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Abstract—This paper presents an efficient approach to the
modeling and classification of vehicles using the magnetic sig-
nature of the vehicle. A database was created using the magnetic
signature collected over a wide range of vehicles(cars). A vehicle
is modeled as an array of magnetic dipoles. The strength of
the magnetic dipole and the separation between the magnetic
dipoles varies for different vehicles and is dependent on the
metallic composition and configuration of the vehicle. Based on
the magnetic dipole data model, we present a novel method
to extract a feature vector from the magnetic signature. In
the classification of vehicles, a linear support vector machine
configuration is used to classify the vehicles based on the obtained
feature vectors.

I. INTRODUCTION

The data collected by urban planning and development
bodies [1] reveal that a great deal of resources are wasted
because of the road traffic congestion. The number of man
hours wasted due to traffic delay and the amount of pollution
are significantly huge. Therefore, there is a great demand for
intelligent traffic systems which are capable of monitoring
traffic to reduce delay and to smoothen the flow of vehicles.
An important parameter of current traffic management systems
is the task of vehicle detection and classification. Distinction
between different classes of vehicles provides useful informa-
tion about traffic statistics.

Current technologies that are used in the study of traffic
statistics include Intrusive technologies such as Inductive loop
[2], Pneumatic tube [3], Piezoelectric [2] [3], Weight-In-
Motion [4] and Non-Intrusive technologies such as Microwave
Radar [5], Infrared based systems [3], Video-Image processing
[6] [7] [8] [9], Passive acoustic system [10]. Amoung all
the technologies Induction loop and Video-Image are most
widely used but they have a lot of disadvantages. The In-
duction loop sensor is big in size which makes it difficulty
in maintenance and the Video-Image based sensors are costly
with big influence of external light conditions. For maximizing
the benefits from all these technologies, there must be a large
scale deployment of these sensors on all major freeways and
local streets.

This project is funded by DIT-ASTeC Wireless Sensor Project, Department
of Information Technology, Ministry of Communications & Information
Technology, Govt. of India.

Wireless Sensor Networks have a high level of flexibility in
their deployment configuration. Since the sensor nodes can
be placed virtually anywhere on the road as long as they
are within communication range, customized configurations
can be adopted for different applications and environments.
This unique characteristic is a big advantage over all other
surveillance technologies. These passive sensors are mounted
on low power consuming wireless transceivers called motes,
capable of communicating with each other and a basestation.
The sensors are also capable of sensing the magnetic field.
Therefore, the field induced due to a large permeable object,
like a vehicle, can be sensed. Different vehicles have different
metallic components and configuration, which cause different
perturbation curves in the presence of a homogeneous mag-
netic field. This allows us to extract unique characteristics from
the recorded magnetic signature. By feeding these attributes
to a Support Vector Machine (SVM) [11], the vehicle class
[12] can be determined. This can be used as an information
for design of automatic toll collection system, prediction
of highway capacity, giving signal priority in traffic control
system and pavement life estimation in pavement design.

Notation: Bold lower-case alphabets and alphabets with an
arrow on top of them represent vectors. Alphabets mentioned
in parentheses as a super-script represent the axis direction and
are always lower-case letters. Alphabets mentioned as a sub-
script represent time-stamp and are always lower-case letters.
All upper-case alphabets mentioned represent constants.

In Section II, we present a sensor independent model for
modeling the magnetic signature. Based on this model, we
propose an algorithm to extract the feature vector in Section
III. The obtained feature vector is given to a linear SVM and
the performance of the existing and proposed algorithms are
studied in Section IV . Conclusions can be found in Section
V.

II. DATA MODELING
A. Data Collection

The magnetometer senses the magnetic signature of a ve-
hicle whenever the flux lines associated with it is perturbed
by a vehicle in its vicinity. HMC1502 [13] is a dual-axis
anisotropic magnetoresistance (AMR) [14] magnetometer. It
is mounted on a TelosB [15] mote and together they constitute



the magnetometer setup. The orientation of the magnetometer
is such that it records the Y and Z-axis components of the
magnetic field.

Extensive data was collected over a wide range of vehicles.
Table I lists out all the cars covered during the data collection
and are grouped based on the length of the car. A total of 234
magnetic field readings in Y and Z-axis direction each, were
captured. In later sections we will be using Table I to study
the performance of the SVM classifier by varying the number
of datasets used in training and testing the classifier.

TABLE 1
VEHICLE MAGNETIC SIGNATURE DATABASE [16] GROUPED BASED ON
THE LENGTH OF THE CAR

[ Car-type | Type 1 | Type 2 | Type3 | Type 4 |
Car Len.
(in meters) (3.0-3.5) (3.5-4.0) (4.0-4.5) (>4.5)
Type of T800(8) T Corsa(2) 3 Accent(1) BCivic(1)
*Car(n), LAlto(2) 3i20(1) 2Cielo(1) 8Corolla(1)
where n 2Matiz(3) 5Figo(2) 6City(4) 3Elentra(2)
represents 3Santro(5) 3GetZ(2) 12Vento(1) 8Innova(2)
number of | 1Omni(6) 3i10(4) 18X4(2) "Linea(1)
datasets 9Spark(1) 4Indica(6) 3Verna(1) 3Sonata(1)
4Nano(2) "Palio(1) 1Esteem(2) | 190ctiva(l)
IWagonR(4) | 1Swift(2) 4Indigo(2) 10  aura(1)
Cars = 42 | 1Estillo(3) 1Zen(2) 1Dzire(1)
Sets = 89 9Beat(2) 3Ritz(1) 4Sumo(1)
13Reva(1) 5Fiesta(1)
6Petra(1)
14Logan(1)
Number of
Datasets 87 67 53 27

* Indicates the Car Manufacturer
1 _ Maruti Suzuki; 2 - Daewoo; 3 - Hyundai; 4 _ Tata Motors; ° - Ford; 6 -
Honda; 7 - Fiat; 8 - Toyota; 9 _ Chevrolet; 10 - Skoda; 1! - Opel; 12 _
Volkswagon; 13 _ Mahindra; 14 - Renault.

B. Sensor Independent Model:
(MDM) [17]

Magnetic Dipole Model

If the distance from the object is large in comparison with
its characteristic length, the induced magnetic field B (r,m) at
position r = [z,y, 2] relative to the object can be described
as a magnetic dipole field, where m = [m®) m®) m()]T
is the magnetic dipole moment. An expression of this field
B(r,m) = [B®@(r,m), BY (r,m), B®(r,m)]T can be
derived from Maxwell’s equations [18]

= o 3(r-m)r —r’m

B 1
(r,m) = °— - (0
where r = ||r||2 is the L?-Norm and (r - m) is the scalar dot
product of the two vectors. Substituting r and m in equation
(1) gives the following
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The magnetic field at time-instant k7 is,

B(z) (I’k, l’l’lk)

—

B(rk,mk): B(y)(rk,mk) (5)
B(Z)(rk,mk)
where v, = [wk, Yy, 2k]T is the position vector, my =

™, m® m{T is the magnetic dipole moments at k"
time-instant. Let f be a non-linear function which maps the
inputs r; and myg to é(rk,mk). Let y; be the measured
output and e, be the measurement noise at k** time instant.
Then, in the signal processing framework, a sensor can be

modeled as a time-invariant system as seen in equation (6).

f(rg, myg) + e
Ho 3(ry - my)rg — rimy
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Fig. 1. Illustration of a Magnetic Dipole Model for a Vehicle.
m(z) where, ¢ € {1,..., M} represents magnetic dipole moments, AX (j)
where, j € {1,..., M — 1} is the separation between adjacent dipoles, AY
and AZ are the offsets, v be the velocity of the vehicle and ro be distance
of m(1) from the sensor placed at the origin.

A vehicle can be modeled as an array of magnetic dipoles.
The magnetic dipoles are assumed to be located along the
longitudinal axis of the vehicle and at a height AZ. The
vehicle is assumed to move parallel to the X -axis at a certain
offset AY along the Y'-axis and with a constant velocity v (as
shown in Fig. 1). We assume that all vehicles in our experiment
to pass the sensor with constant velocity. Since the earth’s
magnetic field is almost constant, we can assume that the
magnetic dipole moments are constant i.e., Vy+1 = Vi = Vo
and my1 = my = m. Also rg4; = r; + T5vp. This gives,

frg, my) = f(ro + kTsvo, m) N

In general, for an M -Dipole Model, let

[m(r) (4), m®) (), m(?) (i)]TWhere, ) €
th

{1,...,M} be the magnetic moment of the i
magnetic dipole.

e AX(j) where, j € {1,...,M — 1} be the separation
between two adjacent magnetic dipoles.

e AY and AZ be the offsets from Y and Z-axis respec-
tively.



e vy the initial velocity and ry the initial position

So, the number of parameters to be estimated for an M -dipole
model (as shown in Fig. 1) is 4M + 1, assuming the initial
velocity of the car and initial position are known. Let p be
the vector of parameters to be estimated, then

()", AX(5), AY, AZ]"
where, i€ {1,...,M},je{l,...,M -1}

p:

Since the vehicle is assumed to move parallel to the X-axis, the
only time varying component in ry, is x, that is the component
in X-axis direction at k' time instance. Hence,

f(re, my) = f(xr, p) €]

Let p be the estimate of p. Then, the Non-linear Least
Squares (NLS) cost function gives the following

p = arg mgnV(p) 9)
N
where, V(p) = Z[Yk — f (@1, p) " [yx — f (k. P)]
k=1

The performance of the MDM for different values of M is
seen in Section IV.

III. FEATURE EXTRACTION

Vehicle Classification is the process of assigning each
vehicle into a pre-defined vehicle class based on some features
extracted from its magnetic signature. The feature vector is
obtained by processing the obtained magnetic signature. First,
we will briefly discuss the existing algorithms like Average-
Bar Transform [19] and Hill-Pattern Transform [19]. Then, we
propose a feature extraction algorithm based on the complexity
and the type of the magnetic dipole model called as the
Magnetic Dipole Moments and Dipole Separation Algorithm
(MDMS Algorithm).

A. Average-Bar Transform [19]

Here the vehicle magnetic signature vector of length N,
is divided into S sub-vectors. The mean value of each sub-
vector is calculated and the obtained values for S' sub-vector
is the feature vector. The value of S is fixed for all classes of
vehicles. The Z-axis measurements of the magnetometer are
primarily used for feature extraction because of their localized
character (perturbations in the magnetic field in presence of a
vehicle are significant in Z-axis direction).

B. Hill-Pattern Transform [19]

This method transforms the signal into a sequence of
{+1, —1} and without losing much information. This extracts
the pattern of “peaks” and “valleys” (local maxima and min-
ima) of the input signal. The sequence of {41, —1} is used
as a feature vector. In this case also the Z-axis measurements
of the magnetometer are primarily used for feature extraction.

C. Proposed Algorithm: Magnetic Dipole Moments and
Dipole Separation Algorithm (MDMS Algorithm)

We make use of the MDM data model explained in sec-
tion II-B in this algorithm. The MATLAB [20] function
Isqgcurvefit is used to solve the NLS problem with ini-
tial velocity and initial position as an input. The function
Isqcurvefit returns the estimated parameter vector and the
value of the squared 2-norm of the residual at each zj. The
initial velocity and the initial position that give the least
residual value of the cost function are picked and based on
these values, the parameter vector p is obtained. For every
dataset, we also obtain the Root Mean Square Error (RM SE)
value of the magnetic signature. The RMSE is calculated
based on the following equation

N
i — f (@1, D))" vk — f (@x, B, )]

(10)

Curve fitting plots for an M-dipole model where M €

{1,2,3,4} of a Tata Indica car using MDMS algorithm is

shown in Fig. 2. The initial velocity was assumed to be 1m/s.

From the plots shown in Fig. 2, we observe, as the number

of dipoles increases, the curve fits closely or has less curve
fitting error.
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(a) 1-Dipole Model curve fit for a
Tata Indica magnetic reading.

(b) 2-Dipole Model curve fit for a
Tata Indica magnetic reading.
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(c) 3-Dipole Model curve fit for a
Tata Indica magnetic reading.

(d) 4-Dipole Model curve fit for a
Tata Indica magnetic reading.

Fig. 2. Sample curve fitting plots for measurements corresponding to a Tata
Indica car using MDMS algorithm. M € {1,2,3,4}. Sampling Frequency,
Fs = 100H z. The error in the fit decreases as number of dipoles increases.
Location: IISc Campus

Table II shows the obtained parameter values for an M-
dipole model where M € {1,2,3,4} and its corresponding
RMSEFE value. Based on the obtained RM SE values, it can
be said that, as the number of dipoles increases, the error in
the curve fitting decreases.

In order to check the variation of RMSFE as the number
of dipoles M increases, we calculate the average RM SFE for
all the datasets mentioned in Table I across different values
of M € {1,2,3,4}. Let D be the total number of datasets



TABLE 11
M-DIPOLE MODEL WITH DIPOLE SEPARATION, DIPOLE MOMENTS AND
RMSE FOR A TATA INDICA CAR’S MAGNETIC SIGNATURE

M-Dipole || AX(4) m(i) = 7Hn‘fzg?‘2 RMSE
T-Dipole NA | m(1) = (—083,-009,054) | 6/4
. m(1) = (+0.79, +0.16, +0.58)
2-Dipole 0.528 m(2) = (—0.80, +0.01, —0.59) 42.5
0472 | m() = (=077, +0.33,-0.52)
3-Dipole 0370 | ™(2) = (+0.26,-0.18, +0.94) 19.5
: m(3) = (—0.71,-0.19, —0.67)
oa71 | m(1) = (+0.79,+0.29, —0.52)
. : m(2) = (—0.43, —0.06, +0.89)
Pipole ) 084 n(3) = (+0.35,+0.93, —0.05) | '*?
: m(4) = (—0.34,-0.93, +0.04)

available (D = 234, refer Table I) and RMSE; be the
RM SE value for the i*" dataset, then the Average RMSE
denoted by RM SFE is computed as follows.

1 2
RMSE = 5 ;RMSEZ (11)

Table III clearly shows that as the number of magnetic
dipoles increases, the RM SE decreases. A 4-Dipole Model
has the least RM SE, but it is computationally very complex
using the NLS cost function. The computational complexity of
the NLS cost function using MATLAB function Isqcurvefit
is O{(4M + 1)3}. As the number of dipoles increases by
1, the number of parameters to be estimated increases by
4 and so does the complexity. Also, the decrease in the
RMSE value is not significantly very sharp as the value of
M increases. Ideally on a wireless sensor node one would
want to expend minimum energy on computation, so as to
increase the longevity of the battery. In the next section, we
study the performance of a 3-Dipole Model (3-DM) and a
4-Dipole Model (4-DM) based on the obtained feature vector.

TABLE III
RM S E AND NUMBER OF PARAMETERS FOR AVAILABLE DATASETS
M-Dipole Model || Size of p=(4M +1)x1 | RMSE
1-Dipole 5x 1 17.11
2-Dipole 9x1 10.48
3-Dipole 13 x 1 7.64
4-Dipole 17 x 1 5.57

IV. CLASSIFICATION PERFORMANCE

In this section we look at classification of the vehicles
mentioned in Table I based on the features obtained using
MDMS algorithm. A SVM model usually involves separating
data into sets - training and testing. It is built using the datasets
that are used as training data. We are using SVM [11] for
data classification. Each instance in a training set contains
one label value and several attributes. The goal of the SVM
is to produce a model (based on the training samples) which
predicts the target label of the test sample given only the test
sample attributes. Given a training set of instance-label pairs
(xi,8:), i = {1,...,F} where x; € RY, s € {1,-1} and

Algorithm 1 Magnetic Dipole Moments and Dipole Separa-
tion Algorithm (MDMS Algorithm)
Input: Smoothed Vehicle Magnetic Signature - ay x1
Input: The number of magnetic dipoles - M
1: Subtract every k*" k € {1,..., N} sample with the mean
of first N/10 samples of anx1
2: Get the Data Model a, = f(ry, mg) + ey, as explained in
Equation (6)

N
3 V(p) = kZ lar = f (@r,p)]" [ax — f (zk, )],
=1
p be the parameters to estimated and

p = [m(i)", AX(j), AV, AZ]"
4: Estimate p, p = argminV (p)
P
5: Normalized Magnetic Moments m (i) = %
2
Output: Normalized Magnetic Dipole Moments m(7), i €
{1,..., M}; Separation between adjacent dipoles AX (j),
jed{l,...,.M -1} and RMSE

P is the length of the feature vector then, SVMs require the
solution of the following optimization problem

F
L 7
min —w'w+C i 12
w,7,€ 2 ;5 (12
subject to si(Wid(x;) +79)>1-&,
& > 0.

The function ® maps the training vectors into a higher
dimensional space. SVM finds a linear separating decision
hyperplane with the maximal margin in the higher dimensional
space. C' > 0 is the penalty parameter for the error term &
with i*" element ¢;. Furthermore, K (x;,X;) = CID(Xi)Ttl)(xj)
is called the Kernel function. We used the MATLAB [20]
function svmtrain to train SVM classifier. To classify new
data with the result of the training data, MATLAB function
svmclassify, which is a binary classifier, is used. In order to
randomly pick training and testing data of lengths Ly, and Ly
respectively, MATLAB function crossvalind is used. This
function takes in a parameter ¢ € [0,1] as input which is
used to control the lengths of training and testing data. In
all our simulation results, we have considered a linear kernel
function as it performed better than other kernel functions like
polynomial kernel, Gaussian radial basis function kernel and
hyperbolic tangent kernel.

If Q; is the number of vehicles classified correctly among
L;s number of cars in the ‘" iteration and the total number
of iterations is I, then using the SVM toolbox functions, the
correct rate of classification, C'r across two different classes
fixing the training data and testing data lengths is calculated

as follows. S
1 Q;
Cr ==

As the RM SFE for a 2-Dipole Model and 1-Dipole Model

13)




are high compared with 3-Dipole and 4-Dipole Model and
the computational complexity of a dipole model for M > 4
is high, we compare the performance of MDMS algorithm
for a 3-Dipole Model and a 4-Dipole Model using a SVM
classifier with a linear kernel function. The value of I = 100
is fixed in all our simulations and based on the Cpg val-
ues obtained, the SVM performance for a 3-Dipole Model
and a 4-Dipole Model are compared. We have considered
three possible feature vectors in our MDMS algorithm and
calculated C'r for different lengths of training and testing
datasets of cars belonging to Type 1 (length of the car lies
between 3.0m to 3.05) and Type 4 (length of the car lies
above 4.5m) category (cars whose lengths are significantly
different). In the first case, the estimated normalized magnetic
dipole moments is used as a feature vector. In the second case,
the estimated separation length between the adjacent dipoles
is used as a feature vector and in the third case both the
estimated normalized magnetic moments and estimated dipole
separation between adjacent dipoles is used as a feature vector
to the SVM classifier. From Table IV, the C'g is highest for
a 3-Dipole Model with estimated separation between adjacent
dipoles as an attribute, followed by a 3-Dipole Model with
estimated normalized magnetic moments as an attribute to the
SVM classifier.

TABLE IV
RATE OF CLASSIFICATION C'r FOR TYPE 1 VS TYPE 4 CAR BASED ON
MDMS ALGORITHM

Dataset Attributes of the SVM Classifier
Length m | AX | m&AX
(L¢r,Lts) | 3-DM | 4-DM | 3-DM | 4-DM | 3-DM | 4-DM
(60,54) 73.52 | 71.85 | 74.25 | 73.11 71.21 70.04
(65,49) 74.31 72.06 | 74.60 | 73.06 | 72.33 69.71
(70,44) 73.80 | 73.30 | 74.14 | 7433 | 71.77 | 72.23
(75,39) 72770 | 7333 | 73.29 | 7426 | 70.37 | 73.11
(80,34) 7412 | 73.58 | 7427 | 7430 | 72.79 | 73.15
(85,29) 76.40 | 74.76 | 76.61 75.46 | 74.64 | 73.21
(90,24) 76.67 | 7530 | 76.78 | 75.91 75.39 | 74.52

We compare the performance of MDMS algorithm with the
existing algorithms. Table V gives the C'r for different lengths
of training and testing datasets of cars belonging to Type 1
(Iength of the car lies between 3.0m to 3.5m) and Type 4
(length of the car lies above 4.5m) category. Based on the C'r
values obtained, the MDMS algorithm performs better than
the Average Bar transform and as good as the Hill-Pattern
transform.

Table VI shows the C'r for Type 2 (length of the car lies
between 3.5m to 4.0m) and Type 3 (length of the car lies
between 4.0m to 4.5m) cars. Based on the C'r values obtained,
the MDMS algorithm for a 3-Dipole Model performs better
than any other algorithm. The MDMS algorithm gave 75.4%
as the correct rate of classification for (L, Lts) = (85, 35).

V. CONCLUSION

In this paper, we modeled the magnetic signature of a
vehicle as an array of magnetic dipoles located along the

TABLE V
PERCENTAGE OF CORRECT RATE OF CLASSIFICATION C'r FOR TYPE 1 VS
TYPE 4 CAR FOR AVERAGE BAR, HILL TRANSFORM AND MDMS

ALGORITHM
[ Datasets | Feature Extraction Algorithms |
Average Bar | Hill Transform MDMS Algorithm
(Lers Les) | * Algorithm | Algorithm | oM | 3-DM
8 8 h AX
(60,54) 72.00 76.49 73.52 74.25
(65,49) 73.46 76.67 74.31 74.60
(70,44) 72.70 76.33 73.80 74.14
(75,39) 73.42 75.32 72.70 73.29
(80,34) 73.88 75.39 74.12 74.27
(85,29) 75.36 78.43 76.40 76.61
(90,24) 76.26 77.91 76.67 76.78
TABLE VI

PERCENTAGE OF CORRECT RATE OF CLASSIFICATION C'r FOR TYPE 2 VS
TYPE 3 CAR FOR AVERAGE BAR, HILL TRANSFORM AND MDMS

ALGORITHM
[ Datasets | Feature Extraction Algorithms |
Average Bar | Hill Transform 1;/_[DDI\1\//fS Al%(_)gtltl/lm
(Ltr, Lts) Algorithm Algorithm - i, ‘AX
(60,60) 56.47 52.47 71.93 72.54
(65,55) 57.19 53.59 73.33 73.76
(70,50) 57.67 52.33 71.99 72.60
(75,45) 56.45 51.59 72.65 73.12
(80,40) 57.54 53.90 73.49 73.45
(85,35) 59.59 53.41 75.42 75.41
(90,30) 58.48 51.03 74.74 74.74

longitudinal axis of the vehicle. The moments of these mag-
netic dipoles and the separation between them is extracted
using non linear least squares method. We propose Magnetic
Dipole Moments and Dipole Separation (MDMS) algorithm
based on this model. The moments and separation parameters
are considered as the feature vector and a SVM configuration
with linear kernel is applied for classification. Based on the
percentage of correct rate of classification obtained for differ-
ent lengths of training and testing data, the MDMS algorithm
performs better than existing feature vector algorithms. The
performance of MDMS algorithm for Type 1 and Type 4 (cars
whose lengths are significantly different) was comparable with
the existing algorithms. But for Type 2 and Type 3 (cars whose
lengths are not significantly different), the MDMS algorithm
gives an improved performance as compared with the existing
algorithms.
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