the second step, the authors investigated the 
relationship between input variables and the 
acoustic output [19], [20], [21] Linear correlations 
between each traffic-related parameter and LAeq are 
computed independently for the two receiver 
configurations. 

The comparison of correlation coefficients 
allows for the identification of potential shifts in the 
strength and direction of relationships as a function 
of distance, providing insight into whether the same 
variables maintain a consistent explanatory role 
through distance or if their influence changes when 
moving from near to far sensitive receivers. 
Correlation analysis was performed using the 
sample Pearson correlation coefficient. Given two 
samples 𝑋 and 𝑌 containing 𝑛 observations, the 
coefficient is computed according to equation (1) 

𝑟 =  
∑ (𝑛

𝑖=1 𝑥𝑖 − 𝑥̅)(𝑦𝑖 − 𝑦̅)

√(𝑥𝑖 − 𝑥̅)2√(𝑦𝑖 − 𝑦̅)2
 (1) 

 
where 𝑥𝑖 and 𝑦𝑖 are the observations of the two 
variables, 𝑥̅ and 𝑦̅ are their means, and 𝑛 is the 
number of observations, [20]. Pearson correlation 
was preferred over Spearman correlation because 
the aim was to quantify the linear relationships 
between traffic-related variables and acoustic 
outputs and also to allow a direct comparison with 
the literature where it is widely used. The resulting 
coefficient is dimensionless and ranges between −1 
and +1: values close to +1 indicate a strong positive 
linear relationship between two variables, while 
values close to −1 suggest a strong negative 
relationship. If the coefficient is close to zero, then 
it is reasonable to believe that there’s a weak or no 
linear dependence between the variables. Besides, 
for a more detailed assessment of the relevance of 
the differences, the correlation coefficients were 
also compared using Fisher's z-transformation. 
 

3.4  Feature Relevance Analysis 
Additionally, in addition to the correlation-based 
analysis, a study on feature relevance was 
performed, [21], [22], [23], [24], [25], [26], [27], 
[28], [29], [30]. The approach was simple: an RF 
regression algorithm was applied to both the near 

and far datasets. Please note that the sole purpose of 
the regressor was to estimate the relative importance 
of each input variable; therefore, it is important to 
remark that the model is not optimized for 
predictive performance (hyperparameter tuning is 
intentionally kept minimal [4]). The goal, in fact, 
was not to achieve the best possible prediction 
accuracy, but rather to obtain an indication of how 
the model considers the different input variables and 
weights them.  In detail, the Random Forest 
regressor was implemented using 50 decision trees 
and standard algorithm settings. Preliminary tests 
and also previous studies [6],[7] have shown that 
such a configuration provides stable and sufficiently 
accurate results (while maintaining reasonable 
computational cost). Feature importance values 
obtained from the model are then compared between 
the near and far datasets. In the context of RF 
models, feature importance is a relative measure of 
each input feature's contribution to the overall 
prediction. Such measurement is obtained by 
evaluating the reduction in node impurity produced 
by each feature across all trees. For better 
interpretability, the sum of all feature importances is 
reported to 1 through a normalization process. As an 
example, a feature importance value of 0.6 means 
that the corresponding variable contributes to the 
prediction more than another variable having an 
importance value equal to 0.1. The analysis is 
therefore useful for ranking variables according to 
their relative influence within the model. 
 
 
4  Results 
The exploratory analysis was carried out by 
comparing the datasets associated with the near-
field and far-field receivers. The results are 
presented in terms of distributional properties, 
correlation structures, and feature relevance, with 
the aim of identifying potential variations in the role 
of input variables as a function of distance. 
 
4.1  Distribution of Noise Levels 
The distribution of equivalent noise levels (LAeq) 
shows a clear difference between the two receiver 
configurations. As already stated before (see section 
3.2), the authors only reported the most essential 
graph to start the description of the correlation 
analysis, since the description of the dataset was 
already carried out in detail in other works, [5],[ 11]. 
To facilitate the interpretation of the statistical 
properties of the data, Figure 2 combines boxplot 
and violin plot representations, providing 
information not only on central tendency and 
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variability but also on the overall shape of the 
distributions. As expected, results show that the near 
dataset exhibits overall higher values, due to its 
proximity to the noise source. Mean values of the 
two distributions are in fact significantly different 
(71.6 vs 49.9 dBA), as are median values (72.3 and 
50.1 dBA). Since the median and mean values are 
very similar, a certain level of symmetry in the 
distributions is suggested. The standard deviations 
of the distributions are very similar in absolute value 
(2.9 vs 3.0 dBA), but the interquartile range is 
significantly different (2.6 vs 3.8 dBA – near and 
far). Therefore, the near distribution appears slightly 
more concentrated, with a narrower spread around 
the central tendency, while the far dataset is 
characterized by lower noise levels and marginally 
higher variability (although the difference in 
dispersion is not particularly pronounced). A 
noticeable aspect is the presence of outliers: the 
near-field distribution shows a higher number of 
low-value outliers, while the far-field case presents 
fewer extreme values, primarily located on the 
lower side of the distribution. To make the 
investigation more complete and detailed, additional 
distributional indicators were computed on the two 
datasets (near and far). Outputs show that the near-
field configuration has a markedly higher negative 
skewness (-2.041) compared to the far-field dataset 
(-0.552), suggesting a more pronounced asymmetry 
towards lower noise levels. 
 

 
Fig. 2: Distribution of equivalent noise levels (LAeq) 
for near-field and far-field receiver positions 
represented through combined boxplot and violin 
plot visualizations. Dashed lines represent the 
median values of the distributions; dotted lines 
represent the quartiles.  
Source: created by the authors. 

 
Similarly, kurtosis values are significantly 

different between the two distributions (6.113 and 
0.350 – near and far, respectively), indicating a 
more peaked distribution with heavier tails in the 
near-field case. 

Finally, to quantitatively assess whether the two 
datasets could be considered statistically different, a 
Kolmogorov–Smirnov (KS) test was performed. 
The resulting KS statistic was equal to 0.998, 
indicating an almost complete separation between 
the two distributions. The associated p-value was 
lower than 0.001, confirming that the observed 
differences between the near-field and far-field 
distributions are statistically significant and cannot 
be attributed to random sampling variability.  

 

 
Fig. 3: Joint distributions between traffic variables 
and equivalent noise levels (LAeq) for near-field and 
far-field configurations obtained through two-
dimensional hexagonal density maps. The figure 
highlights how the structure of the traffic–noise 
relationship changes with source–receiver distance, 
particularly for the total number of light vehicles 
(TOT_VL_NB).  
Source: created by the authors. 
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The statistical data relating to the distributions of 
equivalent noise levels for the near and far 
configurations is presented in Table 1, while in 
Table 2 the results of KS test are reported.  A further 
insight into the dataset structure can be obtained by 
analyzing the joint distributions of traffic variables 
and acoustic levels. Figure 3 reports two-
dimensional density maps obtained through 
hexagonal binning for the four traffic-related 
features considered in this study. 

The graphical representation highlights the 
regions with the highest observation density and 
allows a direct comparison between the near-field 
and far-field configurations. The most evident 
differences emerge for the total number of light 
vehicles (TOT_VL_NB), which already showed the 
strongest correlation with LAeq and the highest 
feature importance values. In this case, the near-
field and far-field datasets exhibit markedly 
different density patterns, suggesting that the 
relationship between traffic flow and noise levels 
changes considerably with distance. Similar 
although less pronounced effects can also be 
observed for the remaining traffic variables. These 
observations further support the hypothesis that 
source–receiver distance does not simply induce a 
shift in noise levels but also affects the underlying 
structure of the data and the relationships between 
explanatory variables and acoustic outputs. 
 
Table 1. Statistical characterization of the acoustic 
datasets for near-field and far-field configurations, 

including higher-order statistical indicators 
 A1M5LQA A2M5LQA 

count 30347 30347 
mean [dBA] 71.6 49.9 

std [dBA] 2.9 3.0 
min [dBA] 46.3 35.8 
25% [dBA] 70.8 48.2 
50% [dBA] 72.3 50.1 
75% [dBA] 73.4 52.0 
max [dBA] 78.2 58.3 
Skewness -2.0 -0.6 
Kurtosis 6.1 0.4 

Source: created by the authors. 

 
Table 2. Outputs of the Kolmogorov–Smirnov test 
for the assessment of statistical difference between 

near and far field dataset 
KS Statistic 0.998 

p-value < 0.001 
Source: created by the authors. 

 
These observations suggest that, while the 

general attenuation of noise with distance follows 
expected physical behavior, subtle differences in the 

variability and distribution of the data can be 
identified between the two datasets.  
 

4.2  Correlation Analysis 
Results of correlation analysis show a regular 
reduction in the strength of the relationship between 
traffic variables and noise levels when moving from 
the near to the far receiver. The comparison of 
correlation coefficients between traffic variables and 
noise levels is shown in Figure 4. The total number 
of light vehicles (TOT_VL_NB) has the strongest 
correlation with LAeq in both the near and far 
datasets, with a value of 0.53 in the near dataset and 
0.42 in the far dataset. This confirms its role as the 
primary driver of traffic noise: the more vehicles are 
present, the greater the impact of noise. Speed-
related variables, on the other hand, have a minor 
impact in terms of correlations. In particular, the 
average speed of light vehicles (VL_VIT) has a 
correlation coefficient of 0.07 and 0.04 near and far. 
A similar trend is observed for the average speed of 
heavy vehicles (PL_VIT), whose correlation with 
LAeq becomes almost negligible in the far field: 0.05 
and -0.00 (near and far). The only variable showing 
a slightly different behavior is the number of heavy 
vehicles (TOT_PL_NB), for which the correlation 
appears marginally higher in the far-field dataset 
(0.26 and 0.27, near and far). Table 3 reports the 
values of correlation for all the input features. 
 

 
Fig. 4: Correlation coefficients between traffic 
variables and equivalent noise levels (LAeq) for the 
near-field and far-field configurations.  
Source: created by the authors. 

 
Table 3. Values of correlation coefficients between 
input traffic variables and output equivalent noise 

levels (LAeq)  
 TOT_VL_NB TOT_PL_NB VL_VIT PL_VIT 

near 0.53 0.26 0.07 0.05 
far 0.42 0.27 0.04 -0.00 

Source: created by the authors. 
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However, this difference is minimal and does not 
represent a substantial deviation from the general 
trend. Overall, the results indicate that the direct 
linear relationship between traffic parameters and 
noise levels weakens with increasing distance, 
particularly for variables related to vehicle speed. 
To evaluate whether the observed differences 
between near-field and far-field correlation 
coefficients were statistically significant, Fisher's z-
transformation test was performed for each traffic 
variable. The results indicate that the reduction of 
correlation observed for TOT_VL_NB, VL_VIT 
and PL_VIT is statistically significant (p < 0.001). 
Conversely, the difference associated with 
TOT_PL_NB was not significant (p = 0.605), 
suggesting that the relationship between heavy 
vehicle counts and noise levels remains essentially 
unchanged across the two investigated receiver 
positions. These results – reported in Table 4 - 
provide additional statistical support to the 
exploratory observations, confirming that source–
receiver distance affects some traffic–noise 
relationships more strongly than others. 
 

Table 4. Fisher’s z transformation test for the 
statistical significance of correlation coefficients  

Feature Fisher z p-value 
TOT_VL_NB 19.49 <0.001 
TOT_PL_NB -0.52 0.605 

VL_VIT 5.06 <0.001 
PL_VIT 7.85 <0.001 

Source: created by the authors. 

 
4.3  Feature Relevance Analysis 
The feature relevance analysis, performed using an 
RF regressor, provided insight into the role of input 
variables and how their impact changes through 
space. Results are reported in Table 5 and Figure 5. 
In the near dataset, the total number of light vehicles 
(TOT_VL_NB) has the highest feature ranking 
(0.66), confirming its primary role in determining 
noise levels close to the source. This means that the 
chosen model strongly depends on this feature for 
its prediction. The other features, on the contrary, 
have a marginal contribution (0.12, 0.12, and 0.11 
for PL_VIT, VL_VIT, and TOT_PL_NB, 
respectively). The far dataset, on the contrary, has a 
more balanced distribution of feature importance. 
The contribution of TOT_VL_NB decreases (0.50), 
and the importance of PL_VIT and VL_VIT 
increases (0.18 and 0.19). The importance of 
TOT_PL_NB is very similar to that of the near 
dataset (0.12). Even more interesting is the 
observation of the difference between the 
importance of each feature in near and far datasets. 
The distance of TOT_VL_NB is remarkable (0.15), 

while the distances of the other features are close to 
zero (-0.06, -0.07, and -0.02 for PL_VIT, VL_VIT, 
and TOT_PL_NB, respectively).   
 
Table 5. Feature importance values for near and far 

dataset 
 Near Far 

TOT_PL_NB 0.108 0.123 
VL_VIT 0.117 0.190 
PL_VIT 0.118 0.180 

TOT_VL_NB 0.657 0.506 
Source: created by the authors. 

 

 
Fig. 5: Comparison of feature importance values for 
near-field and far-field configurations obtained 
through a Random Forest regressor.  
Source: created by the authors. 

 
An interesting observation is the consistent 

behavior of the velocity-related variables (VL_VIT 
and PL_VIT), which exhibit very similar 
importance patterns in both configurations.  This 
suggests that their contribution is not only limited in 
magnitude but also structurally comparable. Such an 
observation clearly addresses the original question 
of this work: does the distance between source and 
receiver influence the feature importance in a data-
driven prediction model? It appears so. A different 
approach to this observation is reported in Figure 6, 
where the shift in feature influence is shown from 
the features' point of view. Figure 6, in fact, displays 
how the near-far distance gives more or less 
importance to a feature on the whole prediction 
procedure and, moreover, which feature gains or 
loses importance when the source-receiver distance 
increases.  

From this recapitulating figure, it can be easily 
seen how the speed-related features become more 
important in the far field, as long as the number of 
heavy vehicles increases. On the contrary, the 
number of light vehicles becomes predominant in 
the prediction capabilities when the source-receiver 
distance decreases.   

WSEAS TRANSACTIONS on ENVIRONMENT and DEVELOPMENT 
DOI: 10.37394/232015.2026.22.85

Domenico Rossi, Daljeet Singh, 
Claudio Guarnaccia

E-ISSN: 2224-3496 966 Volume 22, 2026



 
Fig. 6: Difference in feature importance between 
near-field and far-field configurations, highlighting 
the shift in variable influence with increasing 
distance.  
Source: created by the authors. 

 

 
Fig. 7: Comparison between impurity-based 
Random Forest feature importance and permutation 
importance for the near-field and far-field datasets. 
Values were normalized with respect to the most 
influential feature in each configuration to facilitate 
the comparison of relevance patterns.  
Source: created by the authors. 

To ensure the robustness and validity of the 
feature relevance analysis, a permutation importance 
evaluation was performed. Figure 7 compares the 
normalized relevance profiles obtained through 
impurity-based RF importance and permutation 
importance for both near-field and far-field 
configurations. The strong similarity between the 
resulting profiles indicates that the observed feature 
relevance patterns are largely independent of the 
adopted importance metric. Finally, as an additional 
verification of the stability of the reported feature 
relevance patterns, a bootstrap-based confidence 
interval analysis was performed on the feature 
importance values. Outputs confirm that both in the 
near and in the far data, TOT_VL_NB has the 
highest mean importance (0.658 and 0.507, 
respectively). More interestingly, in both cases the 
95% confidence intervals were extremely narrow 
([0.650, 0.666] and [0.502, 0.512]), confirming the 
robustness of the reported rankings with increasing 
source-receiver distance. 
 
 
5  Conclusions 

The presented study sets itself in a recent research 
field investigating data-driven approaches to the 
assessment and forecast of noise levels from road 
traffic. As already demonstrated (contribution in 
press), in general the forecast capability of ML 
models, when applied to road traffic noise, tends to 
remain stable at variable source–receiver distances, 
therefore suggesting that this feature (distance) can 
be considered like one of the other input features. 
Nonetheless, since it represents a pivotal physical 
aspect for the propagation of noise, the authors 
investigated in detail the relationships existing 
between the various input variables and output noise 
levels, to discover if they remain stable across 
distance. In this contribution, an exploratory data 
analysis approach has been performed for the study 
of the effects of source–receiver distance when 
evaluating the output of a road traffic noise data-
driven model. Whereas previous studies focused on 
predictive performance, the presented analysis 
specifically addressed how the relationships 
between input variables and acoustic outputs change 
across distance. The findings are interesting, since 
the results show that the influence of traffic-related 
variables on the model outputs weakens as the 
receiver moves away from the source. By means of 
correlation analysis and feature relevance 
estimation, the authors found that variables related 
to vehicle speed, for example, lose their explanatory 
power across distance. More in detail, when source-
receiver distance grows, ML models maintain their 
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predictive capability by shifting from a dominance 
of a single input variable (light vehicle flow) to a 
more distributed contribution of all the remaining 
ones. This result interestingly suggests how ML 
models can adapt their output results when one of 
them significantly varies. This aspect has important 
implications for the interpretation of data-driven 
models applied to road traffic noise estimation.  
It appears that in near configurations the prediction 
is more directly governed by the input features 
reporting traffic intensity, while in far scenarios it is 
driven by a more complex interaction of all the 
features. An additional permutation importance 
analysis was performed to assess the robustness of 
the feature relevance results. The obtained rankings 
were found to be consistent with those derived from 
the impurity-based Random Forest importance 
measure, supporting the reliability of the observed 
trends. Overall, the obtained results suggest that 
distance is not an input feature just like the other 
ones, and its importance remains high just like in the 
classic physical models, even if its influence does 
not directly emerge from performance metrics, since 
it remains apparently inaccessible within the inner 
relationship of features used by the model. The 
author would like to underline, moreover, that due 
to the exploratory nature of the study, 
methodological choices have been consciously 
maintained at their minimum (only two receivers 
and a very simple tree-based ML model have been 
tested and evaluated). At this stage of analysis, 
therefore, no advanced modelling techniques like 
hyperparameter optimization, complex feature 
engineering, or interpretability frameworks (e.g., 
SHapley Additive exPlanations (SHAP) analysis) 
have been used, apart from a complementary 
permutation importance assessment that was 
considered to verify the robustness of the obtained 
rankings. This extreme simplification is, of course, 
one of the limitations of this study. More 
sophisticated analyses of feature relevance can be 
implemented, and the evaluation of distance 
influence can be extended to more ML models. 
Since they do not share all the basic mathematical 
functions, they could react differently to variations 
in source-receiver distance. Future improvements of 
this research will then be devoted to the expansion 
of this study to other source-receiver distances, as 
well as to other models. Additional future 
developments may include validating the proposed 
methodology using datasets collected in different 
geographical contexts and under different traffic 
conditions. Moreover, integrating meteorological 
variables and additional acoustic descriptors may 
provide a more comprehensive understanding of the 

factors influencing noise generation and 
propagation. Such extensions could further improve 
the interpretability and generalizability of data-
driven noise prediction models. 
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