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ABSTRACT

The DYNAMAP project is expected to provide the traffic noise mapping of the city of Milan with an
updating interval down to 5 minutes, thanks to a network of real-time noise monitoring stations. As the noise
displayed by the maps should be exclusively attributed to the traffic noise, the recorded data need to be
analyzed before the map updating process in order to exclude the presence of possible non-traffic events (e.g.
sirens, horns, speech, doors, aircrafts,...), which are denoted as Anomalous Noise Events (ANE). To that
effect, an Anomalous Noise Event Detection algorithm (ANED) has been designed and adjusted to deal with
the identification of ANE within the Milan pilot area, where the mapping system is expected to be in
operation in 2017. In this work, we present a comparative analysis of the ANE identification and
classification considering the output of the ANED and the results obtained from the manual recognition of
ANE by skilled personnel. The comparative takes into account the typology and duration of ANE (with their
noise level distribution). In addition, their influence on the measured Leq,5min levels is evaluated for both
methods by statistically analyzing the differences between the processed (without ANE) and non-processed
(with ANE) Leq,Smin.

Keywords: Noise, Traffic, Acoustic Maps, Anomalous Noise Events [-INCE Classification of Subjects
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1. INTRODUCTION

The DYNAMAP project (Dynamic Acoustic Mapping - Development of low cost sensors networks for
real time noise mapping) is a LIFE project aimed to develop a dynamic noise mapping system able to
detect and represent in real time the acoustic impact of road infrastructures. Scope of the project is the
European Directive 2002/49/EC relating to the assessment and management of environmental noise
(END) [1], [2], enforcing Member States to provide and update noise maps every five years in order to
report about changes in environmental conditions (mainly traffic, mobility and urban development)
that may have occurred over the reference period. The DYNAMAP project foresees the development
of an automatic noise mapping system delivering short-term (real-time dynamic noise maps), as well
as long-term noise assessments (annual evaluations). Despite real time noise maps are not explicitly
required by the END, their automatic generation is estimated to lower the cost of noise mapping by
50%, with added significant benefits for noise managers and receivers [ 18][19], such as the possibility
of providing updated information to the public through appropriate web tools or the opportunity to
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abate noise with alternative measures based on traffic control and management.

The main project idea is focused on the research of a technical solution able to ease and reduce the cost
of noise mapping, through an automatic monitoring system, based on customized low-cost acoustic
sensors and a software tool implemented on a general purpose GIS platform, performing the update of
noise maps in real time (dynamic noise maps) [3].

The update of noise maps is accomplished by scaling pre-calculated basic noise maps, prepared for
different arches of roads. Basic noise maps are selected and scaled using the information retrieved
from low-cost sensors continuously measuring the sound pressure levels of the primary noise sources
present in the mapping area. A complete basic noise map covering the entire survey area is calculated
and saved for each group of sources. Scaled basic noise maps of each group of sources are then
energetically summed-up to provide the overall noise map of the area.

The feasibility of this approach will be proven implementing the system in two pilot areas with
different territorial and environmental characteristics: an agglomeration and a major road. The first
pilot area is located in the city of Milan, in the northern part of the town (district 9), where different
type of roads and acoustical scenarios are present. The second pilot area is located along a major road,
the motorway A90, which encircles the city of Rome.

Automating the update of noise maps through the DYNAMAP system entails several consequences.
One of them deals with the content of the detected equivalent noise level (Leq), which can include, in
addition to the main noise source, i.e. the road traffic, the contribution of other noise sources present in
the mapping area. Consequently, the resulting maps would not constitute a faithful reflection of the
acoustic impact of road infrastructures [10].

For this reason, it is necessary to endow the DYNAMAP system with the ability to discern
between road traffic noise and other types of acoustic events (e.g., aircrafts, industries, works on the
road, etc.) denoted as Anomalous Noise Events (ANE), to exclude them from the noise level
computation. To that end, an Anomalous Noise Events Detection (ANED) algorithm has been
developed [10][15]. In this work, we present a comparative analysis of the ANE identification and
classification considering the output of the ANED and the results obtained from the manual
recognition of ANE by skilled personnel. The comparative takes into account the typology and
duration of ANE (with their noise level distribution). In addition, their influence on the measured
Leq,5min levels is evaluated for both methods by statistically analyzing the differences between the
processed (without ANE) and non-processed (with ANE) Leq,5min.

2. THE DYNAMAP PROJECT IN MILAN

Given the large number of roads present inside the city of Milan, a statistical approach was applied
to size the monitoring network. Thus, roads having similar traffic flow conditions and, consequently,
similar noise trends were grouped together after an extensive measurement campaign that involved the
acquisition of daytime and nighttime noise levels from 93 monitoring stations distributed all over the
city. The data achieved from the monitoring campaign were then analyzed and two main clusters with
different noise trends and traffic flow were identified.

In order to estimate the noise behavior of the unmonitored roads, a statistical model, based on
traffic features, was finally implemented [4-9]. In this model the estimate of the noise level is given by
a linear combination of two quantities, named 61(h) and 62(h), i.e. the normalized mean hourly noise
values related to clusters 1 and 2:

Si(h)= Bl 51(h)+ B2 62(h) (1)

where f1 and 2 are weighting factors calculated as a function of a traffic parameter (X):
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p1=PI(X) / (P1(X)+P2(X)) 2)

p2=P2(X) / (P1(X)+P2(X)) )

X is the logarithm of the total daily traffic flow (X=LogTr) and P/(x) and P2(x) are the distribution
functions of X related to the two clusters. Therefore, the weighting factors f/ and 2 provide an
estimate of the probability of a road stretch to belong to cluster 1 and 2.

In order to define the number of basic noise maps to be prepared and of the monitoring stations to
be installed, the parameter X was further analyzed with the aim to split the total range of X values in a
reasonable number of groups with similar traffic characteristics. In the end, a total of six groups were
found. Each group includes more or less the same number of roads and identifies the corresponding
basic noise map. For each group, the mean value of X was also calculated, together with the weighting
factors 1 and f2. These parameters were then used to determine the reference noise level of each
group, to be updated in real time as a function of the sound pressure level detected on site by the
monitoring stations, placed on locations having an hourly traffic flow similar to the mean value of each
group. Four monitoring stations were identified for each group, leading to a total of 24 measurement
points.

In order to keep the error of the noise level estimate roughly the same (i.e. around 2 dB), the update
of the noise maps will be delivered with a different time frequency as a function of the day period: 5
minutes from 7 to 21 hours, 15 minutes from 21 to 01 hours and 60 minutes from 01 to 07 hours [5].

3. DETECTION OF ANOMALOUS NOISE EVENTS

In this section, we detail the two methods used to eliminate the contribution of the anomalous
events to the calculation of the equivalent value Leq. The automatic method (ANED), which works on
the raw signal that the microphones pick up, is firstly detailed, and works with the spectral components
of the signal. The manual method, applied by expert professionals, should be applied off-line
measurements, and is based on the Leqlsec instantaneous value and on the spectrogram analysis of the
received signal.

3.1 The Anomalous Noise Event Detection Algorithm

According to the DYNAMAP project specifications, an automatic detector has to be integrated in the
evaluation system to prevent ANE to be computed in the GIS-based road-traffic noise map. The
ANED algorithm is implemented as a binary classifier designed to differentiate between ANE and
Road Traffic Noise (RTN) (see Figure 1). The ANED follows a classic machine learning approach,
composed of two key processes: the parametrization of the input audio signal and the classification.

‘~. . ANE
Parametrization Classification

5 RTN

Signal
Input

Figure 1. Block diagram of the ANED algorithm.

The audio parametrization, also known as feature extraction, provides a meaningful compact
description of the input audio frame. In this case, referring to spectra. Mel Frequency Cepstral
Coefficients (MFCC) [11] or Gammatone Cepstral Coefficients (GTCC) [12] have been studied in
this environment to conduct the parametrization module of the ANED [10].

The classification module of the ANED has been implemented by means of a binary classification
scheme, considering only two classes: ANE and RTN. Several machine learning techniques have
been used for the binary classifier at the frame level, such as k-Nearest Neighbor (k-NN) [17] or
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Fisher’s Linear Discriminant (FLD) [16], since they provide a measure of the similarity between the
input frame under study with respect to the previously trained RTN and ANE classes.

At execution time, each input audio is windowed every 30 ms and labelled as ANE or RTN. The
decisions at the frame level are subsequently integrated every second by means of majority voting
scheme to generate the final ANED output in order to satisfy the 1-sec decision of the DYNAMAP
information chain [15] (see Figure 2).

Majority
Vote
ANE
dEBE Z|2|2|E|E -sec
C || | <C wes ||| L] @] Decizsion
RTN

AMNED output labels
at a frame level

Figure 2, Block diagram of the ANED majority voting decision stage. The binary input provided at
every second, and the binary output is provided every second.

3.2 The Manual Anomalous Noise Event Detection

The manual identification of the anomalous events has been done by competent staff: for each
measurements it is based on the comparison and analysis of variation of the amplitude of the Leq,1s
and the sonograms. Sonograms are graphic representations of a sequence of spectra in time, where the
sound pressure level, in a chromatic scale, is expressed in function of time and frequency (an example
is depicted in Figure 3).
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Figure 3. Leq,1s and sonograms related to road traffic in normal conditions (leftmost figures) and in
the presence of an anomalous event (ambulance siren) (rightmost figures).

4. ANOMALOUS NOISE EVENTS ASSESSMENTS

In this section, we analyze the detection and impact of anomalous noise events, and we define a
procedure for their removal from the recorded time series. We have evaluated the performance of the
manual method (using three different users) and the ANED results for the aforementioned dataset.
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4.1 Leq evaluation in presence of ANEs

The removal on anomalous events from a recorded time series may modify the equivalent level of
the time interval considered for the calculation. Here, we present the results of the unaltered equivalent
level and the equivalent level as calculated by removing the anomalous events inside the integration
time 1 (5). In this case, the equivalent level attributed to the time interval 1 is calculated over interval:

T =1-1 ANE 4

where 1 ANE represents the time interval of in which the anomalous event occurred. In Figure 4
the described procedure is illustrated.

L Unaltered Time Interval T
Leql Leq; —
- ANE Time Interval Tgng
—
Leq? Leq?
p—
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qr eq:
| — |
——
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Figure 4: time series divided into T (5 minutes) intervals. On the left, the unaltered time series. On
the right, time series with ANE and corresponding T ANE. The equivalent level attributed to the time
interval T is calculated according to eq. (4) and denoted as [ Leq) (t _ )"i with (i=1, 2,..., n).

4.2 Description of the real-life data under evaluation (La Salle)

In this section, we give a brief description of the real-life dataset used to conduct the
experiments.

Table 1 shows the key information of the real-life recording campaign conducted in the
DYNANAP’s pilot area of Milan, considering its two clusters. As it can be observed, both clusters
present similar recording conditions as well as number of anomalous noise events. However, it is
worth noting that cluster 2 has a slightly greater accumulated ANE duration although the recording
time is less.

Cluster 1 Cluster 2 Total
Number of recordings 4 5 9
Total recording time 2h 4min 1h 53min 3h 57min

Accumulated ANE duration 20min 30s 24min 47s 45min 17s

Table 1. Recording information of the Milan pilot area divided in clusters.
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Concerning the typology of the collected ANEs, the longest accumulated duration of cluster 1 belongs
to the tramway category, with a 6% of the total duration in relation to the total recording time of this
cluster. In addition, people talking, sirens, birds, brakes and horns can be heard frequently, among
others. In cluster 2, people talking represent 3% of the total duration, while train pass-bys 2%. In
addition, thunders, door sounds and airplanes are often heard in this cluster. For a detailed analysis of
the nature of the ANEs of the DYNAMAP Milan’s pilot area, the reader is referred to [14].

The ground truth (GT) of the presented dataset h was obtained following the process described in [14].
Several experts labelled with the suitable information the raw recorded data. For that purpose, they
used a combination of visual and acoustic information. They had both the Leq1sec, the raw audio data
and the spectrograms of the recorded files to observe, but all the decisions were made using also the
acoustic information of the recordings, together with manual annotations of the technicians recording.
The labelling was conducted using the maximum information of the real-life raw acoustic data to
increase its reliability.

4.3 Analysis of the results of the ANE classification vs manual experts annotations

In this section, both ANE detection procedures, that is, the expert-based manual labelling and the
automatically derived ANED output, are compared in terms of the standard evaluation metrics.
Specifically, we compute the classification precision (i.e., the ratio between the number of correctly
detected ANEs with respect to all the detected elements), recall (i.e., the ratio between the number of
correctly detected ANEs in relation to all the real ANEs) and FI measure (i.e., the harmonic mean of
precision and recall). These values are obtained in comparison with the ground truth annotation.

Table 2: Precision, recall and F1 measure of the ANED and the manual annotations for each cluster
(1 and 2) and altogether (All).

Criterion Cluster Precision Recall F1
1 58.3% 2.1% 4.0%
Manual
2 60.5% 1.8% 3.5%
1
All 59.5% 1.9% 3.7%
1 67.5% 0.4% 0.7%
Manual
2 61.5% 0.2% 0.3%
2
All 64.2% 0.3% 0.5%
1 63.8% 1.2% 2.3%
Manual
2 50.9% 0.5% 1.0%
3
All 56.6% 0.8% 1.6%
1 37.0% 63.3% 43.2%
ANED 2 42.3% 59.1% 41.0%
All 39.9% 61.0% 41.9%

Table 2 shows the precision, recall and F1 measures of the automatic and manual annotation of ANEs
divided in the two clusters [13]. As the reader may observe, the precision of the manual annotations is
around 60% for manual annotations and around 40% for ANED. The difference can be explained by
the higher sensitiveness of the ANED algorithm than the manual counterpart annotations, provoking
more false positives than the manual annotations since they are only built from visual inspection of the
Leq-1s and sonogram values and evolution. Therefore, the competent annotators are more precise than
the automatic detection since they only label clearly-distinguishable events.
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On the contrary, the recall for ANED is around 60%, while nearly none of the manual annotations are
higher than 2%. The reason for these results are mainly due to the presence of some ANEs that are
deeply mixed with the background traffic noise, i.e. they are not visually salient, thus, very difficult to
observe by the competent staff. In these regions, the ANED takes the most from the frame-based
spectral parameterization, as it is specifically trained to identify all ANEs regardless of their
equivalent noise level. The F1 measure is also influenced for the lower values of the recall, and its
values follow the results of the recall measurement.

Figure 5 shows a couple of examples of the performance of bot the manual and automatic annotation
for illustrative purposes. Figure 5.a shows a situation where the three competent staff annotate an ANE
around second 27, whereas this region should be labelled as RTN according to the ground truth. The
manual annotation may have detect a change in the Leqls value, concluding that it is due an ANE
incorrectly. Nevertheless, the ANED, which takes into account the spectral information of the input
audio data, concludes that this audio region does not belong to the ANE class. Despite that correct
evaluation, there are two more evaluations in the Figure 5.a example where the ANED yields to false
positive ANE detections: the first, around second 5 and the second around second 60. The second
example, in Figure 5.b, two of the manual annotations detect correctly an ANE starting around second
12 and finishing around second 40. The ANE is actually longer in time according to the ground truth.
The ANED also detects the presence of an anomalous noise event, but its 1-second decisions are
noisier than the two manual annotations.
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Figure 5a — 5b. Two case examples of manual and ANED evaluation in comparison with ground
truth (GT). The left one was captured in Site 2 on 20™ May 2015 at 13:54h (belongs to cluster 2), and
the one in the right belongs to Site 11 recording on 21" May 2015 at 15:55h (belonging to cluster 2).

4.4 Influence on the measured levels of the two methods

In this section, we evaluate the quality of the annotation for both annotation methods according to their
impact in the final Leq5Sm. Any detection method should guarantee that an ANE producing an impact
in the Leq5m greater than £2dB has to be removed from the measurement in order to provide a reliable
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picture of the road traffic noise level within that 5 minutes period.

In figure 6, we can observe the LeqSm trajectories corresponding to representative examples. The
figure depicts the Leq5m evaluated without removing any ANE, the LeqSm removing all the ANEs
indicated by the ground truth (reference), and the LeqSm after removing the ANE according to the
three manual annotations and the ANED algorithm output. If we observe the Leq5min curves obtained
after removing the ANEs according to both annotation methods, it can be concluded that they mostly
fit within the £2dB deviation range with respect to the ground truth Leq5m curve (depicted as a shaded
area in the figure). The ANED algorithm obtains the closest values to the ground truth Leq5Sm
trajectory, despite its performance is influenced by a large number of false positive evaluations. For
instance, in the rightmost part of figure 6, the Leq5min derived ANED curve is below the ground truth
reference. This is due to deletion of some audio regions that have been annotated as ANE instead of
RTN, i.e. false alarms. The manually derived curves are usually noisier, i.e. the three skilled personnel
detect different ANEs within each piece of audio, showing their curves generally higher Leq5min
values than the ground truth. This is due to the elision of some relevant ANEs. Finally, it can be
observed that the ANED is more stable in terms of performance along time for both examples. A
maximum difference between the ground truth evaluation and the Leq5m with all ANE is observed to
be of +2.5 dB and +4.5 dB for each example, respectively. In both cases, the curves from the second
manually derived labels are very similar to the LeqSm trajectory obtained from “Leq with all ANEs”
curve, except for minute 25 in the second example, which unveils the difficulty to detect ANEs for this
annotator. The reader may also observe the difference between manual annotations in the first example,
e.g. minute 15, where there are near 3 dB of difference between the second and the third annotator,
showing the first one an intermediate value. On the contrary, in the second example, the competent
staff present very similar Leq5m patterns between them and with respect to the Leq5min curve without
removing the ANEs (except in minutes 20 and 25).
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Figure 6: Two examples of the impact of removing the ANEs from the Leq5min for the different
annotated approaches. Both recordings were obtained on the 20th May 2015, Site 4 in Via Privata
Mario Galli (it belongs to cluster 2) at 16:33h and Site 5 in Viale Fulvio Testi (belonging to cluster 1)
at 17:22h.
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5. CONCLUSIONS

Both manual and automatic ANE identifications lead to a better estimation of the Leq5min value. The
automatic ANED has a better recall in terms of results due to the fact that it uses spectral information
to identify whether each frame is ANE or RTN. The manual annotations, despite being conducted by
experts, only have the Leqlsec and the spectrograms. It is worth highlighting that the performance of
the ANED can be better assessed through recall measure, as it is devoted to identify the presence of
ANEs.

Automatic event recognition has the advantage that it can work in the sensor with the raw data coming
from the microphones. The manual identification cannot be implemented in a real-time monitoring
system. The data recorded in Milano show how in certain moments is necessary to eliminate the
influence of ANE to perform the Leq5min measurements; their value would be more than 2dB
difference from the one measured with the ground truth.

This work will continue about the duration and the saliency of each ANE, in terms of their impact to
the Leq5min value and consequently ANED recognition capability will be calibrated.
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