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Abstract— The pedestrian detection is a challenging task in
automotive research, which often suffers from the lack of relia-
bility due to the occurrences of spurious detections. This paper
presents a Bayesian approach, which fuse information from
multiple sensors to improve the performances of a pedestrian
detection system. The main contribution of this paper is the
way to incorporate the information potentially correlated in
the Bayesian formalism. We model the observations by an
autoregressive (AR) model therefore the conditional likelihoods,
required in the Bayes’ rule, are derived from that AR model.
In our implementation, the correlation is estimated empirically.
Simulation results as well as the results of the experiments
conducted on real data demonstrate the effectiveness of the
proposed approach. Moreover, the proposed algorithm runs in
real-time.

I. INTRODUCTION

As many as 8000 vulnerable road users, pedestrians and
cyclists, are killed every year in the European Union. The
accident statistics indicate that despite the recent advances
in safety due to the introduction of passive safety systems
and tighter pedestrian legislations, the pedestrian accidents
still represent the second largest causes of traffic-related
injuries and fatalities; the first being accidents involving
car passengers [1]. Nowadays, the emphasis in automotive
research is on active safety systems. Active measures al-
leviate the conditions under which impact may take place,
e.g., by reduction of impact speed. The challenges faced by
such systems on moving vehicle are movement of the sen-
sors; unpredictable road situations and background scenarios;
variations in the size, appearance and pose of pedestrians.
Moreover, the automotive constraints, limited computing
resources and need for high reliability, are added to these
perception issues. Therefore, the developed systems have to
be efficient using the lowest processing resources.

Regarding the sensing part of such systems, the video
camera seems to be the best sensor to perform the recognition
task. Vision-based systems are widely used for pedestrian
detection [2] and [3] because the cameras provide enough
resolution for accurate classification. In addition, the rel-
atively low cost of cameras and their potential use for
other perception functions in the vehicle (e.g. traffic sign
recognition or lane departure warning) give them a strong
advantage over other sensors technologies. The disadvantage
of image-only detection systems is the high computational
cost associated with classifying a large number of regions
of interest (ROI). Moreover, in outdoor environments the
performance of vision-based systems may be negatively
affected by weather conditions. Therefore, another sensor

types have to be combined with cameras [4].
A study of sensor-based pedestrian detection, presented

in [1], indicates that the laser scanner in cooperation with
camera is a good solution to be developed. Each of these
two sensor technologies, used separately, has demonstrated
its capability to provide good performances for pedestrian
detection systems [5], [6] and [7]. Therefore, when used
together the problem is how to combine the diverse and
sometimes conflicting amounts of information in the best
manner, to outperform the best results expected from the
use of a single sensor technology.

Many works have been done to solve the problem of
data fusion for multiple applications. In the particular case
of pedestrian classification, several approaches have been
proposed. Some authors only make use of both sensors’
complementarity [8]. The laser scanner segments the scene
and then provides some ROI, which are confirmed to contain
pedestrian by a vision-based classifier. Other authors have
developed both the complementarity and redundancy of the
information provided by both sensors [9] and [10]. The
segmentation and tracking processes are performed only
in the laser space whereas the object classification works
in both sensor spaces. The main difference between these
two solutions is in the data fusion techniques. In [9], a
Bayesian-sum decision rule is used to combine the results of
both sensor classifiers. The classification is done frame by
frame classification. Whereas in [10], we proposed to used a
Bayesian framework to fuse sensor information at feature-
level. This solution is especially interesting because data
can be asynchronously treated [11]. Moreover, the temporal
coherence of observations is developed by the integration of
past knowledge. That helps smooth the computed probability
and then enhance the system reliability.

In this paper, we propose to introduce the correlation
among data in the formalism developed in [10]. Our aim
is to make our pedestrian detection system more robust
to spurious detections and avoid the probability grows fast
to one or zeros when all the measured data are highly
correlated. Our motivation comes the fact that if a sequence
of identical measures is used for the classification using our
formalism, the probability will converge to zero or one after a
certain time and remains constant, whereas one can expect to
have a constant value of the probability in case of assuming
that these measures are strong correlated. That means that
non-informative measures have to be detected and take into
account in our formalism to avoid changing the probability
value. The Bayesian formalism offers the possibility to
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integrate correlated data in the formalism as soon as the
conditional likelihoods between a current observation andthe
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 solutions utilizing
the autocorrelation function of the data are presented in [12].
In the particular cases of object classification from a moving
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,
we estimate the correlation (AR parameters) by using the
relative displacement of objects in the sensor space. Simula-
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 correlation
value. The proposed approach has been implemented in a
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 III briefly
describes the preprocessing steps. Section IV elaborates our
Bayesian approach for the multisensor fusion of correlated
observations for the purpose of object classification. In
section V, simulation and experimental results are presented
to demonstrate the effectiveness of the proposed approach.
Finally, the conclusions are presented in section VI.

II. 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: pedestrian-
like objects and ”wide” objects. In the rest of the paper, only
pedestrian-like objects are considered (classified) and wewill
refer to as segmented objects or simply objects. The two
feature used for the classification are speed and score (output
of an Adaboost classifier). The Bayesian classifier computes
the probability of an object to be pedestrian regarding the
observations of these two features.

III. O BJECT SEGMENTATION AND FEATURES

EXTRACTION

To speed up the system an attention area where all the
relevant objects are located is defined. Due to the location
of the sensors on our experimental platform (illustrated in
Fig. 2) an object can be detectable in the lidar space and
occluded into the image and vice versa. However, in our
method only the first case is detected because even if both
sensor images are used for the segmentation, it is the lidar
that generates all the clusters. The segmentation algorithm is
as follows

1) Lidar-based clusters located in the attention area are
projected into the image.

2) If the bounding boxes of two pedestrian-like objects
have an overlapping area greater than a set percentage

Fig. 1. Multi-module architecture using a lidar and vision information for
pedestrian detection and classification

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.

Fig. 2. The locations of the sensors in our experimental platform are
highlighted.

The effectiveness of the proposed segmentation process
was tested on many sequences. In most of the cases, it entails
an average reduction of 70% of the pedestrian-like objects
which are further classified. Fig.3 shows the results obtained
in a sequence without any pedestrian.

The features extracted from the sensors and used for the
classification are:

1) speed : estimated by the mean of the well-known
Kalman filter with a constant velocity model;

2) score : the output of an Adaboost algorithm using the
Haar-like features detailed in [6].

The feature extraction process is detailed in [10].

IV. BAYESIAN PEDESTRIAN CLASSIFICATION

For clarity, this section is divided into three parts. At first,
the Bayesian algorithm in the case of one sensor provided
correlated information over time is presented. Afterward,The
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Fig. 3. Comparison between a segmentation based on the lidar only
clustering and one using lidar clustering coupled to image treatment.

Bayesian algorithm for a multisensor system is presented.
For simplicity, the time does not appear in this part. Finally,
an example of the fusion of two sensors information with
correlation consideration is developed.

A. Bayesian algorithm with correlated observations from a
single sensor

From a Bayesian perspective, the classification problem
is to recursively calculate some degree of belief in the
object classHk at timek, being a pedestrian class, given the
observationsz1:k up to timek. Thus, it is required to construct
the posterior probability density function (pdf)p(Hk|z1:k). It
is assumed that the initial pdfp(H0|z0) ≡ p(H0) which is
also known as the prior, is available (z0 being the set of no
observations). Then, in principle, the pdfp(Hk|z1:k) may be
obtained recursively, in two stages: prediction and update.

Suppose that the required pdfp(Hk−1|z1:k−1) at timek−1
is available. The prediction stage involves using the system
model to obtain the prior pdf of the state at timek via the
Chapman-Kolmogorov equation

p(Hk|z1:k−1) = ∑
Hk−1

p(Hk|Hk−1)p(Hk−1|z1:k−1) (1)

Note that in (1), use has been made of the fact that
p(Hk|Hk−1,z1:k−1) = p(Hk|Hk−1) as the system model de-
scribes a Markov process of order one. In our system
Hk−1 can take only two valuesHk−1 and its complementary
Hk−1. The probabilistic model of the object class evolution
p(Hk|Hk−1) is defined as follows

p(Hk|Hk−1) = 1 (2a)

p(Hk|Hk−1) = 0 (2b)

Equation (2) means that the object class does not vary with
time k. The equation (1) becomes

p(Hk|z1:k−1) = p(Hk−1|z1:k−1) (3)

At time stepk, an observationzk becomes available, and
this may be used to update the prior (update stage) via Bayes’

rule

p(Hk|z1:k) =
p(z1:k|Hk)p(Hk)

p(z1:k)

=
p(zk,z1:k−1|Hk)p(Hk)

p(zk,z1:k−1)

=
p(z1:k−1|Hk)p(zk|z1:k−1,Hk)P(Hk)

p(z1:k−1)p(zk|z1:k−1)

=
p(Hk|z1:k−1)p(zk|z1:k−1,Hk)

p(zk|z1:k−1)
(4)

where p(zk|z1:k−1) is a normalizing factor. The equation (4)
depends on the likelihood functionp(zk|z1:k−1,Hk) which
is the conditional likelihood integrating correlation among
observations.

1) Autoregressive model:
The notationAR(p) refers to the AR model of orderp. If

the set of observationz1:k is considered as a time series. Its
AR(p) model is written [13]

zk = c+
p

∑
k=1

ϕizk−i + εk; (5)

where ϕ1, ...,ϕp are the parameters of the model,c is a
constant andεk is a white noise. The constant term is omitted
by many authors for simplicity.

Some constraints are necessary on the values of the
parameters of this model in order that the model remains
stationary. For example, processes in theAR(1) model with
‖ϕ1‖ ≥ 1 are not stationary.

We decide to limit our study to anAR(1)-process means
that we assumed that the observationzk describes a Markov
process of order one. ItsAR(1)-process is given by:

zk = c+ϕzk−1 + εk; (6)

where εk is a white noise process with zeros mean and
varianceσ2

ε . (Note: the subscript onϕ1 has been dropped).
The process is covariance-stationary if‖ϕ‖ < 1. If ‖ϕ‖ = 1
then zk exhibits a unit root and can be also considered as
a random walk, which is not covariance-stationary. The link
between the expectation ofzk, µ , and the constant (assuming
covariance stationarity) is

E(zk) = E(c)+ϕE(zk−1)+E(εk)

µ = c+ϕµ +0

µ =
c

1−ϕ
(7)

And the link between the series variance,σ2 and the noise
variance,σ2

ε is

Var(zk) = E(z2
k)−µ2

=
(c−ϕµ)2 +σ2

ε −µ2

1−ϕ2

σ2 =
σ2

ε
1−ϕ2 (8)



Calculation of the AR parameters
The AR parameters may be calculated using least square
regression or the Yule-Walker equations:

γm =
p

∑
k=1

ϕkγm−k +σ2
ε δm (9)

where m = 0, ..., p, yielding p + 1 equations.γm is the
autocorrelation function ofz, σε is the standard deviation
of the input noise process, andδm is the Kronecker delta
function. Other techniques to calculate these parameters are
presented in [12].

In our application, we do not have the autocorrelation
function. So, the AR parameterϕ is empirically calculated.
That is present in the experimental result section.

2) Conditional likelihood:
Once modeling the dependence between consecutive ob-

servations by an AR model, we can derive the sought
conditional likelihood using equation (6)

p(zk|zk−1,Hk) = p(c+ϕzk−1 + εk|zk−1,Hk) (10)

= p(c|zk−1,Hk)∗ p(ϕzk−1|zk−1,Hk)

∗p(εk|zk−1,Hk)

= δ (zk − c)∗δ (zk −ϕzk−1)∗N (zk;0,σ2
ε )

= N (zk;ϕzk−1 +(1−ϕ)µ ,(1−ϕ2)σ2)

wherec was replaced by its expression obtained in equation
(7); δ is the Dirac function andN (z; µ ,σ2) is a Gaussian
density with argumentz, meanµ and varianceσ2. µ andσ2

are different for the pedestrian and non-pedestrian classes.

B. Bayesian algorithm for a multisensor fusion

Let’s consider a set ofn features, the classification system
determines if an object belongs to pedestrian class,H.
From each observed featureZi, assuming that the likelihoods
p(Zi|H) are available, the Bayesian classifier fuses them with
any prior p(H), to arrive at a global consensus posterior
probability, p(H|Z), where Z = ∪i{Zi} ∀i. Bayes’ rule is
written as follows

p(H|Z) =
p(Z|H)p(H)

p(Z)
(11)

wherep(H|Z) is the posterior probability of the object being
a pedestrianH given the observationsZ. p(Z|H) is the
probability of the particular set of observationsZ knowing
that the object is of class typeH. This term is the likelihood
of H to be correct given the set of observationsZ. p(H)
is the prior probability of class typeH. p(Z) serves as
a normalizing function, ensuring the posterior probabilities
sum to one over the set{H,H}.

For a multisensor system, it is reasonable to assume that
the likelihoods from each informational sourcep(Zi|H), i =
1, . . . ,n, are independent since the only parameter they have
in common is the state.

p(Z|H) = p(Z1|H)p(Z2|H)...p(Zn|H) (12)

Thus, equation 11 can be rewritten:

p(H|Z) ∝ p(H)
n

∏
i=1

p(Zi|H) (13)

∑
H

p(H|Z) = 1 (14)

C. An example of the fusion of two sensors information with
correlated observations

From a Bayesian perspective, the classification problem
is to recursively calculate some degree of belief in the
object classHk at time k, being a pedestrian class, given
the observationsy1:k′ and z1:k up to time k (k′ < k). Thus,
it is required to construct the posterior probability den-
sity function p(Hk|y1:k′ ,z1:k). Suppose that the required pdf
p(Hk−1|y1:k′ ,z1:k−1) at timek−1 is available (k′ ≤ k−1). At
time stepk, an observationzk becomes available. It is used
to update the prior via Bayes’ rule

p(Hk|y1:k′ ,z1:k) =
p(y1:k′ ,z1:k|Hk)p(Hk)

p(y1:k′ ,z1:k)

=
p(y1:k′ |Hk)p(z1:k|y1:k′ ,Hk)p(Hk)

p(y1:k′)p(z1:k|y1:k′)

=
p(y1:k′ |Hk)p(z1:k|Hk)p(Hk)

p(y1:k′)p(z1:k)

=
p(Hk|y1:k′)p(z1:k|Hk)

p(z1:k)

=
p(Hk|y1:k′)p(zk,z1:k−1|Hk)

p(zk,z1:k−1)

=
p(Hk|y1:k′)p(z1:k−1|Hk)p(zk|z1:k−1,Hk)

p(z1:k−1)p(zk|z1:k−1)

=
p(Hk|y1:k′ ,z1:k−1)p(zk|z1:k−1,Hk)

p(zk|z1:k−1)
(15)

Equation (15) can be easily generalized to more than one sen-
sor. The main assumption is that observations from different
sensors are conditionally independent whereas observations
from the same sensor are correlated.

V. EXPERIMENTAL RESULTS

The objective of experiments conducted (in simulation and
on real data) is to show how our Bayesian approach improves
the classification performances of the pedestrian detection
system. In our previous developments, the likelihoods of
features used in the fusion were obtained from training
processes. Fig. 4 illustrates the pdfp( f eature|pedestrian)
and p( f eature|non − pedestrian) used for the speed and
score. Correlation is not taking into account yet.

One specificity of our application is that only the scores
are assumed to be potentially correlated. Indeed, we suppose
that the speed information is always informative as it is a
derivation of the position. However, in a static scene (every-
thing is stopped) we assume that the different values of score
do not give any new information. The correlation is derived
from the relative displacement of the object in the sensor
space (image). That means that low relative displacements



Fig. 4. Likelihood vs. feature considering each class (blueline for
pedestrian class and red dashed line for non-pedestrian).

gives high correlation value. The calculation of the amountof
correlation is performed in the sensor space because for the
same relative displacement (in world coordinates) the effect
is more perceptible if the object is closer to the vehicle than
if it is further. The correlation is recalculated at each iteration
because the relative displacement of objects is not constant
from one frame to another.

A. Simulation results

We generated a sequence of 70 correlated scores,random
values following the pedestrian distribution illustratedin Fig.
4. The correlation is set:ϕ = 0.5. Two different experiments
were conducted. The objective of both is to demonstrate that
the consideration of correlation in the Bayesian framework
improves remarkably the classification results. It is noticeable
in Fig.5 that the correlation consideration helps smooth the
probability means that the effect of spurious observations
is attenuated. On the contrary, when the correlation is not
considered spurious observations affect instantaneouslythe
probability. Sometimes in real experiments, some sudden

Fig. 5. Evolution of the probability when taking or not the correlation into
account.

errors (different from the observation noise) occur. For
instance, a bad estimation of the pedestrian position or speed
leads to a bad projection of the ROI in the image therefore
a wrong score is calculated. To simulate that we randomly
added wrong values (low scores) to the correlated data
previously generated. The effect of this kind of perturbation
is evaluated and the results are shown in Fig. 6. Our ob-
servation model with correlation, even slightly erroneousin

this case, performs better than the observation model without
correlation consideration. The latter model fails completely
when these errors are combined to noisy observations. .

Fig. 6. Evolution of the probability when taking or not the correlation into
account : the effect of the sporadic perturbations.

B. Experiments in urban areas

The experiments were conducted in Versailles (France).
The testing platform is a Renault Espace equipped with
a lidar, a camera and proprioceptive sensors. The lidar
employed is the 4-layers IBEO lidar, named Alasca XT;
running at 12.5Hz and measuring ranges up to 200m with
an angular resolution of 0.125◦. It is mounted on the
vehicle bumper at 0.45m above ground level, targeting the
pedestrian leg height. The video camera is an automotive
sensor, a VGA gray-level camera running at 30f ps. It is
fixed behind the windshield. Fig. 2 illustrates the sensors
configuration.

1) Probability computed using a real data sequence:
The objective of this experiment is to confirm the results

demonstrated in simulation. On the contrary, of the sim-
ulation the correlation has to be estimated. Fig. 7 shows
some snapshots of the scene for different positions of the
pedestrian. As previously mentioned, the correlation value
depends on the relative displacement between two consecu-
tive iterations. In Fig. 8 it is noticeable that the correlation
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 constant relative
displacement, the correlation is higher when the pedestrian
is close from the vehicle than when he is further. It can be
observed in Fig. 8 that ignoring correlation leads to a rapid
convergence of the probability. Any new observation, once
it follows the pedestrian likelihood model has no effect on
the computed probability. On the contrary, when considering
the correlation the probability raises gradually. Finally, the
speed affects greatly the probability. Because even the score
is coherent with the pedestrian distribution, one can observe
that at low speed the pedestrian is simply classified as a non-
pedestrian. Indeed, speed distributions in Fig. 4 suggest that
low speed objects are more likely to be of the non-pedestrian



class than the pedestrian class. Anyway, when the vehicle is
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.

Fig. 7. Snapshots of the scene: the detected pedestrian is crossing the road.
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Fig. 8. Features extracted, correlation estimation and probabilities.

2) Processing time analysis:
An important constraint to fulfill when providing algorith-

mic solutions for the automotive applications is the limited
computing resources available in the vehicle computer. As
much as the reliability, the processing time is of prime
importance. Our approach has been implemented in C++ and
runs on a PC, equipped with a Pentium 4, 3GHz with the
times indicated in table I. These times are the average of
the times measured for a given sequence in a semi-cluttered
area. Computation without the attention area consists in
detecting the pedestrians in the whole sensor images (during
these experiments, the lidar range was limited to 50m). Of
course, it takes more time than when an attention area is
defined. Moreover, the false positive rate is higher in that case
because there are more objects to classify and sometimes
there are further from the sensors. These computation times
vary with clutter, especially vision-based time. However,
even in a crowded scene is still low because the segmentation
algorithm discards most of the irrelevant objects. Moreover,
the features computation algorithms (Kalman filter and Ad-
aBoost algorithm) are very fast.

VI. CONCLUSION

In this paper, we present a multisensor pedestrian detection
system. The fusion algorithm is applied in a Bayesian

TABLE I

COMPARISON OF THE PROCESSING TIME WITH THE ATTENTION AREA

AND WITHOUT IT

With the attention area Without the attention
Lidar processing time 41.5ms 50.5ms

Camera processing time 0.25ms 1.35ms

framework. Our method consists in tracking objects position
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. Moreover, the
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 and good
detection rates.
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