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Abstract—Backing-out and heading-out maneuvers in perpen-
dicular or angle parking lots are one of the most dangerous

maneuvers, specially in cases where side parked cars block the

driver view of the potential traf ¢ ow. In this paper a new vision-
based Advanced Driver Assistance System (ADAS) is propose
to automatically warn the driver in such scenarios. A monocular
gray-scale camera was installed at the back-right side of a vehicle.
A Finite State Machine (FSM) de ned according to three CAN-
Bus variables and a manual signal provided by the user is used to
handle the activation/deactivation of the detection module. The
proposed oncoming traf c detection module computes spatio-
temporal images from a set of pre-de ned scan-lines which are
related to the position of the road. A novel spatio-temporal motio
descriptor is proposed (STHOL) accounting the number of lines,
their orientation and length of the spatio-temporal images. Some
parameters of the proposed descriptor are adapted for nighttine
conditions. A Bayesian framework is then used to trigger the
warning signal using multivariate normal density functions.
Experiments are conducted on image data captured from a
vehicle parked at different locations of an urban environment,
including both daytime and nighttime lighting conditions. We
demonstrate that the proposed approach provides robust redts
maintaining processing rates close to real-time.

Index Terms—Park Assist, Perpendicular and Angle Parkings,
Backing-out Maneuvers, Spatio-temporal Images, Motion Pat-
terns, ADAS, Daytime, Nighttime.

. INTRODUCTION

low speed of the vehicles involved in the accidents reduee th
severity of the damage. On the other hand, leaving parking
manoeuvres imply to enter in an active trafc lane where

qVehicles move at a relative speed much higher than the speed

of the vehicle that is leaving the parking lot. This situatian

be particularly dangerous when the pull out manoeuvre has to
be done blindly, since the driver does not have visibility of
the oncoming traf c. In other words, the safety component of
IPAS devised to assist the driver when leaving a parkingespac
is much more relevant since the possible collisions mayecaus
serious injuries and damages.

In this paper we present an extended version of our previous
work [2] that includes experiments in nighttime conditions
The new vision-based Advanced Driver Assistance System
(ADAS) was designed to deal with scenarios like the ones de-
picted in Figs. 1(a)-1(d). We consider backing-out or hegdi
out maneuvers in perpendicular or angle parking lots, ir€as
where side parked cars block the driver view of the potential
traf c ow. In such scenarios the common recommendation
can be simpli ed as to move slow looking at every direction,
but it is not possible to avoid initiating the maneuver imbli
conditions. We propose a vision-based solution using a @ame
located at the back-right side of the vehicle which captures
images with a better Field of View (FOV) than the driver's
FOV (see Fig. 1). Note that the same solution can be easily

In the last years, a considerable number of research woekgended for heading-out maneuvers by installing the camer
and industrial developments on Intelligent Parking Assisitt the front-left side of the vehiclé.
Systems (IPAS) have been proposed, including both asséstan We propose a probabilistic model of the spatio-temporal
and automatic parking approaches. Most of these systenes haotion patterns obtained from a set of virtual lines placed
been designed to assist the driver when parking in parallglllowing the road location. The spatio-temporal domain is
perpendicular or angle parking lots. However the develogmeanalyzed by accounting the number of lines and their length
of intelligent systems designed to assist the driver whefith respect to their orientations in a histogram of oriéintes
leaving the parking lots has been somewhat neglected in that we so-called Spatio-Temporal Histograms of Oriented

literature.

Lines (STHOL). The resulting feature vectors are modeled as

The nature of parking assistance systems for enterings@ming a normalized multivariate Gaussian distributiartfie

parking lot is different from that of parking assistancetsyss

types of scenarios (classe®yncoming traf ¢ and free road

for backing-out manoeuvres. On the one hand, the main goaB¥yes decision theory is then used by means of discriminant
IPAS that assist drivers when parking is to ease the maneufi@fictions based on the minimum error rate that assumes equal
avoiding small collisions, reducing car damage, and angidi prior probabilities. Finally, if the p.d.f. of thencoming traf

personal injuries. Although the number of injured peopleds

class is larger thafree traf ¢ class p.d.f, the system triggers

negligible at all (more than:600 people are injured yearly bya warning signal that alerts the driver of oncoming traf c.

vehicles that are backing up only in the United States [h, t
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The remainder of this paper is organized as follows: the stat
of the art is discussed in Section Il. In Section Il the gaher

1In countries with left-hand traf ¢ the cameras will be locdtat the back-
left/front-right sides of the vehicle.
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Fig. 1. Driver and camera Field of View (FOV) in countries witght-hand traf c.

and global structure of the system is described. Section 8f maneuver when leaving a perpendicular or angle parking
introduces the spatio-temporal detection model includhmgy (see Fig. 1) provide images similar to the ones used by rear
feature descriptor and the Bayesian decision scheme.o8ectiehicle detection systems [9]. Most of these systems foldow
V serves to evaluate the performance of the system in bdtiree-staged framework: Region-Of-Interest (ROI) getiema
daytime and nighttime conditions. Finally, in Section VI wémonocular or stereo [10])), classi cation and trackingll A

present the conclusions and future work. these stages are needed since the system has to deal with a
wide number of scenarios and driving conditions. Howevrer, i
Il. RELATED WORK the context of our application, the number of possible sgesa

A sizeable bodv of i . lated to IPAS. inel js much lower so we aim to devise a simpler system without
sizeable body of literature exists related to » ineludy o tree-staged scheme.

ing range sensor-based approaches [3], monocular-based sy
tems [4], [5], and motion stereo-based proposals [6]. Hawvev
all these systems propose target position-designatiohadst Ill. SYSTEM DESCRIPTION
to assist the driver when parking or to perform automatic The proposed architecture of the system is composed of
parking. The closest eld related with our proposal can b#iree main parts: camera, processor and CAN-Bus commu-
found in the area of Blind Spot Detection systems (BSDjications. A gray-scale 640480 resolution camera is used,
that monitor the road behind and next to the host vehiclejth a focal lenght of 15mm The location of the camera is
warning the driver when there are vehicles in the blind spdepicted in Fig. 2. This is obviously a preliminary struetur
of the side-view. These systems are mainly based on the gs®ee the camera should be integrated inside the vehicle
of cameras installed in the left and/or right door mirrorg [7bodywork. As can be observed in Figs. 3(a) and 3(b) the point
These systems can be utilized to assist the driver whemigavof view of the camera is much better than the driver's point
a parallel parking lot, but the position of the camera makes view.
not possible to use BSD systems in the scenarios depicted iMhe processor is a PC-based architecture that is connected
Fig. 1. In addition, BSD systems usually take advantage with both the camera and the CAN-Bus interface. From the
the opposite direction between the implicit optical ow andCAN-Bus we obtain the following variablesteering angle
the motion of the overtaking vehicles. This difference i3 n@ar speedandcurrent gear These variables are used to trigger
so evident in the scenarios used in this work. on/off the detection module according to the Finite State
Considering the recognition of vehicles in the context dflachine (FSM) described in Fig. 4. As can be observed the
ADAS, extensive literature is available for both forwarddansystem has to be rstly activated by the user. Then the system
rear vehicle detection [8]. The FOV of the camera and the typaits until the car has been put into reverse gear and the



oncoming traf ¢ or free traf c. Finally, a Bayesian decisio
scheme is used to trigger the warning signal to the user, that
can be a simple acoustic tone or a more sophisticated user
interface.

The proposed approach can be used in either daytime and
nighttime conditions. A speci ¢ module has been designed to
assess the lighting conditions of the images captured by the
camera. The different lighting conditions are roughly ded
in two modes of operation: daytime and nighttime. As in [11],
the average intensity of the image and the density of gréslien
are used to decide when nighttime processing begins and
daytime processing stops. The main differences betwedn bot
modes are related with the set of parameters used in the line
detection stage, and the likelihoods applied in the Bayesia
decision scheme. Thus, we maintain the same structure for
both daytime and nighttime scenarios, which constitutdear c
contribution since most of the vision-based vehicle détact
systems clearly differs in their architecture dependingtiam
lighting conditions [8], [11].

In the following, details of each one of the modules repre-
sented in Fig. 5 are given.

Fig. 2. Camera located at the back-right side of the vehicle.

(a) Driver's point of (b) Image captured by the camera

view A. Spatio-temporal images

Fig. 3. Driver and camera point of view. Vehicle detection proceeds with the computation of spatio-
temporal images which represents a single intensity soan-|

detection module is then triggered on. The system stops.cf?”eaed over several frames. This approach was presented

one of the following conditions are met: (1) vehicle s eel [12] to perform crow detection in video sequences using
9 ) P a set of horizontal scan-lines. In our case, the distriloutd

is greater than 5km/h or (2) steering angle is greater thgn . .
. ", scan-lines follows a pre-de ned representation of ther
10 degrees with respect to the zero reference position or . o
Ing the at world assumption, extrinsic parameters of the

reverse gear is deactivated. camera w.r.t. the road (obtained by means of an off-line came
No user activaton calibration process) and a pre-de ned grid which covers dial
m the road. The de nition of the number of scan-lines and their
distribution have been experimentally determined takimg i
INIT_STATE account the maximum and minimum range, the orientation of
e the camera as well as a trade-off between computation time
congiion >Use'a°"va"°” and the density of information. Some examples are depicted
C ReV&f?/iNgg)a'ON in Figs. 6(a)-6(d) for both daytime and nighttime condition
PR (Steering angle < 10° We can observe that only the half of the image is covéred
>Conditon 0<Spg2§£’)5km/h For each scan-line we create a spatio-temporal image that

Condition/ WARNING

contains that scan-line in the last 16 frames. The scan-line
DETECTION from the last image is placed at the upper part of the spatio-
temporal image and the rest of the scan-lines are shifteuketo t
bottom. The orientation of each scan-line in the spatiotaalp
image is de ned as follows: the farther/closer point of each
scan-line in the image plane is placed on the left/right sile
the spatiotemporal image. As can be observed in Figs. 6(e)-
IV SPATIO-TEMPORAL DETECTION MODEL 6(h) the motion patterns shovyed by the spa_tio temporal image
between the case of a vehicle approaching and no vehicle

An overview of the proposed spatio-temporal deteCtiOé‘pproaching are, at rst glance, very different in both dagt
model of the oncoming traf ¢ is depicted in Fig. 5. Spatioyq nighttime scenarios.

temporal images are computed using a pre-de ned grid of

scan-lines which are related with the location of the roa%. Feature selection

These images are then analyzed using a line detection stage, i i , ,
Given a set of spatio-temporal images, a new descriptor is

which provides the lines, their orientation and length.sThi . ! : :
information is used to compute the so-called Spatio-TemIpoPere introduced by accounting the number of lines and their

Histograms of Oriented Lines (STHOL), which are the feaure 21 ¢ountries with left-hand traf c the de nition of the scalines will be
used to represent the current state of the adjacent lam@imetric and located at the other side.

ICondition

Fig. 4. FSM for detection module.
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Fig. 5. Overview of the spatio-temporal detection module.
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Fig. 6. Two examples of the scan-lines and spatio temporal imadete that the size of the spatio-temporal images is diffedepending on the scan-line.
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length with respect to their orientations in a histogram dfcluding uncertainty on the estimation of the orientatimfn
orientations that we denote as Spatio-Temporal Histogiamseach streak.

Oriented Lines (STHOL). Instead of using the Hough trans- Each image, which integrates information from the last
form as in [12], which in our case provides noisy results, we6 frames, provides a speci d-dimensional feature vector
propose to use the approach suggested by [13]. The rst $teptlwat accounts for the number of lines, their lengths and thei
the line detection is the computation of the image derieativ orientation corresponding to the spatio-temporal imadesllo
using Sobel edge detector. Non-maximum suppression ghd pre-de ned scan-lines. We have called this featurearect
hysteresis thresholding are then applied as de ned by tBpatio-Temporal Histograms of Oriented Lines (STHOL). An
Canny's edge detector. Upper and lower thresholds are edlaptverview of the proposed architecture is depicted in Fig. 7.
depending on the lighting conditions (daytime/nighttimE)e
gradient direction of the pixels that have been accepted @as
edges is then quantized into a setkofanges (in our case,
k= 16) where all the edge pixels having an orientation within Given a particular imagé that contains temporal infor-
the speci ¢ range fall into the corresponding bin and will b&ation of the last 16 frames, our aim is to estimate its
properly labeled. The edge pixels having the same label &esterior probability,P(wpjl) with respect to theoncoming
then grouped together using connected components algoritfiraf ¢ classwp. To that extend, we represent the imdgan
The line segment candidates are obtained by tting a li@rms of STHOL featureg, and follow a Bayesian approach
parameterized by an angieand a distance from the origm considering thdree traf ¢ class:
using the following expression:

Bayesian decision scheme

. . j 1jWo) P(W
P(wel) = Plugij 1) = P 00
r = xcosq + ysing @) dizo PU 1jw) P(w)
) . ) ., Although, it may be intuitive to consider thigee trafc
Each obtained connected component is a list of edge piX@lSss to e more probable than toacoming traf ¢ class,

(u;;vi) with similar gradient orientation, which is considere riors for bothoncoming traf ¢ wp and free traf ¢ ws class,

as the line support regions. The line parameters are tr\g@vo) and P(w;) are considered uniform and equal. This
determined from the eigenvalués and/; and eigenvectors ;

. ; 5 > s an obvious simpli cation that could be overcome by, for
v, and+; of the matrixD associated with the line supporty, o yhie " modeling the priors using traf ¢ data depending on
region which is given by:

the time and the global positioning where the vehicle is edrk

o 2 o We consider this interesting analysis out of the scope & thi

D= a0 X ai(i(i @(yiz y (2) paper. Accordingly, since we manage equal priors, and the
&k N0 Y aiti ) evidenceé’\il=O p(j 1jw)P(w) is also common to both classes,

where X = %éixi andy= %éiyi are the mid-points of the Our proplem can b_e simp!i ed by estimating and e_\_/aluating
line segment. The second eigenvalue of an ideal line sholfitp likelinoodsp(j ;jwi) which represent the probability of a
be zero. The quality of the lines t is modeled by the ratigparticular observat'lon (feature descriptor) given thédrstate
of the two eigenvalues of matriB, i.e., % Thus a second Of the lane gncoming traf cor free traf c). o
thresholding procedure is applied in order to reduce theenoi The following multivariate normal density function is used
of the measurements. The accepted lines will then correspdf Model the likelihoodsp(j 1jw)  N(m; Si):
to clear edges. If the eigenvectsy is associated with the

(4)

largest eigenvalue, the line parametérsq) are determined o 1 1 te 1

using: PG 1jwm) = WEXD E(X m)'s, “(x m) (5)
g = atar? (v1(2);v1(1)) wherex is the d-component feature descriptor (STHOLj
r = Xcosq + ysing ®) s the d-component mean vector for clasg and S; is the

_ ) ) ) d-by-d covariance matrix corresponding to clags The next
This procedure is applied on each one of the spatio-tempogarameters are then estimated using the training data:lsamp
images, providing a set of lines with their orientation angheansmy and m and sample covariance matric8s and S;.

length. Motion patterns corresponding to oncoming trafc e nally use the minimum-error-rate classi cation using
yield a considerable number of lines with a speci ¢ orieitat the discriminant function:

that clearly differs from cases without oncoming vehicles f
both daytime a_nd nighttime scenarios (s_ee Figs. 6(@)-.6(h))_ Gi(¥) = Inp(j (jw)+ InP(w) (6)
The number of lines detected on each spatio-temporal insage i

then combined in an orientation histogram wittbins evenly By merging Eq. 5 and Eg. 6 we have:

spaced over 6180 (unsigned gradient, i.e., the sign of the

line is ignored). To take into account the strength of each 1 d 1

line, votes are directly related with the length of the lime i Gi(X)= (X m)'s, Y(x  m) 5In2p  SInjSij + InP(w)

the so-called Histograms of Orientation of Lines (HOL). A @)
similar approach was presented in [14] for rain/snow daiact  Taking into account that we consider equal priors, and equal
in the so-called Histograms of Orientations of Streaks (jJOSeature vector dimension for each class, the tefdy2)In2p



andInP(w;) can be dropped from Eq. 7, giving the followingdepicted in Figs. 9(a) and 9(b). As can be observed, the mean

discriminant function: values of the multivariate Gaussian modeling correspanttin
1 1 the STHOL features are very different for both oncoming and
gi(x) = E(X m)'sS, (x m) é|njsij (8) free traf c classes. The orientations of most of the linesswh

a vehicle is approaching lie between 120180 . The STHOL
Instead of using two discriminant functiogs andgs, and  features in nighttime conditions follow the same distribnt
assigningj | to wo if go > g1 we dene a single discrimi- a5 in daytime conditions, but with lower histogram values
nant functiong(x) = go(X)  g1(x) and we nally trigger the (specially for the case of free traf ¢ conditions).
warning signal ifg(x) > grh. The performance of the proposed classi er ensembles in
terms of ROC curves are depicted in Fig. 10. These curves
V. EXPERIMENTS are obtained by varying the threshold valggy of the
The proposed oncoming vehicle detection approach to assigicriminant function. The results correspond to singéerfe
the driver when leaving a perpendicular or angle parking wagassi cation. Three curves are showed depending on the
tested in experiments with data recorded from a real vehialaining and test data sets used in the experiments. As can
in real urban traf ¢ conditions. Five different locationsve be observed, for detection rates below 75% the nighttime
been used, including different levels of visibility due twet test data set reports higher detection rates with lowee fals
size of the side parked vehicles, different camera oriemtat positive rates. This is mainly due to the fact that the STHOL
and different lighting conditions. Datasets were acquied descriptor for the case of free traf ¢ conditions in nighit
both daytime and nighttime conditions. Some examples of theoduce a soft response with low histogram values, as debict
different locations and lighting conditions contained iaro in Fig.9(b). Accordingly, the number of false positives ajiv
dataset are depicted in Fig. 8. by the classi er remains very low in comparison with daytime
samples. It is remarkable the performance level obtainezhwh
classifying the nighttime test data set with the classirairied
with the daytime training data set. This result proves the
good behavior of the STHOL features for both daytime and
nighttime scenarios, as well as the generalization capadit
the proposed detection method.

Fig. 8. Sample images of the datasets. Upper row: daytime examyeer
row: nighttime examples.

The experimental data is rstly divided in two datasets: day
time and nighttime datasets. Each dataset is then subdivide
in other two datasets: one of them is utilized at a time to
learn the probabilistic spatio-temporal model (trainirgetet).
Performance is then evaluated in the remaining datasdt (tes
dataset). To evaluate the quality of the proposed method, we
have labeled all the images in two categories: oncomingctraf
and free traf c. Note that vehicles that are out of the ranfie o
the vision system (50m with our con guration) were labeled
as free traf c until they enter in the range of the camera.
Table | depicts the number of images of both daytime and
nighttime datasets, including the number of images witle fre
traf ¢ conditions, the number of images with oncoming traf _ _ o _
as well as the number of vehicle trajectories (one vehi )',eiig'n CIaRS;C:'r‘frﬁfiﬁé&%ﬁ&”j‘gﬁﬁ]s:cancéjrx%in?:n:"fg;;rmamz
usually appears a number of frames which is directly relat@guits of the classi er trained with the daytime trainingalaet and tested
with its speed). In addition, stationary cars or vehiclesiimg Wwith the nighttime test data set.
in opposite direction both appearing inside the range anes,
considered as free traf c. The proposed method should ke abl After de ning the operation point from ROC curves (the
to distinguish these speci c cases. threshold value of the discriminant function) for both deng

In our case the number of bins used in the STHOL featuraad nighttime stages, single-frame results are nallygnated
has been experimentally xed to 36. The mean values of tle time, using a median Iter that considers the last ve
multivariate normal density function as well as their stad results. Thus, the system is able to deal with spurious grror
deviations (computed as the squared root of the diagomabviding a steadier warning signal. Multi-frame resulte a
elements of the covariance matrices) for both oncomingctrafdepicted in Table II. Detection rate of the daytime detetctio
and free traf ¢ classes in daytime and nighttime conditians scheme is increased by 17% for a false detection rate0830



TABLE |
STATISTICS OF THE CONSIDERED DATA SETS

| DAYTIME | NIGHTTIME
Training  Test | Training  Test
# of images 16124 6902 9914 4830
# of free traf c images 12862 4838 6597 3166
# of oncoming traf c images 3262 2064 3317 1664
# of vehicle trajectories 34 15 30 14
DAYTIME NIGHTTIME
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Fig. 9. Mean value of the multivariate Gaussian and standawihtions (square root of the diagonal elements of the cawee matrix) corresponding to
both oncoming traf ¢ (blue) and free traf c (red) for (a) dayte and (b) nighttime scenarios.

from single-frame to multi-frame, proving that a considdea distances. In Fig. 12(b), rst and third examples corregpon
number of errors are spurious. However that is not the casecorrect oncoming traf ¢ scenarios. Second example can be
of nighttime results, in which detection rate is only impedv considered here as the unique oncoming traf ¢ situationt tha

by 1:3% for a false positive rate of.081. was not detected by our system. In this speci c sequence a
TABLE I very small camera shutter was de ned. As'c'a'n. be obse'rved
MULTI-FRAME DETECTION RESULTS this con guration lead to extremely poor visibility that di
not generate contrast in the spatio-temporal images, $tohtha
| DAYTIME ~ NIGHTTIME STHOL descriptor obtained here was close to zero. Headlight
Detection Rate 0:9596 07656 are visible and generate contrast, but in this case the igbsl|
False Positive Rate|  0:0830 00811 did not pass through the grid of scan-lines. Obviously, this
Accuraccy 0:9350 08615 not a good shutter con guration for our approach.

In order to provide a global evaluation of the detection

In order to better show the real performance of the propospdrformance of the system, we consider a good detection
system, Figs. 11(a)-11(b) and 12(a)-12(b) depict the t®sulvhen the system warns the driver during a suf cient period
(single-frame and multi-frame) compared with the groundf time (at least 2 seconds, i.e., around 40 consecutiveefsam
truth for daytime and nighttime respectively. Test seqaenc®) when a vehicle is approaching. Accordingly, detectior rat
have been joined in one sequence, although we have s@itl00%415=15) and 93%13=14) for daytime and nighttime
each sequence in two for visualization purposes. In additicconditions respectively. The false negative provided by th
some examples of each sequence are overlapped for besigtem (see Fig. 12(b)) was due to extreme underexposure
understanding. Thus, in Fig. 11(a) rst example corresgondonditions.
to a good detection. Second and third examples correspond to
false positives due to near vehicles that nally did not dall
the oncoming direction. Both examples of Fig. 11(b) match VI. CONCLUSION
with correct (_)ncoming trafcdete(_:tion. Considering nititrte This paper presented a novel solution to a new type of
results, in Fig. 12(a) rst and third examples correspond {8DAS to automatically warn the driver when backing-out in
false positives related with far vehicles that nally didasige perpendicular or angle parking lots, specially in casesrevhe
their direction. The problem here is that their headlampgye parked cars block the driver view of the potential tcaf

produced overexposure as well as strong re ections of te ro o\ Up to now this is the rst approach presented to deal
surface. On the contrary, this effect produces anticipalio \yith this speci ¢ problem.

the warning signal in other cases, like the second example of
Fig. 12(a). In Oth?r words, headlight r_e. ections on the road 3Processing time is around 20Hz using a C/C++ implementationstate-
means false positives but also true positives detectedtatefa of-the-art 2.66 GHz Intel PC.
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(b)

Fig. 11. Examples of daytime global performance on the test skital abel “+1” is assigned to oncoming traf ¢ state and labél to free traf c state.
Both single-frame and multi-frame system outputs are compaitidtiae ground truth.



@

(b)

Fig. 12. Examples of nighttime global performance on the tett dat. Label “+1” is assigned to oncoming traf ¢ state andeldbl” to free traf ¢ state.
Both single-frame and multi-frame system outputs are compaitidtiae ground truth.



The detection of oncoming traf c is handled by a FSM[7]
that includes the user activation as the starting point. A
novel spatio-temporal motion descriptor is presented t{&pa
Temporal Histograms of Oriented Lines -STHOL-) to ro-[8]
bustly represent oncoming traf c or free traf ¢ states. 8pa
temporal images are obtained from a pre-de ned grid of scany
lines related with the road position. From each image limes a
detected, including their orientation and length. A histog
of oriented lines is obtained from each spatio-temporabiena [10]
and the nal STHOL descriptor combine all the histograms.
A Bayesian framework is nally used to trigger the warning
signal.
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The presented approach has been tested with data recordeds. Alvarez, “Real-time vision-based blind spot warning systé&mxperi-

in real traf ¢ conditions in both daytime and nighttime. One
of the main contributions is the use of the same architeg,
ture, independently of the lighting conditions. Althougimee
parameters of the system have to be adapted for nighttifhd
scenarios, the classi er ensemble remains exactly as ibris f[14]
daytime conditions.

Future work will be mainly addressed towards establishing
a performance comparison between the proposed automatic
warning system and human drivers. A considerable improve-
ment in the reaction time is expected. New experiments
will be carried out comparing our generative approach with
other discriminative approaches such as SVM-based or NN-
based. Considering the STHOL feature vector, the use of
the uncertainty on the estimation of line orientation aslwel
as ltering approaches to compute a temporally smoothed
model will be studied [14]. In addition, for cases in which
global vehicle localization is available, a more sophdatd
approach is being planned to model the priors using massive
traf c data globally and temporally referenced, since it is
obvious that the prior probability of meeting oncoming traf
depends on variables such as the time of the day, the type of
road, etc. Finally, more experimental work should be cdrrie
out including a more representative data set, optimization
procedures and different con gurations of the STHOL featur
descriptor.
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