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Velocity-based Driver Intent Inference
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AbstracfPredicting turn and stop maneuvers of potentially —underlying task of estimating the probability for each possible
errant drivers is a basic requirement for advanced driver jntent are addressed by this paper.
assistance systems for urban intersections. Previous work has
shown that an early estimate of the driverOs intent can be
inferred by evaluating the vehicle®s speed during the intersection A. Related Work
approach. In the presence of a preceding vehicle, however, the  priver intent inference for urban intersections has been
velocity proble might be dictated by car-following behavior rather . ;
than by the need to slow down before doing a left or right an important research tQpIC for Fhe past Couple of years.
turn. To infer the driverOs intent under such circumstances, a Approaches reported in literature include Bayesian networks
simple, real-time capable approach using a parametric model to [8], Monte Carlo Simulation [9], Hidden Markov Models

represent both car-following and turning behavior is proposed. (HMM) [10], [11], [12], Support Vector Machines [13] and
The performance of two alternative parameterizations based prototype based methods [14].

on observations at an individual intersection and a generic - _ Cx
curvature-based model is evaluated in combination with two  1N€ MOSt obvious feature for predicting a driverOs intent to

different Bayes net classibcation algorithms. In addition, the do a left or right turn would be the turn indicator. However,
driver model is shown to be capable of predicting the future according to a study of thAuto Club Europathe indicator is
trajectory of the vehicle. set for only 80% of all turn maneuvers [15]. Also, it might be
Index Term&Driver Intent Inference, Intelligent Driver  Set although the driver actually intends to go straight, which
Model, Path Curvature, Velocity Proble, Intersection Approach is often the case when there are multiple possibilities to turn
right that are close to each other. Finally, the indicator signal
might just not be available, which is the case when we try to
reason about surrounding vehicles that are observed only by
Urban intersections have long been known to be a hotsg®ADAR or LIDAR sensors.
for accidents resulting in major injuries [1]. While passive An alternative feature for estimating the driverOs intent has
safety systems can help to prevent such injuries for passendeen identiped to be the velocity proble of a driver ap-
inside a car, pedestrians and cyclists D so called vulnerateaching the intersection [16]. In the presence of a preceding
road users (VRU) D are left with limited protection. vehicle, however, the velocity proble might be dictated by
Active safety systems aim to prevent or mitigate the effecgar-following behavior rather than by the need to slow down
of accidents before they happen. A typical application wouleefore doing a left or right turn. For prototype based methods
be to warn the driver if he seems to have overlooked a relevdike [14], this is very difbcult to account for due to the
VRU. This poses two major challenges to the system: Firsarge number of possible situations. While HMM and Monte
the early detection of VRUs which cannot satisfactorily b€arlo based methods are capable of dealing with interaction
achieved by state-of-the-art onboard sensors, and secondpabveen vehicles in principle, doing so is computationally
determine whether there is a need to warn the driver of thather expensive.
particular VRU. In [17], the Gipps model [18] was used to represent car-
The research initiative Ko-FAS [2] addresses the issiiellowing behavior directly. The deceleration of a driver in
of detecting VRUs both by research on cooperative senggeparation of a turn maneuver was modeled deterministically
technology [3] and stationary high resolution camera systemy a set of fuzzy-logic rules based on the geometry of the
[4]. The general idea of Ko-PER [5], one of the projectpath lying ahead. The driverOs intent was estimated using
associated with Ko-FAS, is to share the local perception 8f computationally expensive particle Plter that limited the
each individual car or infrastructure unit using a novel dagPproach to non-realtime use.
fusion architecture [6] based on a manufacturer independent
Car2X communication solution. Also, several approaches B Problem addressed

lane level self localization are investigated [5], [7]. _ Similar to the approach taken in [17], this paper introduces a
To resolve the second issue of whether or not the drivi{athog to infer the driver®s intent based on an explicit model

should be' Warned', the trajectory on Wh"_:h he mtends f8r the vehicleOs velocity proble. Explicit models are more

cross the intersection needs to be determined. This and %sparent than machine learning methods and more robust
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Training Data: Uninfluenced right turn
maneuvers at 12 intersections.

Test Data: 245 intersection crossings with
and without a preceding vehicle.
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For each intersection crossing, find the Normalize the scores and marginalize in
applicable desired velocity model. Extract the order to calculate the probability P(1|O) for
prior distributions P(M) and P(a|M). each driver intent.

Fig. 2.  Brief summary of our approach to velocity-based driver intent
Fig. 1. Pedestrian crossing and intersection approach. The rightmost légrence. The investigations include two alternative approaches both for the
has been used for measurements and evaluation. modeling and the classibcation task.

to account for different driving styles. The general idea igre discussed. SectionV serves to evaluate the performance
to compare the trajectory of the past few seconds with tloé each parameterization and classipcation method and to
simulated driver behavior obtained from different parametdemonstrate the ability of our approach to predict the future
sets and driver intents to estimate the posterior probabiliygjectory of the vehicle. Finally, SectionVI concludes this
of each such hypothesis. The resulting probability distributiqraper.

can be used to make predictions both about the driverOs intent

and the future trajectory of the vehicle. Based on a Bayes net Il. DATA COLLECTION AND MAP USAGE

instead of a particle blter, our approach is real-time capable

and can be easily extended to include additional features sucf!€asurement data was collected from 4 different drivers at
as the turn indicator or the lateral lane center deviation. ~@n inner-City intersection. The data set contdi6s right tumns

The capability of our approach is evaluated for the rightmo@f‘dso straight intersection crossings, including situations with

lane of the intersection approach shown in Figure 1. In prighd without a preceding vehicle. Special care was taken to cap-

ciple, there are four possible driver intents to be recognizef!'® Poth defensive and sporty driving styles. Previous works
1) Go straight have shown that a single driver exhibits a much larger variance

. in his intersection approaches than can be found between
2) Stop ?‘ red light the average behavior of different drivers [16]. Therefore, the
3) Turn r!ght. . . number of different drivers used for data acquisition should not
4) Turn right, but stop at pedesrian crossing. be that important. The corresponding GPS traces are shown
In the paper at hand, evaluation is based on distinguishipgFigure 3.
between going straight and turning right only. This is in line | jndustrialized countries, road trafPc takes place in a
with a possible application of the system: To warn the drivefighly structured environment where, most of the time, cars
of a cyclist that is moving parallel to the street if and only ifnd even cyclists follow their designated lanes. In such an
the driver actually intends to do a right turn. environment, accidents occur mostly due to right-of-way viola-
ions, i.e. in situations where one of the conBicting trafbc par-

a more elaborate analysis of the comparison-based appro gpants should have vyaned for the other but d'd not. T'here-
e, the challenge of risk assessment and collision avoidance

and the introduction of a curvature-based parameterizati X e : - )
lies more in predicting discrete decisions like the planned

method that generalizes velocity-based driver intent inferente

to arbitrary intersections. Different driving styles are modele%ath through thg !ntersecnon, rlght-of-wa_y mteractlpns with
by the maximum acceleration parameterand the desired other trafbc participants and the longitudinal behavior of the

velocity modelM, both of which depend on the actual drivePriVer rather than the fully Bedged 2D-trajectory. Reducing
' . the options of each driver to a discrete set of one-dimensional

intent 7. A brief summary of our investigations is given in; — ; :
Figure 2. trajectories lowers the computgtlonal burden and a_llows_ to
spend more effort on the question of how the driver is going
The remainder of this paper is organized as follows: Ito interact with other trafbc participants.

Section ll, the general data collection and trajectory mappingA common way to map two-dimensional trajectories onto
framework is described. Sectionlll introduces the IDM cam®ne-dimensional lanes is to use lane markings obtained from
following model and demonstrates how it can be used to moda#bgjital maps or satellite pictures. Beside the disadvantage of
turning behavior. Two different parameterizations are obtainddving to deal with an additional map error, this approach does
from real world data, one by clustering actual intersectiamt work well at the inside of intersections that often lack lane
crossings and one by evaluating the path curvature. In Setarkings. Instead, we chose to use the GPS traces obtained
tionlV, two alternative approaches to the classibcation tablg a high-precision differential GPS/INS platform to generate

This paper extends preliminary work presented in [20] b
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Fig. 3. GPS traces of intersection crossings and map consisting of two

smooth circular arc splines. Auxiliary lines and arc centers are shown for the
right turn branch only. ] .
the case for the front of the vehicle for which the mean path

TABLE | was calculated. The rear of the vehicle is following a slightly

DISTANCE ALONG CIRCULAR ARC SPLINE different path throughout the right turn, which leads to high

[Spiine segment [ 0 | T] 7] 3] 1] 5| lateral deviations as shown in Figure5. In order to obtain a
[ Total distance ][] 0 | 33.52 | 42.00 | 45.92 | 51.98 | 57.36 | correct mapping of preceding vehicles for which only the rear

is observed, this fact has been accounted for by a model based
approach.

a map that represents the mean path of vehicles crossing the
intersection rather than the lane markings themselves. [1l. DRIVER BEHAVIOR MODEL

Internally, the map uses smooth circular arc splines tomicroscopic car-following models have long been used
represent the paths from one intersection entry to all possilge simulate individual driver behavior in the presence of
exits. For the right turn path, the traveled distance at the epgbceding vehicles. A continuous, accurate but simple model

of each individual circular arc is summarized in Tablel. Affor the acceleration is given by the Intelligent Driver Model
efbcient algorithm to generate smooth circular arc splines ipw):

given in [21]. )
Compared to the standard polyline representation, smooth b—a l1— (g)! B <d*(v,Av)> @
circular arc splines have a couple of advantages: U d ’
« Finding the correct mapping of an arbitrary point is . v Av
computationally very efbcient. d'(v, Av) =do +Tv + ab @)
« Compact representation: Only few parameters are needed
to model the individual arcs. TABLE Il
« The mapping of a smooth two-dimensional trajectory is PARAMETERS OF THEINTELLIGENT DRIVER MODEL
continuous in the distance coordinatethe orthogonal
deviationy and their derivatives. [ Parameter | Value |
« The path curvature is directly represented in the map. max. acceleration 0.5m/s®
acceleration exponemt 4
The velocity probles of the intersection crossings are shown desired velocityu 0..60 km/h
in Figure 4. Apparently, a signibcant difference between the comf. deceleratio 3m/s?
. . . . min. gap to leading vehicldp 2.0m
probles for turning right and going straight can be observed time gap to leading vehicl@ 0.85

starting from20 to 30 meters onwards. In contrast, the drivers
intent to stop at the pedestrian crossing before turning rightThe corresponding parameter values are given in Table l. In
seems to be predictable only fer> 35 m. Many trajectories the absence of a preceding vehicle, the calculated acceleration
include a stop at ~ 13 m, which corresponds to the positions is determined only by the maximum acceleration parameter
of the stop line at the trafpc light. a, the current actual velocity, the desired velocity, and

For the mean path, the lateral deviations of the individual Pxed acceleration exponentThe infduence of a preceding
trajectories sum up to zero by debnition. However, this is onlghicle is represented by the ratio between the effective desired
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(thick red).

number of parameter sets covering a wide range of possible
gapd* and the actual gag. For the case without a precedingdriver behaviors. In the following, two different approaches are
vehicle, we dePne the relative velocityv to be zero andl investigated: One that creates desired velocity models based
to be inPnite which leads td*/d = 0. Note that the model on observed driver behavior at this particular intersection, and
is collision free, i.e. the calculated deceleration will alwaygne more general approach that calculates these models based
be as high as necessary to prevent a collision. Afterwardsoif the curvature of the path lying ahead.
approaches the so-called comfortable decelerdtiasymptot-

ically. o _ _A. Clustering of desired velocity probles
In a typical instantiation of the model, the desired velocity 0 to obtain ch teristic dri dels is t
u is a bxed value depending on the legal speed limit and tlhe neé way 1o obtain charactenstic driver mode’s IS o use

individual driver. For right turn modeling, however, it need{"® k-mgsnS(t:Iusterlngd_algorltl’f]l.rr} tg %O;ﬁv notn-stodp Irlg:]t
to be set dynamically as drivers will slow down when thetgjms wit ou atprece me%vf ;(C)e 'ZK l (;rerjthmo elts. n
approach the intersection. For a given velocity proBles) ur experiments, we usetl = oU an = o With resufts as

that is uninBuenced by a preceding vehicle, Equation (1) Cglaown in Figure 7. The cost function for the cluster assignment
be rewritten to obtain the desired velocities step has been chosen as

48 m
P ( _ ) - Jy = /O (i (s) — 5 (5))? ds ()
\/_7 m .

() /a where ¢ (s) represents thg-th cluster center and; (s) the
assuming a maximum desired velocity= 60km/h. Note desired velocity proble of thé — th intersection crossing.
that the car following term in Equation (1) has been omittegfor s > 48m, each cluster has been assigned a different
To calculate the desired velocity proble, the maximum acceflue ¢j (s) = 4; so as to be consistent with the approach
eration parameted; for the individual intersection crossing of the following section. Note that although the parameter
needs to be known. Assuming(s) = u for s > 48m, a; is of the individual intersection crossing has been estimated for
brst estimated based on the acceleration after turning and thedifferent @, the error ing; is very small as the velocity
used to calculate the desired velocity proble f6t 48 m. during the acceleration period used for parameter estimation

An example velocity proPle and the corresponding desirésiconsiderably smaller than eaah.
velocity proble are shown in Figure6. The advantage of The probability for an arbitrary crossing belonging to one of
representing observations lyfs) rather thanv(s) is that the the three desired velocity models is obtained by counting the
former generalizes very well to arbitrary situations. This igajectories that have been assigned to each cluster center. In
demonstrated for a couple of velocity probles that includeaader to represent differend driving styles, we also distinguish
stop ats ~ 13 m, which are reproduced by an IDM simulationbetween three values of the maximum acceleration parameter
using the original desired velocity proble and a virtual zera: 1.5m/s?, 2.0m/s? and2.5m/s2. The corresponding prob-
velocity obstacle at the stop line at = 16m, which is ability distributions given a specibc desired velocity motiel
removed when reaches zero. As can be seen, the simulatedn again be obtained by counting. The results visualized in
trajectory matches the observed trajectories very well evére upper row of Figure8 show that on average, Model 1 is
though the desired velocity proble has been obtained fronassociated with higher values for the maximum acceleration
completely different trajectory. parameters than, judged by the driverOs deceleration during

Nevertheless, drivers can cross the intersection at differéhé intersection approach, the more sporty Model 2. It seems
speeds and with varying acceleration parameter§or the that on this particular intersection, drivers tend to accelerate
task of driver intent inference, it is necessary to obtain a smatronger after the turn if they approach the intersection more
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slowly. A higher number of desired velocity models might 5
improve modeling in this point, but it would also increase theg

. : . L _ 0.1F |
risk of overbtting and require more training data to obtain &
3 0.05F g
meaningful distribution for the parameter
While the driver probles above have been obtained from 0 ‘ ‘ ‘ ‘ 1
non-stop right turn maneuvers without a preceding vehicle, 0 20 %?stances[g? 80 100

they have been shown to generalize well to arbitrary situations. ‘

In particular, preceding vehicles are taken into account by th% 015 ]
brake term 0.1r |
. d*(’l)7A1}) ;ULN 0.05r /\_ |
UBrake =— —@ T 0 |
' i 0 20 40 60 80 100
of Equation (1), whereas stops can be modeled by placing a Distance s [m]

virtual, zero-velocity obstacle. For straight intersection cross- 20

ings, we assume the same driver probles as obtained for right
) : . £
turn maneuvers. The only difference is that there is no turn- = 1or U_ 1

related deceleration, so we hayes) = ;. -

B. Obtaining desired velocity models from path curvature % 20 B ance S[r‘f“]) 80 100
In the previous section, the desired velocity models have 20

been obtained from observed driver behavior at one particular

intersection. For a practical application, this would require a =

database of typical driver behavior at each individual intersec- 3

tion. Although it is possible to create such a database using

u(s) [m/s]
o z

low-precision GPS onboard units, a less costly approach would 0 20 ‘I‘Dﬂstance s [r‘;? 80 100
be to generate the desired velocity models from informati%n . . .
. . . ig. 9. Construction process for the desired velocity models based on path

that is already contained in the map. curvature, see text,

Based on circular arc splines, our map directly represents
the path curvature that, as it turns out, is well suited to TABLE 1l

. . . PARAMETERS THE CURVATURE BASED APPROACH

automatically generate desired velocity models. The process
is illustrated in Figure 9. First, the path curvatukg(s) is | [ ModelT | Model2 | Model 3 |
smoothed using a moving average Plter. Roads are normallyiateral acceleratiomy, || 2.00m/sZ | 2.75m/s? | 3.50 m/s2
designed with continuous curvatures, so the result is a more re—m?WmEI" Ve'g_C'WT’ 3811;11,/ h 34215m,/ h g021§n/ h
alistic curvature proble that, to some degree, may also include™nima! gradienty 108 208 208




cutting corner behavior of the driver. Based on different values The probability distribution for the actual driver intehtthe
for the maximum lateral acceleratiom,.;, the smoothed applicable hypothesi& and a not yet dePned observation
curvature probPlé:,(s) is then converted into velocities can be modeled by a simple Bayes net:

vj (s) = min , Ui 5 B B
J ( ) ( ]{,‘2(5) ] > ( )
with 7; being the maximum velocity for each probje In  The probability for a particular intery given the observation

a pnal step, the desired velocity gradielft is limited to O can thus be written as
different values ofg. so as to model stronger and weaker P(I|0) = ZP(IJ' \H;) P(H;|0) (6)
i

. Zj
deceleration before the turn.

The parameter values s ' U and g, are gien in where P(Ij |H;) is either0 or 1 depending onH;, i.e. each
Tablelll. In order to parameterize the process shown [0 nected longitudinal behavior is uniquely assigned to a single

Figure 9, velocity probles have been collected for a total gfiant The probabilities for the individual hypotheses are given
12 intersections as shown in Figure 10. For each individug

intersection crossing, the corresponding desired velocity modél

and acceleration parameter have been determined. Then, P(H;|0) = P(O|H) P(Hi) _ @
the parameter values far,;, © and g have been manually > P(OlH;) P(Hj)

optimized to capture a broad range of actual driver behaviofige prior probabilitiesP(H; ) can be obtained from
assuming that drivers who accept high lateral accelerations

will also show a more sporty intersection approach and higher P(H;) = P(I;) P(My) P(a|My) 8
maximum desired velocities. where; is the intent,My the desired velocity model and

The resulting probability distributions for the desired vethe maximum longitudinal acceleration parameter associated
locity model and the maximum longitudinal acceleration pawith hypothesisH;. The distributions fotP (M) and P(a|M)
rametera are given in the lower row of Figure 8. Based omre given in Figure8. The prior distribution of the inteht
all 12 intersections, the distributions far now also re3ect can be set heuristically or from statistical data. For our exper-
the general driving style of their associated desired velocifyients, we assume a uniform distributid(; ) = 0.25V ;.
model, ranging from rather defensive given Model 1 to sporty The remaining termP(O|H;) represents the likelihood of
given Model 3. our current observation given the longitudinal behavior of the

driver could be modeled by the parameter set associated with
IV. DRIVER INTENT INFERENCE hypothesist;.

In the last section, we introduced the Intelligent Drivep, Simulation-based approach
Model that allows us to model the longitudinal behavior
of a driver for a given path or maneuver. Now, we woulgh
like to estimate the probability for each available maneuv
based on how well the driverOs current velocity proble bts
longitudinal behavior that we would expect if the driver was i (t — Ts) = s(t —Ts) and o (t — Ts) = v(t — Ts)

to perform that particular maneuver. where § and ¢ denote the simulated values for distance and
For the intersection shown in Figurel, we debned foygacity. For a typical right turn maneuver, the simulation
possible driver intents as shown in Table IV. For each intenbg its at two different times are shown in Figure 11. There
we would expect a different set of desired velocity probPles, angd, o hypothesis curves fds, as the stop line of the trafbc
for each type of desired velocity proble a different probabilitp(ght has already been passed.
distribution for the maximum acceleration parameteStops  “Thg velocity probles of the remaining hypotheses terminate
are modeled using a virtual zero-velocity obstacle. at different velocitiesi; (£) and distances; (¢). These are the
expected values given that the current driver could be modeled

One possibility to estimat®(O|H;) at timet is to simulate
e driver behavior corresponding to hypothe&ls for the
ﬁbge interval [t — T, t] with starting values

TABLE IV : X
HYPOTHESES FORDRIVER INTENT INEERENCE by the parameter set of the corresponding hypothesis. One
possible way to debne the observatiOnis to use only the
[ Intention 7 _ [ ___H:Model xa[m/s”] | Obstacle]  pnal values of the simulation and compare them to the actual
hh:Go Staight Egg{ X Eggggg% o valuesu(t) and s(t). Assuming normal distributed noise for
Lo Tum right N5« 152025 b both s(¢) and v(t), the probability density functiorfas for
I,: Turn right but stop|| {1,2,3} x {1.5,2.0,2.5} 46 m hypothesisH; is given by
1 1 .
Each combination of driver intent and expected longitudinal fas (a(t), s(t)|Hi) = Sroeoy P (—2 62) with - (9)
behavior is represented by a separate hypothHsidaking Y
into account four different driver intents, three desired velocity R 5 - 5
models and three values far each, we have a total df6 e — \/(S(t) - S(t)) + <v(t) - U(t)) (10)
hypotheses. Os Ov
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Using Bayes Theorem for probability density functions, the For robustness against errant detections of preceding ve-
probability P(Hj|a(t)) is then determined by hicles and Ructuations in the longitudinal behavior of the
fas (a(t), s(t)|H;) P(H, driver, it is still necessary to take observations over the full
P (Hila(t), s(t)) = latt), s(0) Z, gg II){ (11) time interval [t — Tk, t]. The individual observations are not
> fas (a(t),s(t)|H)) P(H;) - . _ : ;
) ) e _independent giverf];, so a naive Bayesian approach would
which, basically, evaluates the likelihood of observatioRot model the underlying probability distribution correctly.

[v(t), s(t)] for H; relative to all other hypotheses. ~ Instead, we chose to average the individual scores from (12)
For empiricalos = 1.2m and oy = 1.2m/s, the posterior ;4 opiain

distribution of the driver intent is shown on the right in LN
Figure 11. Using appropriate values fey andoy is important N L NG
as they have a major inBuence on how easily a hypothesis will falall) = 5 J; Tat) alt)HH) (13)
be favored above others. _ . . .

One advantage of using explicit models to infer the driver§8ich is not a real probability density function anymore as
intent is that arbitrary environmental conditions such as the [ 1N o0
presence of a leading vehicle can be easily taken into account./ fa(alHi)da = ~ Z H / dax  (14)
Figure 12 shows the simulation results for a straight inter- =~ > J=1 ke{L.N\j} "7
section crossing which is inBuenced by a preceding vehi@gt can still be used to calculate
that is slowing down to do a right turn. For = 28m, fa (a|H;) P(H;)
all hypothesesH lead to similar results due to the car- P(Hi|a) = S fa (a|H) P(H;)
following situation. Only after the leading vehicle has turned, p A ! :
the curves corresponding to intentida for going straight because (14) is the same for each hypothégisCompared
show a signibcantly different behavior which is reRected #® the simulation-based approach, the comparison-based ap-
the calculated probabilitie®(; |0) as shown on the right in Proach has two major advantages:
Figure 12. This demonstrates that the approach is well suitec It is more robust in the presence of sporadic false positive
to express ignorance in situations for which the driverOs intent detections of a preceding vehicle directly in front of our

(15)

cannot be determined by the velocity proble alone. own, as each time step inBuences the bnal score only
_ by 1/N whereas for the simulation based approach, all
B. Comparison-based approach hypotheses will become unlikely as the expected driver

As an alternative to the simulation-based approach, the behavior will be a full stop.
current driver intent can also be estimated by comparinge It is much faster, because at each time step, only the

the actual acceleration(t) with that calculated by the IDM current acceleration needs to be evaluated while all other
equation for each individual hypothedig directly. Similar to scores can be reused.

Equation (9), the probability density functiofa , ) for a(j) One drawback, however, is that the comparison-based ap-

and Hypothesidd; is given by proach cannot average car-following behavior as good as

1 1 PSRN the simulation based approach. If a driver is keeping an

aj aijj . . . )
Ia(at)|Hi) = P exp lQ ( ) untypically large clearance to his preceding vehicle, the
OaV2m Oa comparison-based approach will deduct scores for the accel-

(12)  eration mismatch throughout the whole interval whereas for
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Fig. 12. Classibcation results for going straight in the presence of a leading vehicle. THebgapeen the two vehicles is represented by the black line.

. . . . . Cluster / Simulati Cluster / C i
the simulation-based approach, the simulated driver will close "% >mamon §sTer T ompanison
the gap to the preceding vehicle but then assume the same
velocity as the actual driver, so scores will be deducted for _
the mismatch of the distance variabl¢) at the end of the 85 805
_ _ go. go.
simulation only. T T
% 0.5 1 % 05 1
V. EXPERIMENTAL RESULTS 1 specificity 1 specificity
. . . . Curvature / Simulati Curvature / C i
Evaluations have been carried out for the intersection shown prvarttre T SimuraTon 1 urvarttire 7 omparison
in Figure 1. The counts for the different cases contained in the
dataset are given in Table V. _ _
Sos Sos
[an [an
A. TTC Estimation
. . o o 0 0
As mentioned before, a possible application of driver intent 0 05 1 0 05 1
1 - Specificity 1 - Specificity

inference at intersections is to warn the driver of cyclists , . o _
. . . . Fig. 14. Right turn prediction results for the dataset containing cases as in
moving parallel to the road if and only if he intends to d(%ablev. The best results are obtained for the case of no preceding vehicle,
a right turn. Assuming a reaction time of up 105s and a the worst for the case when the preceding vehicle is doing a right-turn itself.
turning velocity of aroundsm/s, TTC = 2s would be an
appropriate value for the time-to-collision threshold at which
the corresponding driver assistance system issues the warnggcClassibcation Performance
However, estimating the remainiriB7’C' is non-trivial since ) ) )
its conventional constant velocity debnition does not hold dueBased on the dataset shown in TableV, the classiPcation
to the turn-related deceleration. Much better results have bdfformance has been evaluated at a predidtéd’ of 2
obtained by simulating the driver behavior according to tﬁgecon_ds. Parameter sets _obtalned_ either by clustering driver
desired velocity probles of the hypothesds A comparison behavior at that particular intersection or by the more general
between the two approaches is shown in Figure 13. The desiRéh curvature approach have been evaluated in combination
velocity-basedI'TC' estimation overestimates the remainin{:jV'th ea_ch (_)f the two classibcation methods. The results are
TTC by a maximum of).5 s, which still allows for a reaction Shown in Figure 14.
time of 1s. The underestimates are mainly due to slow Apparently, the cluster-based method obtains somewhat
preceding vehicles. better results than the curvature-based method. This is not
surprising, as the curvature-based approach has been optimized
for all 12 intersections while the cluster-based approach is
only suited for the one that is evaluated. Both simulation and
comparison-based approach deliver equally good results.
| [ No PV [ PV turns right | PV goes straighi] As expected, the comparison-based approach is computa-
Turning right 119 21 25 tionally much more efpcient than the simulation-based ap-
Going straight|| 33 28 19 proach, as it has to compute only one score at each time

TABLE V
CASES INCLUDED IN THE TEST SET(PV: PRECEDING VEHICLE)
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Fig. 13. Comparison between the constant velocity (CVM) and the desired velocity Bd3€destimation.Real TTC refers to the time span between the
bPrstTTC < 2s estimate and the actual time at which the pedestrian crossing is reached. Values highier #narrepresented by 7C' = 5s.

step whereas the simulation-based approach needs to run ACKNOWLEDGEMENTS
a simulation for the whole time interval. In MatLab 2010,
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