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Abstract— The lifespan of wireless sensors installed on the
road for vehicular applications is a critical issue since costly road
work and maintenance operations are necessary to replace
sensors that cannot be powered. For many of these sensors, the
energy of communication represents the largest proportion of the
total energy consumed. In this work, we show how we use
compressive sensing (CS) to significantly reduce the amount of
communications necessary to transmit information about traffic
measured by wireless magnetic sensors installed on the road. CS
is a new concept in signal acquisition where one seeks to
minimize the number of measurements to be taken from signals
while still retaining the information necessary to approximate
them well. Through measurements of signals carried on wireless
sensor nodes, and also with simulations, we show that CS can
significantly expand the lifetime of the sensors used and caters
for new applications of wireless vehicular sensing that would
otherwise be too costly to maintain.
Index Terms— Compressive sensing, in-road sensor, wireless
magnetic sensor, traffic monitoring.

I. INTRODUCTION
The use of wireless sensors on the road has become
increasingly popular as many new applications rely on the
provisioning of timely information originating from different
data collected on the road. Many sorts of data can be collected
on the road, among which there is data related to traffic
monitoring. The latter is becoming a particularly important
issue because traffic congestions pose strains on the
environment, the economy, as well as on the population
quality of life. For traffic management, Wireless Magnetic
Sensors (WMS) offer an attractive alternative over other
conventional traffic surveillance systems in terms of cost, ease
of deployment, maintenance, and enhanced measurement
capabilities [1]. The latter include features such as vehicles
speed detection and vehicle classification.
The lifetime of wireless sensors (WS) in general, directly
depends on the efficient usage of their power source. In fact,
the energy constraint is a dominant factor of system design
trade-offs for small embedded sensor devices [2]. For wireless
in-road sensors, energy preservation is even more critical
because sensors are permanently installed in asphalt or
concrete road surfaces and costly maintenance operations
would be needed to power them up. While many previous
works on WS have focused on schemes to reduce energy
consumption by working on issues such as idle-time energysaving, or sensor networks routing optimizations, our work
complements others by reducing the number of samples to be
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transmitted by in-road WS by means of Compressive Sensing
(CS). CS is a novel sampling approach which tries to exploit
compressibility of signals in order to reduce the minimum
samples required to reconstruct the whole signal [4]. CS offers
a mathematical method to capture only m samples wisely
selected among all n available samples of a signal (where
m<<n) and then exactly recover the signal with a big
probability. It exploits the compressibility attribute of a signal
to use only those samples which are important in signal
reconstruction.
Our Contributions: In this paper we argue that diverse
signals captured by in-road sensors should be explored for
compressibility to minimize the number of sample transmitted.
We studied the compressibility of signals from WMSs for
traffic detection, and we showed how we used CS to minimize
the number of samples transmitted to be able to recover the
original signal. This, in turn, allows extending significantly
their lifetime and therefore potentially reducing their cost of
maintenance over time.
The remaining of the paper is organized as follows. First we
give an overview of related works. Section III details the
proposed approach and the experimental setup used. Section
IV presents the CS simulation results. Finally section V
concludes the paper with some remarks.
II. RELATED WORKS
A. Use of WMSs for Traffic Monitoring
Vehicles have significant magnetic properties because of
their metal skeletons. They tend to distort the magnetic field
lines of Earth. Measures of local deformation of Earth’s
magnetic field allow detecting the presence of a vehicle [5].
Fig. 1 shows how a ferrous object like a vehicle, creates a
local disturbance of the Earth's magnetic field whether it is
moving or standing still.

Fig. 1. Perturbation of the Earth's magnetic field by a vehicle
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For traffic monitoring on freeways, WMSs are encased in
the roadway to detect the passage of vehicles and transfer data
wirelessly to access points. The access points can be mounted
on the Road Side Units (RSU) embedding DSRC [13]
technology for example. The access point then collects the
detection data from all the WMSs and relays this information
to either a traffic management center or to a roadside
controller, depending on the application [6].
B. Lifetime of an In-Road Wireless Sensor
Energy efficiency represents a significant performance
metric of a in-road WS because once installed in the roadway,
it must operate for several years. Once a WS has exhausted its
energy, it is considered failing or dead. Energy consumption in
WS nodes in general, and in WMSs, in particular, occurs in
the following phases of operation: signal capture, processing
and data communication. Signal capture energy is dissipated
to perform the activation of the sensor, the sampling and
analog/digital conversions. Signal capture energy is negligible
compared to the total energy consumed by a WS [3]. The
processing energy can be subdivided into two parts: the
switching energy and leakage energy. The switching energy is
the one used to run program instructions at the sensor.
Leakage energy is the energy consumed when the computing
unit performs no processing. In general, the energy of
treatment is low compared to that required for communication.
The energy of communication represents the largest
proportion of total energy consumed by a WS [7]. This energy
is determined by the amount of data communicated, by the
transmission distance, and by the physical properties of the
radio module. Heinzelman et al. [8] propose a model of energy
consumption for wireless micro sensors (see Fig. 2) both for
reception and transmission. In our case, only the transmission
part is relevant since we use only a sensor-to-access point
communication. To send a message of k bits packet to an
access point distancing by d meters, the energy consumed by a
wireless road sensor, particularly a WMS is as follows:

ETx (k , d ) = k * ( Eelec + ε amp * d 2 )

(1)

Eelec and εamp represent respectively the transmission energy
and the electronic amplification. In this model, we note that
the consumed energy is proportional to the amount of data
transmitted. And the energy needed to transmit 1 KB over a
l00 m distance is approximately equivalent to the energy
necessary to carry out 3 million instructions at a speed of 100
million instructions per second (MIPS) [3]. This motivates our
interest in using CS to reduce the amount of data to be
transmitted, and hence achieve significant energy savings in
communication and extend the sensors lifetime.

ETx(k,d)
k bit packet
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Fig. 2. Model of energy consumption
A. Mathematical Basics of CS of Road Sensed Signals
CS is an efficient signal acquisition technique that collects a
few measurements about the signal of interest and later uses
optimization techniques for reconstructing the original signal
from an incomplete set of measurements [4, 9, 10, 11].
Accordingly, CS can be seen as a technique for sensing and
compressing data simultaneously. CS relies on two
fundamental principles: 1) Sparse representation of the signal
in some basis, called the representation basis; and 2)
incoherence between the sensing matrix and the representation
basis. In the following we will define sparsity and
incoherence.
Consider a real signal f of size n (f is a vector n × 1 :
f ∈ R n ) that makes the expansion in an orthonormal basis
(such as a wavelet or Fourier basis) Ψ = [ψ 1ψ 2 ...ψ n ] as
following:
n

f (t ) =

∑

x i .ψ i ( t ) (2)

i =1

where xi is the coefficient vector under Ψ- transform of f,
x i = 〈 f , ψ i 〉 . One can also write the decomposition (2) as
f = Ψ −1 • x , where Ψ is the n×n transformation matrix with

ψ 1ψ 2 ...ψ n as columns. For example if we take Fourier basis
1

i 2 kπt

n and x is the Fourier
as Ψ- basis, then ψ i ( t ) = n − 2 e
transform of f. Note that because we are using time-discrete
signals, t is limited only to integral values between 1 and n,
t ∈ {1,..., n }. Therefore, ψ i (t ) determines the n items of i-th

column of the matrix Ψ, by substituting t by 1, 2,…, n.
Signal f has a sparse representation in a basis Ψ if it is
concentrated on a small set T 0 ⊂ {1 ,..., n } consisting of the S
non-zero coefficients vector under Ψ- transform of f (S<< n
and n-S coefficients vector under Ψ- transform of f are zero):

III. PROPOSED APPROACH
We present the theoretical basis for the CS approach used,
the experimental set up, as well as the sample signals collected
with WMS prior to applying the CS.
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f (t ) =

∑
i∈ T 0

x i .ψ i ( t ) (3)

In other words, a signal is called sparse when many elements
of its vector representation are so small (near zero compared
to the others), that we can easily neglect them.
Let us now define incoherence. Suppose we are given a pair
(Φ,Ψ) of orthonormal bases for vectors in Rn. The first basis Φ
is used for sampling the signal f in time and Ψ is used to
represent f in the frequency domain. The coherence between
the sensing basis Φ and the basis Ψ is defined as:
(4)
µ (Φ , Ψ ) = n.
ϕ ,ψ

max

k

j

1≤ k , j ≤ n

The coherence measures the maximum correlation between
a pair of elements from bases Ψ and Φ. From linear algebra,
we can deduce that µ ( Φ , Ψ ) ∈ [1 , n ] .
CS is interested in low coherence pairs of sampling and
representation bases. If we take Φ the canonical basis of delta
Dirac functions ( ϕ k ( t ) = δ ( t − k )) and Ψ the Fourier basis
i 2 kπt

n ),
then the pair of time-frequency
( Ψ k (t ) = n −12 e
µ ( Φ , Ψ ) = 1 and we have maximal possible incoherence.
One interesting practical aspect in CS is that even if we select
Φ uniformly at random, then the coherence between Ψ and Φ

is about 2 log n with a very high probability.
In CS, the notion of subsampling is used, where sampling
less than all available measurement is sufficient. For a WMS,
this means that among all available n measures, we need only
to observe a subset of all measures and collect the data:

y k = f ,ϕ k

k ∈M

(5)

where M ⊂ {1,..., n } is a subset of cardinal m 〈 n resulting
in the

m × 1 vector yk (thus reduced in size compared to f).

A main theorem of CS wants that if we select m measurements
in the Φ domain at random and uniformly so that:

C.µ 2 (Φ, Ψ ).S . log n
(9)
for a constant C that is positive, then the solution to the
optimization problem (8) can accurately or even exactly
recover the original signal f [4,9].
The results from the above mathematical summary, and the
potential to make substantial energy savings on data
transmissions for in-road sensors, lead us to investigate the use
CS for optimizing data transmission by WMSs. Of course we
first needed to examine the signals acquired experimentally by
WMS for their sparsity, and then examine the signal
reconstruction from random samples with simulations.
B. Experimental Setup
To obtain the signals generated by vehicles on the road, we
used sensors manufactured and marketed by Coalesenses [12].
In the experiments, we used two (2) WMSs and (1) access
point shown in Fig. 3. The experimental setup is illustrated in
Fig. 4 where the WMS are circled in the picture. Each WMS
used consists of two modules: iSense Vehicle Detection Sensor
Module and iSense Core Module 2 [10]. The iSense Core
Module 2 is powered by 2 AA batteries. It consists of a 32 Bit
RISC Controller (clocked at 32 MHz), a 128 KB RAM, a 512
KB Serial Flash and a IEEE 802.15.4 compliant radio for
wireless communications. The radio uses a frequency of
2.4GHz at rates up to 250 kbps, and reaches ranges up to 600
meters. The iSense Vehicle Detection Sensor Module uses a
two-axis anisotropic magneto-resistive sensor combined with
cascaded amplifier stages and control and compensation
circuits. According to the manufacturer's specifications, the
WMS sensors used can detect a vehicle at distances up to 7m.

This measurement process can be written as:
(6)
yk = Φ . f
Where Φ is an m × n matrix representing the measurement
process and for which lines are incoherent with columns of Ψ.
Again, the coefficients of Φ can be independent random
variables and identically distributed between 0 and 1. The
original signal can then be recovered from the incomplete set
of subsamples by means of a l1-norm minimization [11]. The
reconstruction function f* is given by:
(7)
f * = Ψx *
Where x* is the solution to the following convex optimization
program:
Minimize x ' subject to

yk = ϕ k , Ψx' ∀k ∈ M

where x '∈ R n and l1-norm is defined as x
*

l1

:=

∑

(8)

xi .

i

This means that we need to select the x whose l1-norm is
globally minimum among all vectors in Ψ domain which are
consistent with the collected data. The signal f* can be
calculated then with Ψx * .

Fig. 3. Two WMSs and one base station
An extensive set of experiments was conducted at the
Campus of the Université de Sherbrooke, near the main
entrance gate. An aerial view of the location is shown in Fig.5.
We chose this particular location because of its high vehicular
traffic density during rush hours. In principle, the WMSs
should be buried under the road asphalt, but in order to be able
to easily reuse the equipment for experimentations in other
locations, we placed the WMSs at the edge of the roadway
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We note that the results are sparse in the time domain.
When we bring them back into the frequency domain by the
FFT module, we get the results shown in Fig. 7.
Signal 1
2.5
2
1.5
1
Amplitude

where the surface level is a few centimeters under that of the
rest of the road. The WMSs were spaced by 5 meters. The
operator with a computer that is connected to the access point
is located near the sidewalk. Using two WMSs is useful for
calculating the velocity of a vehicle from the signals detected
by both sensors. This velocity can be compared against the
one perceived by a single WMS after its proper signal
analysis. For example if the time interval between a vehicle
detection by each sensor is t=245ms, and knowing that
distance is d = 5m, the velocity is v=d/t=73.47km/h.
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Fig. 4. Experimental Setup
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Fig. 5. Aerial view of the experiments location
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C. Results Obtained
In order to detect information about the passage of a vehicle
in terms of local disturbances of the geomagnetic field, we set
ourselves at the extreme case for the particular location to fix
our sampling frequency. Assuming a passenger vehicle of a
minimum of 2.6 meters long, traveling at 100 km/h (the speed
limit at the experiments zone is 40km/h), the time duration for
passing in the vicinity of the sensor is at least t= 0.093s.
Thus, we programmed the sensor at a frequency of 15 Hz so as
not to miss the passage of a vehicle. Several experiments were
performed at rush hours for 1 hour each time. Fig. 6 below
shows an example of sample results after 30s. The peaks
represent the passage of vehicles. For example the result from
Fig. 6 (a), show that a total of 16 vehicles passed within 30s.
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(c)
Fig. 6. Result in the time domain
IV. SIMULATION
We performed extensive simulations with the signal
samples obtained in order to assess the use of CS to reduce the
number of samples necessary to reconstruct the original
signals through l1-minimization. The challenging aspect of
compressed sensing is being able to accurately reconstruct the
original data. Since the signal is sparse in the time domain,
we performed a sub-sampling in the frequency domain
according to the theory of CS. In the signals detected, we
randomly selected m samples in order of S log n (S is the
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ԡ ݔ− ݔ ԡଶ (10)

number of non-zero coefficients vector under the time basis
and n the number of samples taken by the sensor). Three
examples are shown in Fig. 8.
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Fig. 8. Sub-sampling in the frequency domain
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Fig. 7. Result in the frequency domain

Table 1 - Error rate of signals

We solved the recovery problem using the CVX toolbox,
which is a Matlab-based modeling system for convex
optimization. We obtained the results shown in Fig. 9
respectively for the three examples. It is observed in Fig. 9
that the application of CS gives results comparable to those
initially recorded by the sensor node, and this with a number
of measures far less important. This is of course at the expense
of algorithmic complexity. Table 1 presents the error rate of
reconstruction of these signals. This error rate is expressed by
Eq. 10, where x is the original signal and x0 is decoded signal.
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Signals
Signal 9(a)
Signal 9(b)
Signal 9(c)

Error rate
8,0326 e-010
1,1093 e-013
7,5318 e-014

Table2 – Compression ratio of signals
Signals
Signal 9(a)
Signal 9(b)
Signal 9(c)

compression ratio
91,11%
92,88%
94%

V. CONCLUSION

Signal 1
2.5

In this work, we proposed to use compressive sensing to
reduce the amount of signal data measured by wireless
magnetic sensors installed on the road. By lowering amount of
the communications necessary to reconstruct the original
signals, the lifetime of the corresponding WS can significantly
be increased.
In a time where the use of WS networks for vehicular
applications is becoming key to many safety, road traffic
management, and informational services on the road, it is clear
that compressive sensing has the potential to expand the
lifetime of the sensors used, especially when networking
among multiple sensors is necessary. New applications of
wireless vehicular sensing could be then envisioned that
would otherwise be too costly to maintain. Indeed, for each
type of sensors used, experiments and true measurements need
to be performed to assess the sparse character of the
corresponding signals. Whenever a compressive technique
can be used, the lifetime and maintenance costs for the
corresponding sensors make the latter closer to a large scale
deployment.
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