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Abstract — In urban environment, pedestrian detection is ar stereoscopic images [5]. However, the strong sensitivit
challenging task in automotive research, which often ssiffeco atmospheric conditions, the wide variability of human ap
from the lack of reliability due to the occurrences of spuripearance, the limited aperture of this sensor and the impos-
ous detections. In order to answer multitarget multisenssibility to obtain direct and accurate information conéegn
tracking problem and more specifically pedestrian trackinglepth have, given rise to an interest for a detection method
we propose to use an algorithm based on a stochastic recstarting using active sensors like a radar or a laser selmsor.
sive Bayesian framework also called particle filter. We ainteed the laser system based pedestrian detection has@ stron
to solve the problem of consistent Bayesian Decentralizadility in counting and tracking pedestrians, even in treeca
Data Fusion (BDDF) with particle filter using two differentof a very high-density crowd [6]. However, the obvious lim-
statistics approaches in order to better represent theiparitations of this sensor (no information about shape, cantou
cle set and maintains an accurate summary of the particldexture, color of objects), its sensibility to atmospheon-

We propose a comparison between a Kernel Density Egfitions such as rain and fog and the frequent occlusions be-
mation (KDE) based on non-parametric estimation and taveen objects, require to devise a method of laser/camera
Gaussian Mixture Model (GMM) based on parametric estfusion to improve a pedestrian collision avoidance system.

mation. This approach allows to cope with non-linear mo- A siydy of sensor-based pedestrian detection, presented in
dels and multi-modalities induced by occlusions and clul) ingicates that the laser scanner cooperation with came
ters. These two algorithms differ in the representation @f 5 good solution to be developed. This solution has been
particle set during data fusion. Simulation results as w8ll -ngsen in the CityVIP project context (Automated Individ-
the results of the experiments conducted on real data demggy public Vehicle adapted to urban environment) which
strate the relevance of these approaches. aims at improving road safety, mainly focusing safe navi-

) ) ) o gation of smart vehicle [2]. So, the problem is how to com-
Keywords: Particle filters, kernel density estimation, Gaussine the diverse and sometimes conflicting amounts of in-

sian mixture model, laserscanner, video camera, Sensorfiimation in the best manner, to outperform the best results
sion. expected from the use of a single sensor technology.

. The main difficulty of data fusion lies in the associa-
1 Introduction tion of the new observations coming from different sensors.

Multitarget multisensor tracking deals with the state-estf NuS, two distinct problems have to be jointly solved: data
mation of an unknown number of moving targets. To pefssociation and the estimation.
form multitarget multisensor tracking the observer cag rel The conventional approaches are based on the Kalman
on a huge amount of data, possibly collected on multipfiter [7], or its linearized extension [8], and lead to data
receivers. association algorithms such as the JPDAF [9], the MHT [10]

For a broad review of the various sensors used for pedes-the PMHT [11] which differ in their association tech-
trian detection, one can consult [3] where piezoelectriciques but which all share the same Gaussian assumption.
radar, ultrasound, laser range scanner sensors and camgua$ algorithms were used to solve many problems resulting
operating in the visible or in the infrared are described. Ufom signal or image processing but they regularly failed to
ing video sensors to solve the problems of detection amrk outin case of a non-linear evolution model or in case of
identification seems natural at first, given the capacithisf t non-Gaussian noise models. Over the last years, the Monte
type of sensor to detect/analyze the size, the shape and@aelo methods became interesting particularly with the par
texture of a pedestrian. Many methods to detect human liete filtering [12] which establishes its superiority owah-
ings were developed in computer vision based on monocudas for non-linear filtering. The idea consists in represent



ing the law of probability of the states conditioned by th@.2 Description of the vehicle and sensors
observations by means of a finished weighed sum of Dirac|, ihe CityVIP project framework, a benchmarh data
which evolves according to its weights and the object dyet has been made using the IGN test vehicle which was
namic model, depending on observations. In this paper, YWhuipped with an IBEO ALASCA XT. The IBEO laserscan-
methodologies are described for performing BDDF in ordgfer (see Fig. 2) has a variable scan area up t8 B@olim-
to maintain the stochastic aspect of the particle set. T8e fitoq nere to 180 for our experiments. The laserscanner is
method is a transformation of the particle represental@n t moynted in the center of the frontal area of test vehicle.
GMM. The second algorithm approximates the particles ifom this position the sensor can detect all relevant object
a KDE representation. in front of the vehicle. The manufacturer indicates that the
The article is organized as follows. In Section 2, the pringeQ sensor has a range measurement up to 128 m with ac-
ciple of the approach is described and the sensors usedcQyacy of +/- 5 cm. The angle of resolution varies with scan
Renault manufacturer are presented. In Section 3, the piiRsquency (at 20 Hz the resolution angle is%.Bus pro-
ciples of particle filters are briefly reminded. Section 4 d‘?n'ding 300 measurements per channel and scan. These scan
scribes the two methods for performing data fusion based FRnes have a total opening angle of approx°.32ne Mar-
particle filters. In Section 5, simulation and experimergal |in 146-C video camera on the bottom of the sensor laser
sults are presented. Conclusions are proposed in Section§ee Fig. 2) simultaneously records the scene.

2 Overview

2.1 Our approach

The purpose of this work is to track pedestrians from
moving vehicle. To develop our own approach, our resea
interest is focused on particle filter [13] because the peddl
trian movements are non-linear and non-Gaussian assu
tion is needed.

Multitarget-multisensor tracking with a particle filter
generally uses a data association step, in which each -

get is mapped to an observation sensor. Conventional "fﬂi’gure 2: Left, the IBEO ALASCA XT Laserscanner and

proaches propose a Gaussian framework where a COVRfks \ariin 146-C camera. Right, the IGN test vehicle.
ance matrix [7] is computed from the set. Since the parti-

cle set is generally not Gaussian, we propose in this paper

two methods aIIowmg to perform.a data fu3|o_n from two Q|f3 Sequential Monte Carlo Methods
ferent clouds of particles (see Fig. 1). The first method is a } ) )
transformation of the particle representation to a GMM [14] N the following section, the theory of the sequential

The second algorithm approximates the particles by a Pardante Carlo methods in the framework of object tracking
representation [15]. is briefly reminded. For more details, the reader can refer to

Doucet'’s works [13].

‘ Video source ‘ Laserscann%r 3.1 General
V V Let us consider a discrete dynamic system:
Pedestrian Pedestrian
Detec}ion [18] DeteFtion [7 Xk — f(kal) + Wk (1)
Pedestrian Pedestrian Zk = h(xk) + Vk (2)
ki ki .
Tracking 1 Tracking 71 where Xy represents the state vector at instentNo as-
¢ ¢ sumption is made about the two functiohandh, whereas
‘ Association (KDE or GMM) |« Z andV are supposed to be two independent white noises.

3.2 Patrticle Filters

Particle filters provide an approximate Bayesian solution
to discrete time recursive problems by updating an approxi-
mate description of the posterior filtering dengiixy|z1 k).

This posterior density function represents some degree of
belief in the state at timek, given the data; « up to time

Filter update

Data Fusion

F|gure.1: Data fusion architecture using lidar and vision in e main purpose of particle filters is to approximate
formation. the a priori distribution of the recursive Bayesian filter



p(Xk|z1:k-1) as a set oN samples, using the following equa-covariance matrix. Considering a 2-dimensional feature-
tion: N vector,X = {x&’I , ...,XEX’I }N., denotes the vector composed
1 i by several particle sets ang, the likelihoods of each class
Xk|Z1ko1) = = S Xk — X 3 v P . . - .

POX[Z1k-2) N i; O =i) ®) which are described as linear combinations of Gaussian

whered is the discrete Dirac function. Then tegosteriori mixture probability density functions:

distribution p(x«|z1.x) can be estimated by: . Mo .
) p(Xwh, 1) = 3 aid p(X|6) (6)
. m=1
P(Xk|Z1x) = P(Z[Xk) le(xkb(lk—l) (4) o
i= where each GPDF component is given by
This approach can be implemented using a bootstrap filter N 1
or a Sampling Importance Resampling Particle Filter (SIR p(X|0}]) = ——-
PF). (2m)|zH|
4 Decentralized Particle Fusion Algo- exp[—%(x — I EH X — | (@)

rithms _ _
: I o The GMM parameters for each object class are estimated us-
In the case of particle filtering, data association is a crik

ial problem f bett i f vartic] tin ord g the expectation-maximization (EM) algorithm. The EM
clal problem Tor a better resampiing ot particie setin or %rlgorithm estimates the maximum likelihood parameters in
to keep all prior distribution information (for example rtiul

- . ._statistical models with variables that are not observ [
modalities). In fact, one of the main weakness of parUcF adry

, . S fitial moments. For more details, a book [16] is devoted
f|lters is the inability tc_) adclaqqatelly explor.e the statg sPaSntirely to EM algorithm and its applications. The value
i thg support of the_pnor d|§tr|but|on has litde ove.rlaptlw of mixture probabilities € wy is chosen by the maximum
the I|keI|hqod functlc_)n. .Th's p_rob!em can oceur !f a Med olihood estimator as a likely data fusion:
surement is an outlier, if the likelihood function is highly
peaked, or if the process noise is small. A solution is to fit A}l lh=argmaxal) (8)
kernels or mixture models to the samples, which can take h
into account more efficiently the unspecified feature of the . .
particle distribution predicted by the SIR filter. Mixtureom .>From this prgbgblhty, a threshofd ?IIOW_S to a(i:(_:ept orre-
dels and kernel methods are used in this paper in ordedGt @n association track/observation glven/k)y. If the
improve the Bayesian Decentralized Data Fusion (BDDF assomapon is vahdatec_i, the next.step consists in we|ghts
So, we propose to introduce the association magito CcOmMputing of all the points belonging to the Gaussian mix-
describe the association between the particle set (reptres&!ré given by (6). Thus the point ligt") is calculated as
ing measurement&) and the particle set (representing tar0!lOWs: . .
gets)Xx. We propose to estimat&, with either a para- L' = p(X|wh, ©"1) ©)
metric method like GMM or non-parametric method likerhjs algorithm is summarized in Algorithm 1.
KDE. Finally, we also define a Bernoulli random variable ] ]
Wh € {wi, W5} given byw, = wy if the associated event is4.2 KDE methods for Fusion computation
classified as fused datawh = w- in all other cases. For Parzen density estimates, any type of kernel may
4.1 GMM approximation for Fusion compu- ge usgd to represent a probability distribu_tion. Hoyvever,
. aussian kernels are preferred, as most of its operatiens ar
tation closed form and therefore efficient. The Parzen density esti
In order to better approximate the particle set distributiomator is similar to a GMM except that each component has
allowing a smart data fusion, we propose, to approximatee same covariances. The equation for a Parzen density es-
the estimated distribution with a Gaussian Mixture Modéimate with a Gaussian kernel is similar to the mixture of
(GMM). In a GMM model, the probability distribution of a Gaussian functions which is:
particle sek is a mixture ofM Gaussian probability density

functions (GPDF), defined as follows: p(x) = % Yo (X L, Zrm) (10)
M m=1
P(X[©) = mzlamp(xlem) (5) where¢ (x) is the Gaussian probability density @rand i

are the weights whergM_; ym = 1.
whereb, ...6y are the parameters of the Gaussian distribu- We propose an approach to build a non-parametric model
tions anda = [a4, ..., am] is the weighted vector, such thatbased on kernel functions, allowing a smart selection of the
szl on = 1. The complete set of parameters that spemiost pertinent data fusion from a likelihood analysis func-
ify the mixture model iD = (a; 64, ...,6u), with each pa- tion. A likelihood discriminating function permits the sla
rameterfm = (Um, Zm) consisting of a mean vectprand a sification of each particles as the association gravityerent



Algorithm 1 BDDF with GMM approximation >From this probability, a threshold allows to accept or
reject a track/observation association giverﬂ{)y

If the data association is validated, the next step con-
sists in weights computing of all the points belonging to the
association gravity center given by (15). Thus the poirt lis

1. Compute the matrixAx for all measurements and
objects from GMM approximation.

if (Ak<B) S . L' is calculated as follows:

Compute the weighte, = p(X|wy,©")) and normal- .

ize, i.ewl = zw_ L = 60 xk™ (16)
|

Generate a new set{x"*}I 1 by resampling This algorithm is summarized in Algorithm 2.

from {x }IN,, according to the probability

Pr(x'k'* _ XLI) Wlkl Algorithm 2 BDDF with KDE methods

1. Compute the matrixAy for all measurements and

else objects from KDE methods.
A =0then{x'} = {x;
endif if (Ax < 0)
. ; P
2. Predict (simulate) new particles, i, ; = f(x;'", Vi), Compute t\:le weightsij = ¢(x},xj) and normalize,
| =1,...,N using different noise realizations for the par- i.e,w'k = N—kwr
D=1 Wk

ticles. Generate a new set{x"*}I , by resampling
3. Increasé and iterate to item 2. from {xk }I 1» according to the probability

e il |
Prg " =x¢) = wy.

or not. This method is not supervised, so no prior knowledge else
is required to process the association. A}l =0then{x'} = {x
Let X = {Xi}k=1,.. s denote the vector composed by sev-  endif
eral particle sets. ) ) . T i1
The likelihood functionp(X [wy) allows to compute the 2 Predict (simulate) new particles, ')‘*_AZLrl_:f Xy s Vi),
probability that a particle belongs to a fused data. We pro- | =1---;N using different noise realizations for the par-
pose to model the likelihoog(X |wy) by a non-parametric ticles.
model using an estimation based on kernel functions (Parzeg |,.reasd and iterate to item 2.
window model).

N
z o (x XM (11)

HMZ

1
p(X|wi) = —N .
5 Experiments
This section presents simulations and experiments which

g1ave allowed to validate the two BDDF algorithms based on
GMM or KDE methods.

Finally d)(x'k',xk ) is the kernel function which allows to
modify the zone of influence of a point with its neighbour

it is defined by:
5.1 Simulations

X xIM) = exp—Ac- de(x!, xI " 12
P05 A= Ae e i) (12) Simulations have been conducted to compare the perfor-
The A parameter permits to adjust the weights. Thelis- mance of target tracking using BDDF with GMM approxi-
tance used is a Mahalanobis distance defined by: mation and BDDF with KDE methods. First, we propose a
study on approximation of the particle by GMM and KDE
de(x 3™ = (! —x Mz (x:(' ximT (13) methods. Fig. 3(a/b) shows a particle sample set of 1000 par-
. ticles which represent two clouds of particles from two dif-
with ¥}, andZ}, the covariance matrix given by the trackferent sensors. Fig. 3(c/d) shows a data fusion with a Gaus-
ing algorlthms representing the uncertainties on pegestrsian mixture model using EM algorithm while Fig. 3(e/f)

position. N _ shows the equivalent data fusion via KDE methods. From
z'd;l — zi¢ +Z§p (14) these figures, one can see that using the GMM algorithm
See Fig. 3(c/d)) a better approximation of the particldset
The 2D particle having the highest probability € w; is (()btalne% (c/d) AP P

chosen by the maximum likelihood estimator as a likely data

fusion: Secondly, we propose a study on the mean square error on

i radial position where BDDF with GMM approximation and
Aclh= arghma>(p(x|wh €wy)) (15)  BDDF with KDE methods have been repeated 100 times.
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Figure 5: Comparison of the computation time between
GMM and KDE methods (in the case of two sensors) while
the particle number increases.
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Figure 6: Comparison of Root Mean Square Errors on radial
position between GMM and KDE methods during a pedes-
trian tracking presented in Fig. 5.
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creases the KDE methods become better. Fig. 5 shows the

number of particles increases, the computing cost as much
0.1y ] as the reliability increase with KDE methods while this goin

N is not true with GMM methods because the computing cost
005l stays the same whatever the number of particles [18]. This
' last point is very interesting, because the processingigme
of prime importance in automotive application.

RMSE [m]

0 500 1000 1500 2000 5.2 Experiments on real data
Number of particles ) .
We present here various results of laser and video data

Figure 4: Comparison of Root Mean Square Errors on radfgision. Lidar and camera data are not given in the same ref-

position between GMM and KDE methods while particlerence frame. Thus, we choose the reference frame related
number increases. to the lidar for fusion. The SIR PF with Parzen Window

association was tested on real data in many different situa-

tions provided by Renault, the French vehicle manufacturer
In Fig. 4, it can be seen that GMM methods are better thésee Section 2). The presented scenario (see Fig. 7) includ-
KDE methods when less 1000 particles are used. But whieg several pedestriar{s- 5) who appear and disappear in
more 1000 particles are used, KDE methods become bettex sensor area representing different situations such as a
then GMM methods. So, before 1000 particles, GMM metlwban scene, a semi-urban scene, or a car park. Of course,
ods are more accurate, but when the number of particlestihe pedestrians move in all directions. The vehicle moves
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