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Abstract
Urban traffic is one of the most important causes of noise
in the cities. Noise metrics, such as Equivalent and Day-
night levels, are based on road traffic characteristics over
long term time periods and do not describe the traf-
fic noise dynamics. This paper presents a method for
predicting and producing dynamic noise maps from flow
traffic data obtained by surveillance cameras and pro-
cessed by machine learning algorithms. Convolutional
networks, based on transfer learning process, are used
to identify the vehicles in the scene and classify them
according to their size, while geometry projection algo-
rithms are used to determine the vehicle position, speed
and acceleration. The data extracted from video, such
as vehicle category, speed and lane, are useful to calcu-
late sound pressure level in any given location. There-
fore, by adding energetically such levels for each frame,
a dynamic noise map can by produced, representing the
sound pressure variation over the time, according to the
traffic flow. The levels predicted from the videos are
compared to measurements realized in control points to
validate the model. Results of the proposed model are
presented as well as the model restrictions to produce the
noise maps.

Introducction
Road traffic noise is a problem in most of the large cities.
It brings several issues for the human health, causing
disturbs in the day life which may vary from annoyance
to heart diseases [1, 2, 3]. The actual way to prevent
high noise exposure is to monitor levels at specific city
locations and/or to produce noise maps. Noise mapping
is an well established technique to evaluate sound pres-
sure levels over the territory. However, it is practically
impossible to conduct measurements along a whole city,
where a sensor grid of 50 × 50 m, for instance, would
be required to provide a detailed map. Alternatively,
simulation is used to generate those maps [4, 5, 6, 7],
based on traffic data and on morphological city charac-
teristics, such as road path, width, slope, building facade
reflections and pavement type. Data for noise predic-
tion consists of statistical traffic flow, including number
of vehicles per hour in a road, average speed, vehicle cat-
egory (motorcycle, cars, minivans, buses or heave trucks)
and some street and buildings characteristics, according
to the model [8]. Even using accurate traffic data and
detailed geometry models, such maps present acoustical
noise metrics or indexes, which represent averaged energy
over long term time periods, such as Equivalent Noise
Level Leq, Day-Night Level (LDN or DNL) or their vari-
ants (LD, LN , LDEN ). Therefore, the noise maps present
a “static” and averaged view of the noise energy behav-

ior along the time frame analysis, usually hours or day
periods.

This paper presents an alternative to the standard
(static) noise mapping, where a prediction model for ve-
hicle noise emission is feed with traffic data extracted
from video surveillance cameras. Firstly, calibration
techniques are used to adjust distortions caused by cam-
era lenses and to convert a 2D image coordinate system to
a 3D space. Then, machine learning algorithms are used
to identify vehicle locations on each video frame and to
classify them in a few categories. Vehicle class and the
average speed data are then used to calculate vehicle’s
noise emission, whose position changes along the video
frames, allowing to determine the noise maps.

Proposed system
Our system is composed of two parts, the first one re-
lated to computer vision (CV) and the second one to a
vehicular noise emission model. The CV part is responsi-
ble of extracting all the parameters required by the noise
emission model, while the other is in charge of generating
the corresponding noise levels and their propagation in
order to generate the maps. CV is further divided into
specific sub-stages. Figure 1 depicts the main stages of
the proposed method.

Figure 1: Proposed system flow.

Camera calibration
Camera calibration is achieved by computing three van-
ishing points (V P ) which define the vehicle motion [9].
The first V P corresponds to the lines on the road which
are parallel to the traffic flow. The Second V P is per-
pendicular to the first V P and parallel to the road. The
third V P corresponds to the lines perpendicular to the
road plane. V P1 and V P2 are calculated as the intersec-
tion points of manually extracted straight lines from the
road plane. Considering that the camera principal point
is coincident with the image center, V P3 and camera pa-
rameters can be calculated.
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Vehicle detection
For vehicle detection we use a pre-trained Mask R-CNN
network [10]. This network outputs bounding boxes, in
image coordinates, for the detected objects as well as its
class and a binary mask that isolates it from the back-
ground. Since the original network has been trained as
a generic object detector, it was necessary to filter the
output to only detect people and vehicles. Also, in this
step, a blurring filter is applied to each detected person
in order to preserve their identity.

Tracking and speed estimation
Detection is carried out on a frame-by-frame basis, so
there is no temporal relationship between them. This
would not be a problem if there was only one vehicle in
each frame. However, in real traffic conditions we find
several vehicles passing at the same time, at different
speeds and sometimes overlapping each other in the im-
age. Because of this, a vehicle tracking stage has been
added. We use the SORT tracking algorithm [11] and
feed it with the detected bounding boxes in combination
with a class consistency rule in order to assign a unique
identifier to each vehicle and record its path along the
road.

For speed estimation, we take as reference the approach
described in [9], which consists on defining a 3D box of
the vehicle aligned with the real scene from lines tangent
to the contour of the vehicle and passing through all V P
(please refer to the original paper for detailed explana-
tion). The original algorithm was modified, such that
only the 3D bounding box horizontal projection (parallel
to the road) is used. Additionally, we set the centroid
of the lower rectangle as a reference point to map from
image to world coordinates, different from the reference
that uses the midpoint of the lower front edge of the
3D box. This allows us greater stability of the reference
point against misalignment’s produced when computing
the lines tangent to the contour of the vehicle. Next,
the reference point is projected and scaled to world co-
ordinates using the camera calibration parameters and a
reference vehicle length/width. Finally, the vehicle speed
(v) is estimated as v = l(t0,1)/t0,1, where l(t0,1) is the dis-
tance travelled by the vehicle from the beginning (t0) to
the end (t1) of the tracking.

Noise emission model
In order to develop traffic noise prediction models it is
necessary to take into account the characteristics of dif-
ferent types of vehicles, running in several conditions,
such acceleration state, pavement types, rain etc, and
add the contribution of each vehicle to build the whole
noise scenario. A single vehicle noise emission model was
presented in [12], based on engine, transmission and ex-
haust systems, tires, among others contributions. The
model considers the emission predominance of some sys-
tem than others. For example, engine noise is prepon-
derant at low velocity and high rpm, while for a vehi-
cle running at constant speed, the engine load noise is
negligible. Therefore, based on vehicle’s category, its ac-
celeration state and speed, its sound power LW can be
predicted.

L
dec/cru
W (v) =


53.6 + 26.8 log v , for v > 11.5

82 , for v ≤ 11.5 (1)

Lacc
W (v) =

{
53.6 + 26.8 log v , for v > 25

90.5 , for v ≤ 25
(2)

And, for heavy vehicles:

Ldec
W (v) =

{
91 + 0.2v , for v > 18

94.5 , for v ≤ 18
(3)

Lcru
W (v) =

{
100.6 + 0.089v , for v > 21

102.5 , for v ≤ 21
(4)

Lacc
W (v) =

{
103 + 0.069v , for v > 20.5

104.5 , for v ≤ 20.5
(5)

Where v is expressed in km/h. acc, cru and dec are
acceleration, cruise and deceleration respectively.

Assuming vehicle as point source, the sound level LI , in
any receiver location is given by Eq. (6):

LI(t) = LW − 20 log r(t)− 11 (6)

For regions far from the receiver, it is necessary to con-
sider the vectorial nature of the acoustical sound field,
Eq (7):

LI(t) = LW − 30 log r(t) + 10 log d− 11 (7)

The distance between the source and receiver at time
instant t, r(t), and the distance between the receiver and
the road, d, are shown in Figure 2 .

Figure 2: Distance between receiver and source, r(t), and
distance between receiver and road, d.

Dynamic noise map
Using vehicle class, speed and noise emission model, it is
possible to calculate noise level in several points for each
frame. Superposing the noise levels produced by all vehi-
cles for each time instant a static map is produced, while
calculating maps over the video time frames, a dynamic
noise map is achieved. The map receivers consist of a
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Figure 3: Discretized region. Source SPL is predicted for
every grid position.

grid of points, 60 cm above the road plane, as illustrated
in Figure 3.

The distance to the vehicle and the road is calculated for
every discretization element. With this distances, veloc-
ity and position of a vehicle, the sound level received in
each element is obtained. This data is stored in a ma-
trix which represents the distribution in space of noise
emission from a single source. If more than one vehicle
is present, individual noise matrices are summed to rep-
resent the sound level received by each element. In fact,
since sound pressure level (SPL) is a logarithmic scale,
total pressure is calculated, then SPL is obtained.

Evaluation
In order to evaluate the system, measurements in a con-
trolled environment were carried out. It consisted of a car
passing in front of the two microphones, used as reference
mics and a video camera emulating a video surveillance
system. The camera was mounted on a pole at a height
of 2.6m and is capable of recording video at 1080p and
30 fps. The microphones, previously calibrated with a
94 dB and 1 kHz signal, relative to 20µPa, were at a
height of 1.5m separated by 20m. Audio is recorded at
48 kHz and SPL is computed in 1/30 second windows
in order to match the video frame rate. Speed reference
is obtained from a GPS device located inside the car.
21 trials were performed with the car at constant speed,
with ranges between 25 and 79 km/h, in an environment
with 50 dBA background noise.

Results
Video camera recordings were used to extract vehicle
speed and distance to the receiver. The mean abso-
lute error (MAE) between the estimated and measured
speed is around 1.36 ± 1.30 km/h, which is significantly
lower than the MAE obtained using the original algo-
rithm (4.98± 1.92 km/h). Figure 4 shows a comparison
between estimated and measured speeds. However, there
are the three cases where the error is slightly superior to
the others, this may be due to the vehicle passing on the
side of the road furthest away from the camera, region
where the calibration error could increase.

Therefore, the SPL was predicted using the estimated
speed/distance and the Equations 1 and 7. The measured
background noise level was added to the predicted SPL
in order to match with evaluation scenario. Figure 5
shows the approximation of the predicted SPL curves to
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Figure 4: Reference speed vs estimated speed.

the measured ones for two vehicle speeds. The MAE
when the vehicle is in front of the each receptor is 1.72±
1.11 and 1.41± 1.33 dBA respectively. Additionally, the
error of the speed estimation corresponds to a 0.5 dBA
variation in the predicted SPL at the receivers. Variation
which we consider not significant enough to affect the
interpretation of the results.
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Figure 5: Measured × simulated sound pressure comparison
for two measurement points (MP) and two vehicle speed.

From figure 5, we can consider the proposed system as
quantitatively validated to proceed with the dynamic
maps elaboration. Figure 6 shows some maps taken from
a video sequence. The top left sub-image corresponds
to the generated map, which is projected onto the road
using the calibration parameters calculated at the be-
ginning. The projected and blended map allows us to
perceive a coherence between the real and estimated po-
sition of the vehicles as well as the SPL distribution.
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Figure 6: Dynamic noise map.

Conclusion
In this paper, we presented an alternative to the standard
(static) noise mapping using a prediction model for vehi-
cle noise emission and traffic data extracted from video
surveillance cameras. The speed estimation algorithm
has a MAE of 1.36 ± 1.30 km/h and was shown that it
does not generate a significant variation in the SPL pre-
diction, so we can take it as a measure of confidence.
However, particular cases were found where the individ-
ual error was much higher than the average. These cases
merit a more detailed study of the influence of the cam-
era position and the distance of the vehicle to the edge
of the reference track. Furthermore, the noise emission
model was validated by comparing it with the measure-
ments. Thereby, can be safely used in the generation of
noise maps.

It should be noted that the results shown only corre-
sponds for the category light vehicle of the noise emission
model. Future work remains the validation of the speed
estimation and SPL prediction of the heavy vehicle cate-
gory, as well as the estimation of the vehicle acceleration.
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