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Abstract—The ArosDyn project aims to develop embedded The long-term solution for improving traffic safety may be
software for robust analysis of dynamic scenes in urban tréfic  gytomated cars. The promising accomplishments range from
env.lronments,.lln order to estimate and prgdlct coII|5|on. reks such early projects as PATH [12] to more recent ones as
during car driving. The on-board telemetric sensors (lidars) !
and visual sensors (stereo camera) are used to monitor the CityCars [13] and the DARPA Urban Challenge [14]. In the
environment around the car. The algorithms make use of Bayéan ~ short- to medium-term, traffic accidents can be reduced by
fusion of heterogenous sensor data. The key objective is toqeess  recognizing high-risk situations, which can be evaluatgd b
sensor data for robust detection and tracking of multiple maing  means of sensor data processing about the local environment

objects for estimating and predicting collision risks in real time, j o gpstacle detection and alerting the driver (passivetga
in order to help avoid potentially dangerous situations.

Index Terms—Mobile robot, sensor fusion, Bayesian filter, ~©F modifying the driving parameters (active safety) if alieol

stereo vision, lidar, collision risk, traffic environment sion becomes imminent.
We represent the environment by a grid [15] and use
. INTRODUCTION the BOF for sensor fusion, as explained in section Il. In

The urban traffic environment with multiple participants ©'d€r to identify objects, our Fast Clustering-Trackin@ T

contains risks of potential collision and damage. The caF‘ngr,'thm takes the BOF result as mput, and it outputs .the
safety technologies (e.g. seat belts, airbags, safetys,glasoos't'on_ ar_ld velocity of the detected o_bjects and the agterti
energy-absorbing frames) mitigate the effects of accilent Uncertainties [16]. The subsequent risk assessment peeduc
The advanced technologies will be capable of monitoring th&Stimates of the possible behaviours (continue straighn t
environment to estimate and predict collision risks durag ~ "9ht. turn left, or stop) in our probabilistic model of the
driving, in order to help reduce the likelihood of accidentsfuture [17]. This model contains HMMs and GPs for predicting

occuring. The risk management by traffic participants is aﬁhe likelihood of drivers’ actions and combines informatio
efficient way to improve traffic safety towargero-collision about the car position and velocity with the observations of

driving. The key problem is to correctly interpret the traffi Other cars.
scene by means of processing information from a variety
of sensors. In this context, robust analysis of traffic ssene
by means of data processing from on-board sensors is the The BOF serves for data fusion from stereo vision and
objective of our ArosDyn project. lidars. It operates with a two-dimensional grid representi
The relevant sensors include stereo vision, lidars, atigher the environment. Each cell of the grid contains a probabilit
measurement unit (IMU) combined with a global positioningof the cell occupancy and a probability of the cell velocity.
system (GPS), and odometry. The local environment is repreFhe probabilistic models of a lidar and a stereo camera are
sented by a grid. The fusion of sensor data is accomplishedeveleped, in order to use the BOF.
by means of the Bayesian Occupancy Filter (BOF) [1], [2], The lidar model is beam-based [15]. It includes four layers
that provides to assign probabilities @l occupancy andcell of beams and assumes each beam being independent. We
velocity for each cell in the grid. The collision risks are con- build a probabilistic model for each beam layer indepenigient
sidered as stochastic variables. Hidden Markov Model (HMM)Knowing the position of the lidar, we filter out those beams
and Gaussian process (GP) are used to estimate and predidtich produce impacts with the ground.
collision risks and the likely behaviours of multiple dyniam The stereo camera is assumed in a “rectified” geometrical
agents in road scenes. configuration, that allows us to compute a disparity mapgcvhi
Various approaches have been proposed to represent tieeequivalent to a partial three-dimensional represeoriadif
environment and interpret traffic scenes. They use sucloeens the scene, as shown in Fig. 1. The disparity map computation
as: a telemeter like radar [3], a laser scanner [4], cooperas based on the double correlation method [18], which presid
tive detection systems [5], or monocular vision for detegti two major advantages: a better matching over the road surfac
specific features like edges, symmetry [6], colour [7], orand an instant separation between “road” and “obstaclelgjx
movement [8]. Most monocular approaches are capable afithout using any arbitrary threshold. The computationhef t
recognizing vehicles and pedestrians. Stereo vision gesvi occupancy grid is directly performed in the disparity space
a three-dimensional scene representation and it is pkntigu  associated with the disparity map, thus, preserving thingic
suitable for generic obstacle detection [9], [10], [11]. precision of the stereo camera.

Il. BAYESIAN OCCUPANCY FILTER (BOF)
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The partially occluded areas of the scene are monitored by z
means of our visibility estimation approach. Consider apix Prediction
U in the u-disparity plane. The occupancy fis expressed P(O, A,)
by a combination of the visibility otJ and the occupancy < c
confidence ofU, as estimated from the disparity map. Let
P(Cy = 1) denote the confidence & being occupied, and
P(Mu = 1) be the probability ofU being visible. Then, the
occupancy probability ob) is Esaaioe

P(OU)= P(W=1)-P(Cy =1)- (1 Prp) Po: 4:[[z -2
+P(My=1)-(1-PCu=1)-Fn (1)
+(1-PM =1))-05, Figure 2: Bayesian filtering for estimation of the probadiili

where P=p and P-y are the false positive and false negativedistribution of the cell occupancy and the cell velocity
probabilities of the stereo camera. Then, the u-dispaitue

pancy grid is transformed into a metric grid for its use in the

BOF. This probabilistic model of the stereo camera is desdri  observations yielded by the sensqrg,P(Z' | OLAL) to
in detail in [19]. obtain the a posteriori state estima®O. A, | [Z}---ZY),
whereZ! denotes the observation of a sensat timet. This
allows us to compute by marginalizati®fOy, | [Z} --- ZY]) and
P(AL | [Z4---ZY)) used for prediction in the next iteration.

Our FCT algorithm provides to track the objects’ trajec-
tories [16]. It operates at an object representation level a
contains three modules: a clustering module, a data asocia
module, and a tracking and tracks management module.

The clustering module combines the probabilities of thé cel
occupancy/velocity estimated by the BOF with the predictio
for each object being tracked by the tracker, i.e. a region of
interest (ROI). We then try to extract a cluster in each ROI
and associate it with the corresponding object. There cbeld
a variety of cluster extracting algorithms, however, we ehav
found that a simple neighbourhood-based algorithm pravide
satisfactory results. The output of this module leads teehr
possible cases, as shown in Fig. 3: (i) no object is observed
in the ROI, (ii) unambiguous observation with one and only
one cluster extracted and implicitly associated with theegi
object, and (iii) ambiguous observation, where the exégct
} cluster is associated with multiple objects.

P(z‘

0. 47)

Predicted ROI foyarget idl Predicted ROI foyarget idl Predicted ROI foyarget idl

b ~

Figure 1: Left-side image from a stereo camera (a) and a clusler 42 Gluster id2
corresponding disparity map (b) }/

Cluster id1 Cluster id1

At each time step, the probabilities of cell occupancy and
cell velocity are estimated by means of Bayesian inference Predicted ROI for target id2| | Predicted RO! for target id2
with our models of the sensors. The inference leads to a
Bayesian flllterlng process, as shown in Fig. 2. Given a_seltiigure 3: The possible cases of clustering result: no object
of Qbservatlons, the BQF algor_|thm updates the prOb"’Ib'“tyobserved, unambiguos observation, and ambiguous obiservat
estimates for each cell in the grid [1], [2].

In this context, the prediction step propagates the cell
occupancy and antecedent (velocity) probability distidns The data association module aims to solve the problem of
of each cell and obtains the predictiBfO}, AL), whereP(O.)  ambiguous observation (multiple tracked objects, oveeap
is the occupancy probability an®(AL) is the antecedent ROIs) in the clustering module. Assumihgobjects associated
(velocity) probability of a cellc at timet. In the estima- with a single cluster with a numbed known exactly, the
tion step, P(O, Al) is updated by taking into account the cause of the ambiguity is twofold: (i) numerous objects are
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very close to each other and the observed cluster is theontain semantics. The probability distribution over batars

union of observations generated by different objects, and

is obtained by HMM.

(i) N different objects correspond to a single real object and Driving behaviour realization. The collision risk evalua-
the observations must be merged into one. We employ a reion requires the motion geometry. Driving behaviour eadi

clustering strategy to deal with the first situation and estelu

tion takes the form of GPs, i.e. a probabilistic represémmat

merging strategy for the second one. The re-clustering gams of a possible evolution of the car motion for a given behawiou
divide the cluster intd\ sub-clusters and associate them with The adaptation of GP according to the behaviour is based on

the N objects, respectively. Because the numNeis known,
a K-means based algorithm can be applied [20].

the geometrical transformation known as the Least Squares
Conformal Map (LSCM) [21].

The cluster merging is based on a probabilistic approach. Collision risk estimation. A complete probabilistic model

Whenever an ambiguous associatnbetween two tracks;
andT; is observed, a random varialflg is updated to indicate
the probability of T and T; being parts of a single object.
The probability value®(F; | Sj) and P(F; | =S;) are the
algorithm parameters which are constant with regartdaad
j. Similarly, the probabilityP'(S; |-F;) is updated when no

of the possible future motion of the car is given by the
probability distribution over behaviours from driving ketiour
recognition and driving behaviourealization. The collision
risk can be calculated from this model. Intuitively, theulés

of our risk estimation module can be summarized under a
notion of “collision risk for a few seconds ahead”. Howe\ts,

ambiguity betweeff; andTj is observed. Then, by thresholding precise mathematical definition depends on the meaning and

the probabilityP* (S;), the decision of merging the tracks

interpretation of estimated risks, as discussed in [17].

andT; can be made by calculating the Mahalanobis distance
between them. Now we arrive at a set of reports which argggnaviour recognition and modelling

associated with the objects being tracked without ambjguit

Then, the tracking and tracks management module uses a The aim of behaviour recognition is to assign a label and
general tracks management algorithm to create and delete tA probability measure to sequential data. In this contés, t

tracks, and use a Kalman filter to update their states.

IIl. COLLISION RISK ESTIMATION

sequential data are the observations received from th@sens
Examples of sensor values are: distance to lane borders,
signaling lights, or a proximity to an intersection. Howgeve

An overall architecture of our risk estimation module is the output we wish to obtain are the probability values over
sketched in Fig. 4. The problem that we are interested in is behaviours, i.e. the behaviours are hidden variables.

associated with the following sub-modules.

Additional Sensors
(light indicators, etc..)

l Road Geometry l

Target
Tracker

Behaviour Estimation N targets

Behaviour Realization

' (ar ey

N targets

N _—— - - -

1
Ego-Vehicle
Trajectory

Figure 4: Architecture of the risk estimation module

Driving behaviour recognition. The behaviour recognition
aims at estimating the probability distribution when exea
one of the feasible behaviours, e@(turn_left) represents
the probability of turning left by the car. The behaviourgegi
implicitly high-level representations of a road structusdnich

1This risk estimation method has been awarded a EuropeamtPate
INRIA - Probayes - Toyota Motor Europe.

The behaviour modelling contains two layers, where each
layer consists of one or more HMMs. The upper layer is
a single HMM, where its hidden states represent high-level
behaviours, such as overtaking, turning left, turning tigir
moving straight. For each hidden state or behaviour in the
upper layer HMM, there is a corresponding HMM in the lower
layer to represent the sequence of the finer state transitibn
a single behaviour, as depicted in Fig. 5.

..................................................................
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K " Lower Layer HMMs
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: . [ :
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o °
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...............................

Figure 5: Layered HMM, where each lower layer HMM’s
likelihood is computed and used as the upper layer HMM'’s
observation
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Let us define the following hidden state semantics in thebehaviour. Because the behavioural semantics are prauhgat
lower layer HMMs for each of the following behaviours of from the layered HMM down to the physical level, it is now
the higher layer HMM: possible to assign semantics to risk values.

« Move straight (1 hidden state): move forward. One should note that the definition of risk can take a variety

« Overtake (4 hidden states): lane change, accelerate (while Of forms, which is largely dependent on how the risk output is

overtaking a Car), lane Change to catch up the originagOing to be used. A risk scalar value mlght be sufficient for a

lane, resume a cruise speed. crash warning system, or an application might require thle ri
. Turn left or right (3 hidden states): Decelerate before a Vvalues against each car in the traffic scene. _
turn, execute a turn, resume a cruise speed. The risk calculation is performed by first sampling of the

In order to infer the behaviours in our context, we wishrajéctories from the GP. The fraction of samples in calfisi
to maintain a probability distribution over the behaviours9'Ve€S the risk of collision, which corresppnds to thg bebar/!
represented by the hidden states of the upper layer HMMr.epresen_ted. t,’y the GP. A general risk value is obtam_ed
Sensor-based observations of cars interact with the HMM iffY marginalizing over behaviours based on the probability

the lower layer and the information is then propagated to th&istribution over behaviours obtained from the layered HMM
upper layer It is possible to calculate risk of taking a certain path, dain

behaviour, or a general risk value of a certain car against

Driving behaviour realization another car. A systematic framework for evaluation of défe
A behaviour is an abstract representation of the car motiorfypes of risk can be found in [17].

For a given behaviour, a probability distribution over the IV. EXPERIMENTAL RESULTS
physical realization of the car motion is indispensable for
risk estimation. The GP provides to obtain this probability.l.h
distribution by assuming that usual driving is represerigd
the GP, i.e. lane following without drifting too far off to ¢h
lane sides. On a straight road, this would beaaonical GP
with the mean corresponding to the lane median.

Our experimental plaform is built on a Lexus LS600HL.
e car is equipped with a TYZX stereo camera situated
behind the windshield, two IBEO Lux lidars placed inside the
frontal bumper, and an Xsens IMU combined with GPS. The
stereo camera and the left lidar are shown in Fig. 7. The on-
To deal with the variations of lane curvature or suchbof’j‘rd DELI.‘ computer with an NVidia graphics processing
. ) . ; B . N unit (GPU) is used for collecting and processing of the senso
behaviours as “turning left” or “turning right”, we propose d . . .

! . ata and the risk assessment. The visual and telemetric data
an adaptation procedure, where the canonical GP serves asd sed concurrently for a preliminary qualitative evéra
basis and it is deformed according to the road geometry. The
deformation method is based on LSCM. Its advantage is a
compact and flexible representation of the lane geometny. Th
canonical GP can be calculated once and, then, be reused fo
different situations, thus resulting in a better compotadi
efficiency. An example is shown in Fig. 6 for a non-zero
curvature lane.

Lane Middle

, Figure 7: The TYZX stereo camera and IBEO Lux lidar
Lane Turning Left
The TYZX stereo camera has a baseline of @8, a
resolution of 512x320 pixels, and a focal length of 410 psxel
The IBEO Lux lidar provides four layers of upto 200 impacts at
a sampling period of 2éns. The lidar The maximum detection
range is about 8én, the angular range is 100and the angular
P mean, variance and samples _resolution is 0.5 We use two lidars to r_nonitc_>r the area
corresponding to turning left in front of the car. The observed region is 40 in length
and 40m in width, a maximum height is Zn, and the cell
size of the grid is 0.2x0.2n. The user interface is based on
Figure 6: Deformation of a canonical GP for a left-turningda  Qt library and it provides access to several parameterseof th
system, e.g. fitering, disparity computation, BOF. The Hugr
middleware [22] provides to record and synchronize the data
from different sensors as well as the replay capability. One
The layered HMM approach assigns a probability distribu-should note that the sensor data fusion with the BOF requires
tion over behaviours at each time instance, and a GP gives tlaalibration of the extrinsic parameters of the sensors @ th
probability distribution over its physical realizationrfeach common coordinate system.

Collision risk estimation
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c

Figure 8: Fusion of visual and telemetric data by means of B&€reo images are at the left side, and the correspondidg gr
representations are at the right side): (a) a pedestriakivgain the parking area, (b) a bus approaching on a low spead, r
(c) two cars on a highway
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Occupancy grid and data fusion difficult to reproduce in real world. The estimated risk \edu

We selected three typical road scenes (with a pedestrian, 3¢ recorded for a period of several seconds ahead of each
bus, and two cars) from our large dataset, as shown in Fig. &0llision. The experiments were jointly conducted with dty
The stereo images are displayed at the left-hand side (uppotor Europe (TME) to evaluate the reliability of generated
image is from the left camera). The laser impacts are plotteffaéctories by the GP and the estimated behaviours.
onto the images (coloured dots). The occupancy grid is es- Fig- 9 summarizes the recognition performance of the
timated by the BOF and is shown at the right-hand side irfayered HMM. The results are presented as a confusion matrix
Fig. 8, where the occupancy probability is represented by rewhere the columns C(_)rrespond to the tru_e class and the rows
colour (high probability) or green colour (low probabilifand correspond to '_[he _estlmated class. The_ diagonal valugseof th
the yellow-coloured cells correspond to the areas, whege thconfusion matrix give the correctly predicted class, white-
occupancy probability is unknown. diagonal values show the percentage of mislabelling foheac
The scene with a pedestrian walking in a parking area iglass. _The highest recognition rat_e is _for “moving_straight
shown in Fig. 8a. The corresponding occupancy grid provide§ehaviour (91-90/(‘)’) as well aos turning right” or turning tef
to correctly discriminate the pedestrian and the surrmgdi Pehaviours (82.5% and 81.1%, respectively). The ovemgiklo
cars from the unocuppied area. This example illustrates afiehaviour has a relatively low recognition rate of 61.6%.
advantage of stereo vision over lidars because of its chiyabi INtuitively, this lower rate can be explained by a composite
of perceiving partially occluded objects, such as the wbite structure of the overtaking behaviour because it consists o
at the right-hand side in Fig. 8a. Yet the accuracy of stere§Uch behaviours as: accelerating, lane changing, cataipng
vision decreases with the distance and becomes weak at lofge ©riginal lane, and resuming the cruise speed.
range, while the high accuracy of lidars remains constaat ov

the distance. The road scene with a bus approaching the ¢ Confusion Matrix (filter mode)

is shown in Fig. 8b. The bus is correctly detected by visua 100%
and telemetric sensors. The accuracy appears to be sufficie 90%| . . i
for distinguishing the road sign and the bus at a short digtan 80% = —

range. The highway example is shown in Fig. 8c. The both car
are correctly detected. It appears that almost all roadcasarf
in the front is estimated as unoccupied, including the area
occluded by the cars. The fusion of data from the two lidars
and the time filtering capability of the BOF allow us to attain
this performance. When analyzing the image sequences, ti
objects are tracked correctly, in general. The estimatibn o
velocities of cells in the BOF results in distinguishingweén

70%
60%
50%

40% -

Recognition rate

30%

20%

10%

=

0%

two adjacent objects moving at different speeds. Overtakng T furming et | tummg Tt
. . overtakin 61.6 Z 33 Z 2.0 Z
Processing time s 153% Wi PR

In comparison to high computational cost of the BOF, the
costs of the FCT algorithm can be neglepted 2], [16]. OurFigure 9: Performance summary of the behaviours detection
efforts_ to |mprove_the co_mputgtlonal eff|C|enf:y focus on thewith layered HMM
BOF implementation. This grid-based algorithm provides a
way to parallelize the computation on the GPU. In order to
compare the computational efficiency of the BOF on two The efficiency of our approach to risk estimation is il-
different GPUs, we implemented the BOF in C++ languagdustrated by Fig. 10, where one can see the estimated risk
without optimization on a GPU with 4 processors (NVidia values (means and variances) for a period of 3 seconds ahead
Quadro FX 1700) and on a GPU with 30 processors (NVidiaof each collision for ten different traffic scenarios. When
GeForce GTX 280). For example, the complete processinthe collision instant approaches, the probability of sobin
chain for a lidar (including the BOF and the FCT algorithm) isincreases rapidly while its variance diminishes.
capable of running at 28z on a GPU with 30 processors. The
implementation of our stereo image processing on the GPU
allows us to run both the matching stage and the occupancy Collision risk estimation and prediction will be mandatory
grid computation in real time at upto 30 fps. for future cars. A fraction of a second of the driver’s reawti
o ] o time can help save human lives. Our data processing approach
Validation of risk estimation sensor models and software modules allow us to monitor the
We tested our risk estimation approach on a driving simuurban traffic environment and perform data fusion from stere
lator in a virtual environment, where a human drives a virtuavision and lidars, as well as to detect and track stationdl an
car by using a usual steering wheel. The virtual environmendynamic objects in real traffic scenarios. The analysis and
allows us to deal with various collision situations, whiate a interpretation of traffic scenes rely on evaluation of diyi

V. CONCLUSION
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Figure 10: Aggregate mean and variance values of collision
risk for ten human-driven scenarios and a three-second prery)
diction horizon

[12]
behaviours as stochastic variables to estimate and predict
collision risks for a short period ahead. Our future worklwil
deal with the complete integration of the described apgresc

and their in-depth evaluation with the Lexus car. 14
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