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Abstract— The pedestrian detection is a challenging task in types have to be combined with cameras [4].
automotive research, which often suffers from the lack of relia- A study of sensor-based pedestrian detection, presented
bility due to the occurrences of spurious detections. This paper i, 1] indicates that the laser scanner in cooperation with
presents a Bayesian approach, which fuse information from . .
multiple sensors to improve the performances of a pedestrian camera is a good SO!Ut'On to be developed. Each of these
detection system. The main contribution of this paper is the two sensor technologies, used separately, has demouistrate
way to incorporate the information potentially correlated in  its capability to provide good performances for pedestrian
the Bayesian formalism. We model the observations by an detection systems [5], [6] and [7]. Therefore, when used
autoregressive (AR) model therefore.the conditional likelihoods together the problem is how to combine the diverse and
required in the Bayes’ rule, are derived from that AR model. . - . . .

In our implementation, the correlation is estimated empirically. sometimes conflicting amounts of information in the best
Simulation results as well as the results of the experiments Manner, to outperform the best results expected from the
conducted on real data demonstrate the effectiveness of the use of a single sensor technology.
proposed approach. Moreover, the proposed algorithm runs in Many works have been done to solve the problem of
real-time. data fusion for multiple applications. In the particulasea

| INTRODUCTION of pedestrian classification, several approaches have bee,n
proposed. Some authors only make use of both sensors

As many as 8000 vulnerable road users, pedestrians aceimplementarity [8]. The laser scanner segments the scene
cyclists, are killed every year in the European Union. Thand then provides some ROI, which are confirmed to contain
accident statistics indicate that despite the recent agan pedestrian by a vision-based classifier. Other authors have
in safety due to the introduction of passive safety systenugeveloped both the complementarity and redundancy of the
and tighter pedestrian legislations, the pedestrian aotsd information provided by both sensors [9] and [10]. The
still represent the second largest causes of traffic-elatgegmentation and tracking processes are performed only
injuries and fatalities; the first being accidents involyin in the laser space whereas the object classification works
car passengers [1]. Nowadays, the emphasis in automotive both sensor spaces. The main difference between these
research is on active safety systems. Active measures 8ko solutions is in the data fusion techniques. In [9], a
leviate the conditions under which impact may take plac&8ayesian-sum decision rule is used to combine the results of
e.g., by reduction of impact speed. The challenges faced bgpth sensor classifiers. The classification is done frame by
such systems on moving vehicle are movement of the seftame classification. Whereas in [10], we proposed to used a
sors; unpredictable road situations and background sosnar Bayesian framework to fuse sensor information at feature-
variations in the size, appearance and pose of pedestrialesel. This solution is especially interesting becauseadat
Moreover, the automotive constraints, limited computingan be asynchronously treated [11]. Moreover, the temporal
resources and need for high reliability, are added to theseherence of observations is developed by the integrafion o
perception issues. Therefore, the developed systems bavepaist knowledge. That helps smooth the computed probability
be efficient using the lowest processing resources. and then enhance the system reliability.

Regarding the sensing part of such systems, the videoln this paper, we propose to introduce the correlation
camera seems to be the best sensor to perform the recogniteanong data in the formalism developed in [10]. Our aim
task. Vision-based systems are widely used for pedestriésr to make our pedestrian detection system more robust
detection [2] and [3] because the cameras provide enougi spurious detections and avoid the probability grows fast
resolution for accurate classification. In addition, thé reto one or zeros when all the measured data are highly
atively low cost of cameras and their potential use focorrelated. Our motivation comes the fact that if a sequence
other perception functions in the vehicle (e.g. traffic sigrof identical measures is used for the classification usirrg ou
recognition or lane departure warning) give them a stronfprmalism, the probability will converge to zero or one afte
advantage over other sensors technologies. The disadeantaertain time and remains constant, whereas one can expect to
of image-only detection systems is the high computationdlave a constant value of the probability in case of assuming
cost associated with classifying a large number of regiorthat these measures are strong correlated. That means that
of interest (ROI). Moreover, in outdoor environments theon-informative measures have to be detected and take into
performance of vision-based systems may be negativefccount in our formalism to avoid changing the probability
affected by weather conditions. Therefore, another senseaslue. The Bayesian formalism offers the possibility to



integrate correlated data in the formalism as soon as the
conditional likelihoods between a current observation tiued
previous are modeled. The autoregressive (AR) model seems
to be a good and elegant solution to solve this problem. An
AR model is a time series where a given datum is a weighted
sum of some previous data and noise term. However, this
AR model gives raise to another question: how to compute
practically the AR parameters. Theoretical solutionsaitig . ,
the autocorrelation function of the data are presenteddh [1 | 1

In the particular cases of object classification from a mgvin e e
vehicle, we assume that correlation is mainly due to either

the observation of the object from the same point of view
during a while or no change of the scale factor. Therefore, oo
we estimate the correlation (AR parameters) by using the

relative displacement of objects in the sensor space. &imul

tion results demonstrate the effectiveness of our approach

In addition, experiment results on real data confirm the

simulation result and validate way to compute the correfati Fig. 1. Multi-module architecture using a lidar and visiofoimation for
value. The proposed approach has been implemented irPggestrian detection and classification

vehicle demonstrator and runs in real-time.

The paper is organized as follows. An overview of the
system is presented in the next section. Section Il briefly
describes the preprocessing steps. Section IV elaborates o
Bayesian approach for the multisensor fusion of correlated
observations for the purpose of object classification. In
section V, simulation and experimental results are present
to demonstrate the effectiveness of the proposed approach.
Finally, the conclusions are presented in section VI.
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of the smallest bounding box area (representing the
further object). The further object is discarded.

3) If the bounding box of any pedestrian-like object
overlaps with the bounding box of any wide object and
the pedestrian-like object is further, then it is discarded

Camera

1. SYSTEM OVERVIEW

Architecture of the developed pedestrian detection system
is shown in Fig.1. The object segmentation is performed in
the laser scanner and image spaces. The segmented objects
are sorted, in regard of their size, in two groups: pedestria
like objects and "wide” objects. In the rest of the paperyonl
pedestrian-like objects are considered (classified) andilve
refer to as segmented objects or simply objects. The two
feature used for the classification are speed and SCOI’G.([OUtﬁ.ig‘ 2. The locations of the sensors in our experimental qistfare

g . - ighlighted.
of an Adaboost classifier). The Bayesian classifier compute§
the probability of an object to be pedestrian regarding the
observations of these two features.

The effectiveness of the proposed segmentation process
was tested on many sequences. In most of the cases, it entails
I1l. OBJECT SEGMENTATION AND FEATURES an average reduction of 70% of the pedestrian-like objects
EXTRACTION which are further classified. Fig.3 shows the results obthin
To speed up the system an attention area where all tHy @ sequence without any pedestrian.
relevant objects are located is defined. Due to the location Thg'fea.tures extracted from the sensors and used for the
of the sensors on our experimental platform (illustrated iffi2ssification are:
Fig. 2) an object can be detectable in the lidar space andl) speed : estimated by the mean of the well-known
occluded into the image and vice versa. However, in our ~ Kalman filter with a constant velocity model;
method only the first case is detected because even if both2) score : the output of an Adaboost algorithm using the
sensor images are used for the segmentation, it is the lidar ~Haar-like features detailed in [6].
that generates all the clusters. The segmentation algoigh The feature extraction process is detailed in [10].
as follows
1) Lidar-based clusters located in the attention area are
projected into the image. For clarity, this section is divided into three parts. Attfirs
2) If the bounding boxes of two pedestrian-like objectshe Bayesian algorithm in the case of one sensor provided
have an overlapping area greater than a set percentagerelated information over time is presented. Afterwdaiuk

IV. BAYESIAN PEDESTRIAN CLASSIFICATION



Total number of targets |
Lidar only clustering = 1083
Lidar + image clustering = 261 rule
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e is the conditional likelihood integrating correlation ango
observations.
Fig. 3. Comparison between a segmentation based on the lidar on
clustering and one using lidar clustering coupled to imagatiment. 1) Autoregrve model:

The notationAR(p) refers to the AR model of ordegp. If
the set of observatiom, i is considered as a time series. Its

Bayesian algorithm for a multisensor system is presente R(p) model is written [13]

For simplicity, the time does not appear in this part. Fipall
an example of the fusion of two sensors information with p
correlation consideration is developed. z=C+ kzl dizc—i +&; (5)
A. Bayesian algorithm with correlated observations from a where ¢,,....¢, are the parameters of the model,is a
single sensor constant andy is a white noise. The constant term is omitted
From a Bayesian perspective, the classification probley many authors for simplicity.
is to recursively calculate some degree of belief in the Some constraints are necessary on the values of the
object clasHy at timek, being a pedestrian class, given theparameters of this model in order that the model remains
observationg; « up to timek. Thus, it is required to construct stationary. For example, processes in #&R&1) model with
the posterior probability density function (pdb{Hx|z1k). It | $1]| > 1 are not stationary.
is assumed that the initial pd§(Ho|zo) = p(Ho) which is  we decide to limit our study to aAR(1)-process means
also known as the prior, is available, (being the set of no that we assumed that the observatipriescribes a Markov
observations). Then, in principle, the ppfHk|zix) may be process of order one. I&R(1)-process is given by:
obtained recursively, in two stages: prediction and update
Suppose that the required ppfHy_1]z1x_1) at timek—1 Z=C+ oz 1+&:; (6)
is available. The prediction stage involves using the syste
model to obtain the prior pdf of the state at tirkevia the
Chapman-Kolmogorov equation

where g is a white noise process with zeros mean and

variancea?. (Note: the subscript ogp; has been dropped).

The process is covariance-stationary|df|| < 1. If ||¢]| =1
P(Hk|z1k-1) = '_Z P(HklHk-1)P(Hk-1|z1%-1) (1)  then z exhibits a unit root and can be also considered as

k-1 a random walk, which is not covariance-stationary. The link

Note that in (1), use has been made of the fact th&etween the expectation af, i, and the constant (assuming

p(Hi|Hk_1,Z14-1) = P(Hk|Hi_1) as the system model de- Covariance stationarity) is

scribes a Markov process of order one. In our system

Hi_1 can take only two valueBl,_; and its complementary E(@) = E(©)+¢E(z-1)+E(&)
Hk_1. The probabilistic model of the object class evolution U = c+¢u+0
p(Hk|Hk_1) is defined as follows T ﬁ @
P(Hk[Hk-1) =1 (2a) . , , .
o _ And the link between the series varianc&,and the noise
p(Hk|Hk-1) =0 (2b) . 2
variance,o? is
Equation (2) means that the object class does not vary with )
time k. The equation (1) becomes Var(z) = E(Z)-u
(c—pu)*+ 0z —p?
P(Hk|zek-1) = P(Hk-1]Z1%-1) 3) = 1-¢2 £
At time stepk, an observatiorzx becomes available, and o2 o? ®)

this may be used to update the prior (update stage) via Bayes’ 1—¢2



Calculation of the AR parameters Thus, equation 11 can be rewritten:
The AR parameters may be calculated using least square

n
regression or the Yule-Walker equations: p(H|Z) O p(H) |_|p(Z|H) (13)
i=
P
Y=Y PV k+ 0Fm ©9) Z p(H|Z) =1 (14)
K=1

where m= 0,...,p, yielding p+ 1 equations.y, is the C. Anexample of the fusion of two sensors information with
autocorrelation function of, o. is the standard deviation correlated observations

of the input noise process, ardh is the Kronecker delta  grom 4 Bayesian perspective, the classification problem
function. O_ther techniques to calculate these parameters g recursively calculate some degree of belief in the
presented in [12]. _ object classHy at time k, being a pedestrian class, given
In our application, we do not have the autocorrelationy,q observationy;, and zyx up to timek (K < k). Thus,
function. So, the AR parametgr is empirically calculated. j; s required to construct the posterior probability den-
That is present in the experimental result section. sity function p(Hy|y1«, z1). Suppose that the required pdf
P(Hk_1|Y14,2141) at timek—1 is available K <k—1). At
2) Conditional likelihood: time stepk, an observatiorz, becomes available. It is used
Once modeling the dependence between consecutive q§-ypdate the prior via Bayes’ rule
servations by an AR model, we can derive the sought

conditional likelihood using equation (6) P(HiY1x,216) = P(Y1, Zux|Hi) P(H)
' ' p(yl:k/ ) Z1:k)

P(zlz-1,Hk) = p(c+ ¢z 1+ &z 1,Hk) (10) _ P [Hi) P(Zaxlyre, Hi) P(Hi)

= p(c|z-1,Hk) * p(@z—1]Z1,Hk) P(Y1x) P(ZeklY1x)

#P(&x|Zi_1, He) _ P(Yax[H) P(zox|H) p(Hk)
= 5(zk — c) * 5(zk _ ¢471) * JV(ZK; 0, ag) H p(Yl:k’) p(zll_:|k)
= N (@i#Ea+ (1 B, (- 97)0?) — PPl
1k

wherec was replaced by its expression obtained in equation P(Hk|Y1x) P(Zk, Z1k—1|Hk)
(7); & is the Dirac function and# (z u,0?) is a Gaussian - p(zk, Z1k_1)

density with argumert, meanu and variances?. g and g2

Hk Y11 ) P(Z1k—1|H Z|zk—1,H
are different for the pedestrian and non-pedestrian cdasse = P(HYaue) P(2ascalHo) P(ZdZ1c-1, Hi)

P(Z1k-1) P(Z|Z1K-1)
B. Bayesian algorithm for a multisensor fusion _ P(Hlyix, 21-1) P(&|Z1%-1, Hi) (15)

Let’s consider a set af features, the classification system P(zz1i-1)
determines if an object belongs to pedestrian class, Equation (15) can be easily generalized to more than one sen-
From each observed featufg assuming that the likelihoods SOT- The main assumption is that observations from diﬁlere_zn
p(Z|H) are available, the Bayesian classifier fuses them witpensors are conditionally independent whereas obsemgatio
any prior p(H), to arrive at a global consensus posterioffom the same sensor are correlated.
probability, p(H|Z), where Z = Ui{Z} Vi. Bayes’ rule is
written as follows

V. EXPERIMENTAL RESULTS

ZIH)o(H The objective of experiments conducted (in simulation and
p(H|Z) = M (11) onreal data) is to show how our Bayesian approach improves
(2) the classification performances of the pedestrian detectio

wherep(H|Z) is the posterior probability of the object beingSystem. In our previous Qevelopments,.the |Ike|lh00d.S' of

a pedestrianH given the observationZ. p(Z|H) is the features usec_i in t_he fusion were obtained from_trammg

probability of the particular set of observatiodsknowing ~Processes. Fig. 4 illustrates the pplffeature]pedestrian)

that the object is of class tyyt. This term is the likelihood and p(featurelnon — pedestrian) used for the speed and

of H to be correct given the set of observatiaisp(H) Score. Correlation is not taking into account yet.

is the prior probability of class typéd. p(Z) serves as o o

a normalizing function, ensuring the posterior probaieiit ~ One specificity of our application is that only the scores

sum to one over the s¢H H}. are assumed to .be poter.mallly correlatgd. Indee_d, we seppos
For a multisensor system, it is reasonable to assume tfit the speed information is always informative as it is a

the likelihoods from each informational sourpéz;|H), i = derivation of the position. However, in a static scene (gver

1,...,n, are independent since the only parameter they halfding is stopped) we assume that the different values oescor
in common is the state. do not give any new information. The correlation is derived

from the relative displacement of the object in the sensor
p(Z|H) = p(Z1|H)p(Z2|H)...p(ZnH) (12) space (image). That means that low relative displacements



this case, performs better than the observation model wiitho
i correlation consideration. The latter model fails comgliet
when these errors are combined to noisy observations. .
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gives high correlation value. The calculation of the amafnt 3 *°/ i
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correlatlon_|s pgrformed in th_e sensor space because for t & s
same relative displacement (in world coordinates) theceffe ~phi=0 |

is more perceptible if the object is closer to the vehicleitha  ° 1 2 30 eration ™ so w0 7

if it is further. The correlation is recalculated at eachdatsn

because the relative displacement of objects is not constdip- 6- Evolution of the probability when taking or not theresation into
account : the effect of the sporadic perturbations.
from one frame to another.

A. Smulation results . .
B. Experiments in urban areas

We generated a sequence of 70 correlated scores,rando

values following the pedestrian distribution illustraiad-ig. n}he experiments were conducted in Versailles (France).

4. The correlation is seth = 0.5. Two different experiments The testing platiorm is a Renault Espace equipped with

were conducted. The objective of both is to demonstrate tht I|o|lar, (‘;" _catr::erj Iand prlonErl((;c?gtlve sensgril The )ILE:_?r
the consideration of correlation in the Bayesian framework MPI0Y€d IS the a-layers \dar, name asca Al,

improves remarkably the classification results. It is reslae running at 125Hz ar_ld Mmeasuring ranges up to 200vith
an angular resolution of .025°. It is mounted on the

in Fig.5 that the correlation consideration helps smooth th hicle b ¢ @5m ab d level. t tina th
probability means that the effect of spurious observation& '¢'€ bumper at. above ground evel, targeting the
destrian leg height. The video camera is an automotive

is attenuated. On the contrary, when the correlation is n8E VGA level . 88 It i
considered spurious observations affect instantanedhsly sensor, a gray-level camera running atf IS

probability. Sometimes in real experiments, some sudd H<ed_ behl_nd the windshield. Fig. 2 illustrates the sensors
configuration.

1

8 1) Probability computed using a real data sequence:

6 ‘ The objective of this experiment is to confirm the results
4 demonstrated in simulation. On the contrary, of the sim-
2 .

0

] ulation the correlation has to be estimated. Fig. 7 shows
o 10 20 30 a0 50 60 7o some snapshots of the scene for different positions of the

Iteration

pedestrian. As previously mentioned, the correlation evalu
P ' s depends on the relative displacement between two consecu-
J tive iterations. In Fig. 8 it is noticeable that the corridat
d is high when the pedestrian moves slowly. However, the
correlation value is not a linear function of the speed. It
also depends on the object position. Given a constantvelati

0. i i L L
0 10 20 30 40 50

Iteration displacement, the correlation is higher when the pedestria
Fig. 5. Evolution of the probability when taking or not theriedation into is close fr9m Fhe VehICI.e tha_n when he .IS further. It can b_e
account. observed in Fig. 8 that ignoring correlation leads to a rapid

convergence of the probability. Any new observation, once
errors (different from the observation noise) occur. Foit follows the pedestrian likelihood model has no effect on
instance, a bad estimation of the pedestrian position adspethe computed probability. On the contrary, when considgrin
leads to a bad projection of the ROI in the image thereforthe correlation the probability raises gradually. Finatlye
a wrong score is calculated. To simulate that we randomlypeed affects greatly the probability. Because even the sco
added wrong values (low scores) to the correlated dats coherent with the pedestrian distribution, one can oleser
previously generated. The effect of this kind of perturdyati that at low speed the pedestrian is simply classified as a non-
is evaluated and the results are shown in Fig. 6. Our olpedestrian. Indeed, speed distributions in Fig. 4 sugpest t
servation model with correlation, even slightly erronedus low speed objects are more likely to be of the non-pedestrian



class than the pedestrian class. Anyway,

in motion a security area is defined in front of it to set off
a warning as soon as an object is located inside this area,
regardless its class.
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Fig. 8. Features extracted, correlation estimation andahitibes.

2) Processing time analysis:
An important constraint to fulfill when providing algorith-
mic solutions for the automotive applications is the lirdite

TABLE |

when the vehicle i
EOMPARISON OF THE PROCESSING TIME WITH THE ATTENTION AREA

AND WITHOUT IT

With the attention ared| Without the attention
Lidar processing time 41.5ms 50.5ms
Camera processing timg 0.25ms 1.35ms

framework. Our method consists in tracking objects pasitio
while computing a probability for each track to be a pedes-
trian. This probability is updated at the arrival of each new
observation from any sensor. The proposed approach enables
to integrate in an original manner correlated observations
into the probability computation using the AR model. The
results of experiments on simulated data as well as real data
demonstrate the effectiveness of our approach. Moredwer, t
proposed method runs in real-time.

The next step is to test our system on more data sequences
to be able to characterize it in term of false positive anddgoo
detection rates.
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