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Abstract: Traffic monitoring technologies have become crucial for modern manned and autonomous
vehicles. They aim to ensure the maximum level of safety and dependability. The commonly used
monitoring technologies based on conventional LIDAR (laser imaging, detection, and ranging), vision
and ultrasound sensors are effective if there is a clear line of sight for the surrounding traffic field.
However, some potential accidents and traffic hazards beyond the line of sight cannot be detected by
the aforementioned sensors. Thus, dedicated sensors require means to detect other traffic participants
even if they are not visible due to obstacles. In this paper, a new traffic monitoring concept for
detecting nearby traffic activities occurring beyond the line of sight is introduced. The principle is
based on a portable laser Doppler vibrometer (LDV), which is mounted on the vehicle to measure the
roadway’s vibration noise induced by nearby traffic activities. First proof-of-concept field tests were
conducted using a commercial LDV and realistic public traffic conditions. A statistical classification
method based on the frequency features of pavement vibration measurements showed quite good
performance for identifying traffic conditions.

Keywords: traffic-induced vibration noise; laser Doppler vibrometer; unsignalized intersection

1. Introduction

Line of sight-related traffic challenges, such as curved roadways, unsignalized in-
tersections, and tree branches, frequently occur. According to the US Federal Highway
Administration, 28% of the more than 36,096 traffic fatalities in 2019 occurred at intersec-
tions and were related to line-of-sight difficulties [1]. Furthermore, 80% of intersection
fatalities occur at unsignalized intersections [2]. Modern vehicles are equipped with an
on-board intelligent traffic monitoring system that may be based on LIDAR (laser imaging,
detection, and ranging), ultrasound, or radio frequency radars [3] as in Figure 1.
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Figure 1. Example of a traffic hazard due to restricted visibility at a parking area (right) and the 
limitation of the existing sensing technologies due to obstacles (left). 

Although these sensing technologies can provide an early warning for many safety-
critical traffic situations, they do not work in the presence of optical obstacles, as shown 
in Figure 1. Many approaches have been suggested to minimize the line of sight-related 
traffic hazards. One approach is based on ensuring intelligent collaboration between 
infrastructure and vehicles, such as vehicle-to-vehicle and vehicle-to-infrastructure 
communication [4]. However, this approach is more realistic in urban areas as it is 
economically hard to extend to most non-urban and rural roadways. A second approach 
is based on the propagation characteristics of radio waves at blind areas such as in [4]. 
However, these techniques assumed that radio waves reach blind areas through multiple 
reflections by walls on a side of the road. Here, we discuss the principle of using traffic-
induced vibration on the roadway to monitor traffic activities. This principle has been 
previously discussed and tested in [5–7] using accelerometers mounted on the roadway. 
Vehicle noise consists of propulsion noise from the engine, aerodynamic noise, and tire-
pavement noise. Tire-pavement noise is the dominant noise when the vehicle speed 
exceeds 50 km/h [8]. It is caused by the interaction between the tire and the pavement 
surface and involves sound noise transmitted by the air and ground vibration noise 
through the roadway. 

Due to its omnidirectional propagation, the roadway’s vibration can be detected 
without a clear line of sight. It also includes information regarding the vehicle position, 
speed, and size. Previous studies have used vibration sensors fixed on the roadway and 
have shown that traffic-induced vibrations are effective for identifying vehicle position, 
speed, and type [5,6]. However, this information is detected by fixed vibration sensors 
and is not available to the driver. In addition, large amounts of vibration sensors and 
communication networks need to be installed along roadways as a part of vehicle-to-
infrastructure communication systems. 

We extended the principle of using traffic-induced vibration by employing a portable 
laser vibration sensor mounted on a vehicle [9]. In this case, there is no need to change the 
roadway infrastructure. The concept is illustrated in Figure 2 for an unsignalized 
intersection in the urban area. The blue car (on the right side) carries a laser vibration 
sensor for detecting the roadway vibration waves induced by a second car before reaching 
the intersection to prevent a possible crash hazard. In this case, there is no physical line of 
sight between the two cars, but there are omnidirectional traffic-induced vibrations from 
both cars that may be recognized early. There are many signal processing challenges for 
upgrading this concept to a fully operational product: the vehicle’s self noise (the engine 
noise, suspension assembly vibration), the laser speckle noise due to the roadway’s rough 
surface, and the noise source identification from multiple vehicles, including the vehicle 
hosting the laser vibration sensor. 

Figure 1. Example of a traffic hazard due to restricted visibility at a parking area (right) and the
limitation of the existing sensing technologies due to obstacles (left).
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Although these sensing technologies can provide an early warning for many safety-
critical traffic situations, they do not work in the presence of optical obstacles, as shown in
Figure 1. Many approaches have been suggested to minimize the line of sight-related traffic
hazards. One approach is based on ensuring intelligent collaboration between infrastructure
and vehicles, such as vehicle-to-vehicle and vehicle-to-infrastructure communication [4].
However, this approach is more realistic in urban areas as it is economically hard to extend
to most non-urban and rural roadways. A second approach is based on the propagation
characteristics of radio waves at blind areas such as in [4]. However, these techniques
assumed that radio waves reach blind areas through multiple reflections by walls on a side
of the road. Here, we discuss the principle of using traffic-induced vibration on the roadway
to monitor traffic activities. This principle has been previously discussed and tested in [5–7]
using accelerometers mounted on the roadway. Vehicle noise consists of propulsion noise
from the engine, aerodynamic noise, and tire-pavement noise. Tire-pavement noise is the
dominant noise when the vehicle speed exceeds 50 km/h [8]. It is caused by the interaction
between the tire and the pavement surface and involves sound noise transmitted by the air
and ground vibration noise through the roadway.

Due to its omnidirectional propagation, the roadway’s vibration can be detected
without a clear line of sight. It also includes information regarding the vehicle position,
speed, and size. Previous studies have used vibration sensors fixed on the roadway and
have shown that traffic-induced vibrations are effective for identifying vehicle position,
speed, and type [5,6]. However, this information is detected by fixed vibration sensors
and is not available to the driver. In addition, large amounts of vibration sensors and
communication networks need to be installed along roadways as a part of vehicle-to-
infrastructure communication systems.

We extended the principle of using traffic-induced vibration by employing a portable
laser vibration sensor mounted on a vehicle [9]. In this case, there is no need to change
the roadway infrastructure. The concept is illustrated in Figure 2 for an unsignalized
intersection in the urban area. The blue car (on the right side) carries a laser vibration
sensor for detecting the roadway vibration waves induced by a second car before reaching
the intersection to prevent a possible crash hazard. In this case, there is no physical line of
sight between the two cars, but there are omnidirectional traffic-induced vibrations from
both cars that may be recognized early. There are many signal processing challenges for
upgrading this concept to a fully operational product: the vehicle’s self noise (the engine
noise, suspension assembly vibration), the laser speckle noise due to the roadway’s rough
surface, and the noise source identification from multiple vehicles, including the vehicle
hosting the laser vibration sensor.
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The sampling rate is 250 kHz, and the bandwidth is 50 kHz.  
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In this paper, we present the results of the first preliminary field tests for the following
arrangement: a laser Doppler vibrometer (LDV) [10] mounted on a stationary vehicle for
monitoring public traffic activities with direct and indirect line of sight. Section 2 describes
the experiment setup for the field tests. The signal processing and traffic data inference
results are discussed in Section 3. A summary of lessons learned is provided in Section 4.

2. Materials and Methods

The portable vibration measuring unit is attached to a bike rack on a medium-sized
car, as shown in Figure 3. The unit includes a commercial LDV model (VibroFlex QTec)
from Polytec [11] and a data acquisition system (DAQ). The QTec LDV is designed for
challenging surfaces (e.g., the rough dark surface of asphalt) in which laser speckle noises
are strong. Thanks to an embedded signal diversity algorithm for a multi-detector, this
LDV can achieve 80–90% reflective signal strength for all field tests at public roadways.
The sampling rate is 250 kHz, and the bandwidth is 50 kHz.
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Figure 3. Setup for measuring traffic-induced vibrations using laser Doppler vibrometer (LDV)
mounted on the bike rack of a test vehicle and a data acquisition system (DAQ).

The field tests in the present study were conducted at Clausthal University of Tech-
nology. All the measurements were based on a stationary test vehicle with a switched-off
engine. Follow-up articles will consider moving vehicles and active engine noise. The
experimental conditions were grouped into traffic and no-traffic conditions. As shown
in Figure 4, a traffic condition involved one or more public vehicles passing near the test
vehicle with an average speed of 30 km/h. Both the traffic and no-traffic datasets had a
fixed duration of 10 s.
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3. Results and Discussion
3.1. Signal Feature Exploration

The measurements in the time and frequency domains were first examined to deter-
mine if there was a correlation between the traffic status and the signal time and frequency
features. Examples of time waveforms are shown in Figure 5. There was a background
low-frequency (around 3–5 Hz) noise for both the traffic and no-traffic datasets, as shown
in Figure 6. The resolution bandwidth (RBW) is 0.1 Hz as all datasets are measured in a
duration of 10 s. This noise was a result of vertical oscillations of the vehicle suspension
assembly due to non-stationary wind forces. This low frequency range matches the numer-
ical results of the vehicle suspension in [12]. At low wind disturbance, the presence of a
traffic activity (if it exists) did not significantly increase the vibration level, as could be seen
in the first 5 s in the traffic 1 and 2 conditions in Figure 5.
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Figure 5. Examples of time waveforms for the four traffic and no-traffic datasets in the present study.

The time features for the vibration datasets are listed in Table 1. These features cannot
be used to identify a traffic condition because time features are mainly biased by vehicle
suspension vibration. However, the prior research for traffic-induced vibration, based on
accelerometers, reported time features for detecting traffic activities [5,6].
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Figure 6. Examples of fast Fourier transform spectra (low frequency range) for traffic and no-traffic
conditions. The spectra in Figure 6 are smoothed by a moving average filter of 6 Hz resolution.

Table 1. Time domain statistics for the traffic and no-traffic vibration datasets.

ID Vehicle Maximum
(×10−4 m/s)

Minimum
(×10−4 m/s)

RMS
(×10−4 m/s)

Variance
(×10−8)

Traffic 1 A medium car 2.03 −2.17 0.56 0.32

Traffic 2 A medium car 1.40 −1.74 0.32 0.10

Traffic 3 Two medium cars 0.45 −0.29 0.10 0.01

Traffic 4 A medium car 2.94 −2.51 1.04 1.09

Traffic 5 A medium car 1.34 −1.72 0.42 0.18

Traffic 6 Two medium cars 6.12 −5.08 1.63 2.68

Traffic 7 A medium car 1.24 −1.02 0.29 0.08

Traffic 8 A heavy car 1.65 −1.81 0.40 0.16

No traffic 1 - 1.36 −1.11 0.27 0.07

No traffic 2 - 1.62 −2.11 0.60 0.36

No traffic 3 - 3.27 −3.99 0.90 0.81

No traffic 4 - 0.52 −0.31 0.10 0.01

No traffic 5 - 2.02 −2.08 0.71 0.50

No traffic 6 - 1.28 −1.30 0.36 0.13

No traffic 7 3.21 −3.81 0.86 0.74

Figure 7 shows the fast Fourier transform (FFT) spectra for the same datasets in
Figure 6 in higher frequencies. The spectra for the traffic datasets had a higher noise floor
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than the no-traffic datasets for the frequency range above 1200 Hz. This frequency level
was also observed for different vehicles using ground-mounted accelerometers in [5].
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6 Hz resolution.

3.2. Signal Classification Scheme

In this section, we consider a classification scheme for all the datasets based on the
frequency spectrum magnitude at a selected frequency level. Two z-tests [13] were used to
estimate the z-scores (z1, z2) for each dataset to identify traffic and no traffic, respectively.
The vibration datasets were grouped into two equal-sized batches: training and testing.
The training datasets were used to estimate the average distributions for the traffic and
no-traffic cases for the z-tests in Equation (1):

z1 =

∣∣∣∣X( f )− µ1( f )
σ1( f )

∣∣∣∣, z2 =

∣∣∣∣X( f )− µ2( f )
σ2( f )

∣∣∣∣ (1)

where X( f ) is the FFT magnitude at a certain frequency f for the dataset under evaluation,
i.e., the testing batch; (µ1( f ), σ1( f )) are the mean and standard deviation (SD) for the FFT
magnitudes at frequency f for all the traffic datasets in the training batch; and (µ2( f ), σ2( f ))
are the mean and SD for the FFT magnitudes at f for all the no-traffic datasets in the training
batch. At f = 5000 Hz (selected according to the traffic class separation in Figure 7), the
z-scores (z1, z2) shown in Figure 8 were obtained. The separation of the two traffic groups
was indicated with a vertical dashed line. Based on a single frequency and Equation (1), all
the datasets could be classified, except the traffic dataset located within the no-traffic zone
as shown in Figure 8.
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An enhanced classification could be further derived based on multiple frequencies
to compensate for measurement disturbances. Equation (1) was expanded to multiple
frequencies of n levels (i.e., f1, f2 . . . , fn), then multiple frequency z-scores (zm1, zm2) could
be estimated, as in Equation (2):

zm1 =
1
n

n

∑
k=1

∣∣∣∣X( fk)− µ1( fk)

σ1( fk)

∣∣∣∣, zm2 =
1
n

n

∑
k=1

∣∣∣∣X( fk)− µ2( fk)

σ2( fk)

∣∣∣∣ (2)

where X( fk) is the FFT magnitude at a frequency fk for the dataset under evaluation,
i.e., the testing batch; (µ1( fk), σ1( fk)) are the mean and SD for the FFT magnitudes at
frequency fk for all the traffic datasets in the training batch; and (µ2( fk), σ2( fk)) are the
mean and SD for the FFT magnitudes at fk for all the no-traffic datasets in the training
batch. At fk = 1200, 1500, 2000, 2500, 3000, and 3500 Hz, the z-scores (zm1, zm2) shown in
Figure 9 were obtained. The traffic groups are separated by an inclined dashed line. The
multiple-frequency method achieved 100% accuracy for all the datasets, as well as better
precision for the traffic datasets.
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4. Conclusions

In this paper, we introduced a traffic monitoring concept that employs the roadway’s
vibration for monitoring beyond-line-of-sight traffic activities. The roadway’s vibration was
measured by an LDV mounted on a stationary test vehicle. The preliminary experiments
involved 15 datasets for 8 traffic and 7 no-traffic conditions. The vibration measurements
were analyzed in the time and frequency domains to find reliable classification features for
different traffic conditions. Time domain data were mainly influenced by the low-frequency
vibration from the vehicle suspension assembly. The frequency domain features above
1200 Hz showed quite feasible features for detecting traffic conditions. Two classification
methods are presented in this paper based on the frequency magnitudes for measurements
above 1200 Hz. The first method, based on a single frequency (5000 Hz), allowed all the
datasets to be correctly classified, except a single case. For the second method, six frequen-
cies (between 1200 and 3500 Hz) were used; it was able to correctly classify all the datasets.
The future work will involve a wide variety of traffic conditions on different vehicle types
and road conditions.
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