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ABSTRACT

Several studies inthe area of vehicle detection and
identification involve the use of probabilistic analysis and
sensor fusion. While several sensors utilized for identifying

San Luis Obispo, CA, USA
email: pschuste@calpoly.edu

San Luis Obispo, CA, USA
email: cmclark@csc.calpoly.edu

enhane the inferences made on vehicle

identification.

reliability of

In summary, he study investigated the enhancement of
vehicle identification through the use of sensor fusion and
statistical techniques. The algorithms developed showed

vehicle presence and proximity have been researched, theirencouraging results in alleviating the occurrences of false

effectiveness in identifying vehicle tgp has remained

positive inferences. One of the several applications of this study

inadequate. This study presents the utilization of an ultrasonicis in the use of ultrasonimagnetic sensor combination for
sensor coupled with a magnetic sensor and the development ofidvanced traffic monitamg such as smart toll booths.

statistical algorithms to overcome this limitation.

Mathematical models of both the ultrasonic and magnetic
sensos were constructed to first understand the intrinsic

INTRODUCTION

The use of probabilistic techniques enhances the credibility

characteristics of the individual sensors and also to provide aof conclusions made through data analysis. However, a more
means of simulating the performance of the combined sensorbasic and necessary requirementvehicle detectioris the use

system and to facilitate algorithm development. Preliminary
algorithms that utited this sensor fusion were developed to
make inferences relating to vehicle proximity as well as type. It
was noticed that while it helped alleviate the limitations of the
individual sensors, the algorithm was affected by high
occurrences of false posiéis. Also, since sensors carry only
partial information about the surrounding environment and their
measured quantities areartially corrupted with noise,
probabilistic techniques were employed textend the
preliminary algorithms to include these sensor characteristics

of suitable sensord.iteraure review suggested the suitability
of ultrasonic sensors and magnetic sengar$4]. Based on
this information these two sensors were selected for
incorporation into the test matrix. In the following paragraphs,
information on thespecifictype of sengrs that were used and
fundamental testing (analytical and experimental) that was
carried out to understand their working principles is discussed.

Ultrasonic Sensors

Ultrasonic sensors have been used in the pastefi@ction

These statistical techniques were utilized to reconstruct partial anddistance measurement intaonotive applicatios[1, 2. In
state information provided by the sensors and to also filter these studies a piezoelectric ultrasonic transducer emitting an
noisy measurement data. This probabilistic approach helped toinaudible sound wave was utilized. These ultrasonic transducers

effectively utilize the advantages of sensor fustonfurther

provide distance measurement based on the time taken to
receive an echo from a transmitted sigrA similar ultrasonic
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sensor (Fig.1) was used for detection of vehicle presence. A detailed description of research on the magnetic sensors
Modeling of the ultrasonic sensor focused cange and done by the authors was submitted for publicationl4] pnd
accuracy of measuremefur the application in hand (Fig .1) has been briefly described here as background information. In
This specific sensor was chosen due to its narrow beamthis project thenagnetic sensor was mountedtha lateral side
characteristic (Fig 1), which hasthe ability to reject false of a test vehicle as shown in FR§). The magnetisignatures of
detection caused by wide angle reflection, typical of many vehicles passing by the test vehicle weaptured (Fig3). A
ultrasonic sensofs]. high fidelity 3D multi-dipole mathematical model was
developed for typical on road vehicleSid. 4 and the model
parameters were tuned such that the simulation response
corroborated the experimental findings &:i§ and B
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Fig 1. MaxBotix ultrasonic sensor with corresponding

field of view
. Magnetic Sensor
Magnetic Sensors I 1
In the recent past, extensive research in the area of Fig 3. Road test configuration

magnetic sensors hassulted in the invention of different types
of magnetic sensorthat are capable of measuring metin

field strengths in theGauss range throughe range oseveral B
millions of Gauss[4]. One suchmagnetic sensor is of a _ Gs
magneteresistive type as shown in Fid. Typical magnete . g “‘(‘;;‘_ﬁ
resistive sensors are low cost, high sensitimiggnetic devices
with a neasur ement r an Gausstb tepsnof s e v €---£-) pend

Gauss[5]. In addition, their small size am#siience to harsh L N
environments have led to their extensive use varied
applications such as navigational systef®, [7], traffic

surveillance[8], [9], and vehicle detectiorf7], [10], and [L1]. i " bn

Someresearch has also been conducted on the use of magnetic Fig 4. Magnetic dipole in-B space
sensoronboard vehicles for proximity and blind spot detection

[12], [13]. Based on this backgrounidformation, a similar 10

magneteresistive type sensevasutilized in this project for the _ost

purpose of vehicle type detection. = e
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Fig 5. Simulation vs. experiment (passenger car)

Fig 2. HMC 2003Magnetaresistive sensor



. of vehicles beingpresentaround the hostehicle while taking
Z—Seiiner into account false targets.

: 0.0400G

; ; ] , The information from an individual sensor can easily be
0 05 1 15 2 25 3 . .
Time (s) compared with data from other sensors when applying a
5 ) probabilistic approach for multiple sensors; this process is
-=-Model
——Experiment i

called joint distribution Joint distribution describes the
probability that the random variablé= x and thatY= y. If X

. 2 8 and Yare independent the joint distribution is given to be
. /’\_f/—""_ p(x,y) =p()p(») )
L g ---Model
i - 1‘ - " : —_Eeriment) Joint distribution is essentidbr multi-sensor fusion in
. ] ] Tme(s) vehicle detetion because presence of an object and its type
Fig 6.Simulaton vs. experiment (large truck cannot be positively identified with a single sensor. The above

equation can be used to integrate multiple sensors because the

Vehicle identification using magnetic sensors was achieved information of each sensor is independenthaf other Figures
by applying suitable mathematical functions to the magnetic 8 and 9show theresults of joint distribution between two

field strengths in Figss and 6 The result is shown in Fig. sensor belief curves. If two sensors are in agregritejoint
likelihood has a unique mode at the estimated state variable;

— however, when the sensors are in disagreemget joint
005 — Truck likelihood is bimodal and haa low likelihood at the estimated

o 004 state variable. This idea of joint distributionncaasily be

003 e applied to the ultrasonisensos and magnetic sensdrs check
il \ for the presence of an object and to ascertain if the olgext
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Fig 7. Threshold detection (car amaick)

BASIC CONCEPTS IN PROBABILITY

For this application, voltage measurements taken from
individual sensors are treated as random variables. Let the
random variable (sensor measurement) be denoted by the
variable Zand the specific sensor reading at titviee denoted
as z. These random variables can take on multiple values, and
they do so according to specific probabilistic laRbabilistic

law can be defined for sensor measurements for specific Fig 8. Joint distribution when in agreeme{6]
applications, sth as vehicle detection arid explaired in the
next section. filplz) faiplz:)
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The probabilistic nature ofthe sensob s behavior
modeled using probabiliy density functions (PDFs). The
sensor probability density functions are that of the-one
dimensional normal distrittion with meane and variance’.

These PDFs of normal distribution are given by the following

Gaussian function: e
1 —(z — u)? =
p(z,) = 2no?) 2exp {(7;1)} Q) . S o
20 Fig. 9. Joint distribution when in disagreemel][
where p(z) represents thékelihood of a sensor measurement Often, random variables carry information about other

zwith an expected value of andthe variability of the sensor ~ andom variables and thuare not independent. The joint

measurement represented K% The density function for the d'St”P!J“O” of the_ two. random variables iseth called__
ultrasonic sensor and magnetic sensor are derived later inconditional probability which can be stated as the probability

AStatistical aSdused o mttaiMivalligelinoadg PfX=xbeing truevheny= yis true.



Conditional probability can be used to describe the
behavior of an individual sensor or the likelihood of an event 26

by assuming that the measment at time is dependent on the 24-
measurement at1. Conditional probabilities can be examined 22
by amethod called Bayes ru(8). -

_ pI0)p(x)
p(¥)

.

p(x]y) ©)

Ultrasonic Sensor (V)

flf x is a quantity that we would like to infer from vy, the H"
probability p(x) will be referred to as prior probability M |
distribution, and y is called the sensor measurement data. The
distribution p(x) summarizes the knowledge we have regarding 0 50 o As0 200 0300 30 40
X prior to incorporating the data y. The probability p(x]y) is
called the posterior probability disbution over X. This
method provides a convenient way to compute posterior Correction Step Whenever new sensor informatiog is
conditional probability p( x| Yeteivadsthenrgeastirénent fsiused ef coreeét the praditted
probability p(y|x) along with the prior probability p(x).In other  belief using the observation.
words, if we are interested in inferring a quanti from sensor

Fig 10. Raw ultrasonic data with noise

data y, Bayes rule allows us to do so through the inverse Bel(x.) = np(z|x.)Bel(x,) ®)
probability, which specifies the probability of the data y i )
assuming that x was the cas¢l6] The termp(z.|x,) is the perceptual model that describes the

likelihood of making observatiog given that a state variable is
The following section expands on the basic concepts of equal tox. For location estimation, the perceptual model is
probability and explains how Beg rule can be modified into a  ysually considered a property of a given sensor technology. It
filter to reject sensor rige. Furthermorethis filter is modified depends on the typeand positions of these sensors and
to handle information from the ultrasonic and magnetic sensors¢ g ptures a sensor os ergisra ch
and play an active role in the purposeehicle detection  normalizing constant which ensures that the posterior over the
algorithm. entire state space sums up to one. This constant is discussed in

more detail in the following seion.
BAYESIAN FILTERING

Raw daa from sensors is corrupted pyocessnoise and BAYES FILTER ALGORIT HM

anomalies due to environmentafluencesas seen in Fig. 10 Bayesian filtering can be directly applied to the sensors for
Bayesian filters can be created to filter noisy or partial sensor the purposes of vehicle detection. To clearly explain how the
data using the basic concepts in probability from the previous Bayes filter algorithm is developedet® consider onlythe
section[16, 17]. A Bayesian filter is a recursive state estimation jtrasonic sensor with the state variabfergerestx being the
model with the ability to output the likelihood of an event presence of an object. This procedure will later be expanded to
occurring. The state of the surroundings around sensors cannoiycluyde the magnetic sensor and other state variables. As
be measured directly; however, the likelihood of the state can mentioned inthe previous ection, the Bayesian filter is

is completed in two steps: the prediction step and correction o ) )
step. Prediction Step The predicted model for the ultrasonic sensor

o ] ] . is based on Theorem of Total Probability. The following
Prediction Step At each time update, the state is predicted e quati on represents the predi

according to the following update rule. presence at timg basedon t he probabi it
- resence at time-1.
Bel™(x;) = [ p(x¢lx,1)Bel(xi1)dx.y 4 P

The predicted belief of the state variable at titnevhich is p(xe) = p(Relxe- )P (i) + P[P () (6)

Bel™ (x,) is represented by the integral or sum of the product of Here, the termsp(x/|x,—,) and p(x/|1x,_,) describe the

two distributions: the prior distributionBel(x,_,) and a predicted probability that an object is presantime t based on
predicted belief based on the prior distributiorheTterm the probability that an object is present at tiza@ and the
p(xc|x.,) describes the system dynamics, whibcertains  propability that an object is absent at titd respectively. In

how the state of the system changes over time. This termy et ect i n g an obj ect o6probabiliteis e nc

predicts the likelihood of theystem statédbased on the last e motion modeivhere the vehicle might be at timegiven its
belief. The prediction parameters are described in the following |5cation atxs.

section.



Correction Step:Using the information from the prediction

step, the | ikel i hopgxda nodf aa vveeht G S B
absencep(1x) are evaluated using the correction stépe 25¢ Y — Gaussian Distribution
correction step of the algorithm isepresented byof-the fl
p(x) = np(z¢|x)p(x) (7)
p(1x) = np(z1x)p(x)p (%) (8)
n = [pQzlx)p(x) + p(z:xDp(x)] ™! 9)
where s represents the normalizing parameter to ensure the i I i M..H..is.._fﬁfﬁjﬁﬂ%
probability of ap(x) andp(1x)arebetween 0 and 1. Distance ()
Fig 11. Ultrasonic sensor belief distribution
STATISTICAL SENSOR MODELING when vehicle present

The Bayesianfilter requires specific parameters for both i,
the prediction and correction steps. The following section . E rasoric Sensor Det
describes the prediction parameters and correction parameters
usedfor the ultrasonic sensor and magnetic serBata was
collectedfor a vehicle passg scenarioas mentioned in the 12
introduction. w0l

Density

Ultrasonic SensorModel

The ultrasonic sensor is used to detect the range and
presence of an object on the lateral side of a large truck. The 4
prediction and correction models for this sensor can be 2
achieved beause this sensor is operating in a specific manner

with physical constraints (i.elane dimension and vehicle S ey

dimensions) and detection frequency (i.e. traffic flow). For this

sensoythe state variable of interest is presence of a vehicle. In Fig 12. Ultrasonc sensor belief distribution
other words when the ultrasonic sensor is filtered through the when vehicle absent

Bayesian filter the output is the likelihood that a vehicle is

Magnetic Sensor Model
present.

The magnetic sensor wésstedin the same manner as the
ultrasonic sensoifhe magnetic fieldin all threeaxes(x, y, z)
wererecorded a vehicles passed by the senga mentioned
in the il nt roduc tuncbon vas sised toi o0 n
i (S)rositivelydetect vehicle presenc().

To describe the sensors behaviorperceptual modeis
required. For this application, the perceptual model was created
for the ultrasonic sensoby monitoring the lane on the lateral
side of a large truck. As vehicles palsg the sensorsthe
average distances are recorded and average sensor behav

identified. The sensor behaviors can be modeled as Gaussian IB«+|B y|+|B 2 (10)
distributions and used in the correction step of the filter. The
histograms shown below represent the behaxfi@an ultrasonic Unlike the ultrasonic sensorwhen a vehicle passes by a

sen®r when vehicles are present and absent. The averagemagnetic sensosthe change in sensor voltage is gradual and
distance of a passing car from this model is about 6.25ft (sensoris not proportional to the vehicle® length. To accurately
voltage of 0.71V). It is important to note that some transmitted E A AT OE AU A O Afiork thé afr@tic Bebdbitd 1 A A
signals from the ultrasonic sensor may be reflected off a pehavior is modeled as(11) for an incremented range of
vehi cl eand notbbe dgceived by the sensbhis is data rather than frequency.

accouted for in the sensor model g bimodal nature (i.e. the
second mode &tig. 11 in thedistancerangel8-21 ft).

Number of "Present" Measurements

(11)

Total Number of Measurements

The behavior for the magnetic data is best described using a
two step function and a Gaussian distribution (Figl3). The



same process idollowed OT AAOAOEAA OEA 1 Acl AGEA OAT 01 080
behavior during the absence of a vehicle.

Fig 14. Ultrasonic sensor predictive model
Correction Model

The correction step uses the sensor models to make
correction in the predicted measuremeitfth the ultrasonic
and magnetic sensor models and a prediction model, the
probability of an object being present and bedrgpecific type
Fig 13. Magnetic sensor belief distribution can now be identified using equations1@®). The results for
when vehicle present this prediction and correction methods being appledath
- individual sensor case and sensor fusion case are presented in
Prediction Model the next section.
The prediction step requires the probability that an event
will occur at time ¢ based on the previous correction step at BAYESIAN FILTER RESU LTS (INDIVIDUAL SENSORS)
time ¢-1. These parameters can be based on a variety of ideas.
In the case of predicting the likelihood of a vehicle being
present, two modes of prediction are considere®ne
predictionmodeis in effect when a \@cle is detected and the
other predictionmode takes effect in between vehicles (the
absence of a vehicle)The first prediction step takestn
account the number of ipresentd measurements taken by t he
ultrasonic sensor when a vehicle passes; the nunalber
Apresentd samples varies with the physical l ength of a ve
and i ts relative velocity. As t he number of Apresento
measurements increases, the predicted probability of a vehicle
being present in the next sensor measurement will decrease.
This procesgan be further refined by integrating the magnetic
sensor to identify the vehicle type allowing adjustments in the
number of predicted fApresentodo measurements based on vehicl
length. The same approach mentioned is used for the prediction
parameter when aehicle is absent; however, the number of Fig 15. Bayesian filter algorithm (individual sensor)
fabsent 6 measur eomehidesfrequescy ara S,

traffic flow. As traffic flow increass, the likelihood of a vehicle . . .
X . X ~ corrective.model work together to output a belief that a vehicle
being absent i measufermentrwdl xldcreaBea b.§e’'nt 0

. ; i5 present as vehicles pass the ultrasonic sensor. It can be seen
Figure 14 shows the ultramic sensor measurement and

redicted likelihood when a vehicle is present and absent in Fig. 16that the noisean the ultrasonic sensor, such as the
P P ' large spike at time step 22as little effect on the belighat a

vehicle is preseniThe same procedure is used for the magnetic
sensor (Fig. 17)With this Bayesian filterthe uncertainties that
arise from partial and noisy ultrasonic data are accounted for
and the belief of a v edhdnuakee 6s
decisions in vehicle identification.

The Bayesian filter is complete with both the prediction
and correction models produced aboaes shown in the
following sctematic (Fig. 15) The following shows the
resulting behavior of the Bayesian filters for the ultrasonic
sensor and magnetic sensor.

g indR/i{:iufal sensor datathe predictive model, andhe



