A Comparison of Lateral Intention Modelsfor | nteraction-aware Motion
Prediction at Highways

Vinicius Trentir®?2, Antonio Artufied@®, Jorge Godo(¢ and Jorge Villagr&®
Centre for Automation and Robotics, Spanish National Reke@ouncil, Madrid, Spain

Keywords: Interaction-aware, Motion Prediction, Lane Change.

Abstract: To safely navigate in complex scenarios is crucial to know phedictions of the vehicles involved in the
scene. The future behavior of the traffic participants isedelent on their intentions, the road layout and the
interaction between them. In this work, a framework is pnése to compute the motion predictions of the
surrounding vehicles considering all possible routesiobthfrom a given map. At each time step, with a
Dynamic Bayesian Network, the probability of being on a #igemute and the intention to change lanes are
computed. Our framework, based on Markov chains, is gemagdiccan handle various road layouts and any
number of vehicles. We apply the framework in a two-lane Waj and evaluate the influence of different
lane-changing methods on the predictions of the vehiclesgnt at the scene.

1 INTRODUCTION ina Lee et al., 2019) and with other works found in
the literature, more accurate results are produced here,

Autonomous vehicles promise to bring many benefits since this new approach can accommodate restrictions
to society, such as low accident rates, safety, fuel sav-caused by the interaction between vehicles. Since we
ing, better life quality, reduce stress, among others. In focus on the lateral interaction, three models for the
order to assure the safety aspect, the algorithms im-lateral intention are compared. For the motion pre-
plemented need to deal with a large number of pos- diction, the approach used is compared with two base-
sible scenarios, with a varying degree of complexity, lines: a set-based motion prediction and a probabilis-
and be able to predict the movement of the other ve- tic prediction considering constant velocity.

hicles present in the scene considering their mutual ~ This paper is divided as follows: Section 2
interactions. presents a short review of some works similar to the

The behavior of traffic participants is full of uncer- ONne presented in this article. Section 3 described the
tainties in the real world. In order to improve the driv- Proposed approach with the lateral models evaluated
ing quality, autonomous vehicles should evaluate the P€ing presented in Section 4. Section 5 shows some
threats, should take seriously the ones with high prob- €xperimental results and Section 6 concludes.
ability to happen and should not overreact to the ones
with low probability. Probabilistic intention and mo-
tion predictions are unavoidable to accomplish safe 2 REL ATED WORK
and high-quality decision-making and motion plan-
ning for autonomous vehicles (Zhan et al., 2018).

In this paper, we propose an approach to com-
pute the motion prediction of the surrounding vehi-
cles in all their possible routes in a short-term hori-
zon. In comparison with a previous work for mo- .
tion prediction of the same authors sketched in (Med- 2-1 ~ Interaction Awareness

Since our work is composed of two main building
blocks, some of the related work to each part and on
the combination of both are presented below.

a(l” https://orcid.org/0000-0001-5732-3263 Considering that the intention of the other drivers can-
b® https://orcid.org/0000-0003-2161-9876 not be measured directly, it is necessary to estimate it.
¢ https://orcid.org/0000-0002-3132-5348 Klingelschmitt et al. (2016), present a framework
d® https://orcid.org/0000-0002-3963-7952 for assessing traffic scenes with interaction between
180

Trentin, V., Artuiiedo, A., Godoy, J. and Villagra, J.

A Comparison of Lateral Intention Models for Interaction-aware Motion Prediction at Highways.

DOI: 10.5220/0010460701800191

In Proceedings of the 7th International Conference on Vehicle Technology and Intelligent Transport Systems (VEHITS 2021), pages 180-191
ISBN: 978-989-758-513-5

Copyright (© 2021 by SCITEPRESS — Science and Technology Publications, Lda. All rights reserved



A Comparison of Lateral Intention Models for Interaction-aware Motion Prediction at Highways

traffic participants. They transform the possible be- approximationis computed with the use of acceptance
havior patterns of the vehicles involved into hypothe- distributions where it evaluates all considered lateral
ses and compute the joint probability of each hy- accelerations for one specific driver influence, such
pothesis by reconstructing the individual probability a static or dynamic obstacle. They compare their ap-
of each behavior. As a result, they obtain the fully proach with the occupancy predictions computed with
interaction-aware joint probability distribution over SPOT and the comparison showed that the occupancy
all the hypotheses. Their approach grows exponen-area size could be reduced up to 70% for a prediction
tially as the situation complexity and the number of horizon up to 1.3 s without errors.
vehicles involved increase. Although these methods can predict the motion of
Lefevre et al. (2013) implement a Dynamic the surrounding vehicles, they can have low accuracy
Bayesian Network to reason about the situations andin complex situations involving many vehicles, such
the risks at intersections on a semantic level. The as an intersection, due to their interdependent inten-
risk is assessed based on the comparison of the in-tions and resulting actions.
tentions with what is expected from the drivers at a
given scenario. They model the expected vehicle’s 2.3 Motion Prediction with Interaction
motlons basepl on the road'network. (stop signs, give Awareness
away lines), distance to the intersections and previous
pose and velocity. The intention to stop is computed
based on the previous intention and current expecta-
tion. With the intention and the maneuver, the fu-
ture pose and velocity can be estimated. An evolution
of this approach considering also lateral expectations
has been recently presented (Villagra et al., 2020).
Although these methods take into account the
interdependence between vehicles to find the most
probable route combination or if the situation offers
risk, they do not include the motion prediction of the
traffic participants, as all areas they can reach, which
is crucial when planning the ego vehicle trajectory.

As already mentioned, in order to have a better esti-
mation of the future positions of the vehicles involved
in the scene, the motion prediction and the interaction
awareness should be jointly considered.

Schulz et al. (2018) use a Dynamic Bayesian Net-
work with a particle filter to evaluate the interaction
between vehicles and estimate their route and maneu-
ver intentions. From these intentions, an action, rep-
resented by an acceleration and yaw rate values, is
obtained and the motion prediction is computed. This
method considers only the most probable action for
the whole time horizon of the prediction, which, in
complex scenarios, may negatively influence the mo-
2.2 Motion Prediction tion planning search space.

In Koschi and Althoff (2017a), the authors ex-
Althoff and Magdici (2016) propose the use of set- pand their vv_ork ffO'T‘ Althoff and MagdiCi. (201.6) to
based predictions with reachability analysis to find all Include the interaction between drivers in their set-
possible reachable sets based on a given map and th@as€d predictions. They do it by comparing vehicles
positions and velocities of the traffic participants. Al-  9rVing on the same lane and removing the unreach-

though this approach ensures a safe planning for theab_le areas of the following yehigles. As a rgsult, the
ego vehicle, given that all vehicles follow the traffic drivable area of the ego vehicle increases, since some

rules, it is too conservative and given a complex sce- Préviews occupied areas are removed. This approach,
nario with many vehicles, the ego vehicle might have _however, c_on_S|ders neither intentions nor traffic rules
to come to a full stop since all paths are occupied. N the predictions.

In another work, Althoff (2010) abstracted the
motion model into Markov chains using reachability
analysis. He considers the vehicle’s dynamics, their 3 FRAMEWORK FOR

mutual interactions (only based on the road geome- INTERACTION-AWARE
try and traffic rules) and also the limitation of driving
maneuvers due to road geometry, resulting in crash MOTION PREDICTION

probabilities for the possible paths of the ego vehicle. . .

In Zechel et al. (2019), the authors present an ap- N Figure 1 the flowchart of the work is presented.
proach to compute the motion predictions of the ve- Each of the building blocks appearing in the figure
hicles, without prior knowledge of the scene, con- will be briefly described in the following sections.
sidering separately the lateral and longitudinal move-
ment. The longitudinal over-approximation is based
on intervals obtained from real data. The lateral over-
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Find/Reuse > Find
Corridors Interactions
Figure 2: Example of corridors and grid.

1 Y
Compute J“ Compute J 3.2 Find Interactions
Motion Prediction Intentions
A search of surrounding vehicles is performed for all
Figure 1: Flowchart. the vehicles in the scene, generating a table that con-
tains the distances and velocities.
3.1 Find/Reuse Corridors In order to restrict the motion probabilities in cor-

ridors that have another vehicle or that can collide

Given a map formed by lanelets (Bender et al., 2014) with the corridors of other vehicles, the collision point
their relational and physical layers are used in order P&tween these corridors is obtained as can be seen in
to obtain all the navigable corridors for the vehiclesin Figure 3. They result from the intersection between

the scene. The length of these corridors has, at min-the corridors’ center lines, where the chosen point is
imum. the distance that the car can reach in a time the first where the distance is less than a given thresh-

interval with its current speed, assuming a constant 0!d- So far, these types of collisions are not being con-
maximum acceleration. sidered when both vehicles are changing lanes, being

First, we obtain the current lanelet(s) where the this & future work.
vehicle is located, comparing the position and the ori- —
entation in the physical layer. Next, a graph search is %
performed for surrounding lanelets starting from the : — :
vehicle lanelet(s) to create a lanelet-sequence for each ~ F'9ure 3: Example of collision between corridors.
corridor.

In the next iterations, the corridors found can be 3.3 Compute Intentions
either expended or removed, if necessary. The ex-

pansion occurs if its predicted occupancy probabili- |n order to compute the intention of the traffic partic-
ties fall in cells that are farther then a percentage of ipants, the Dynamic Bayesian Network (DBN) pro-
the grid length (85% in our case). The removal occurs posed by Villagra et al. (2020) is inferred using a par-
if the current measured orientation of the vehicle has ticle filter. For each of the vehicles present in the
a difference bigger than a threshold when comparedscene, with the exception of the ego vehicle, the net-
with the center line of the corridor. work represented in Figure 4 is instantiated, where
At each iteration, the lanelet in which the center pold arrows represent the influences of the other vehi-
of the vehicle is located is found. Based on this in- ¢les on vehiclen.
formation, each corridor is defined as being left, cen-
ter, right or not reachable with respect to the position
of the vehicle. To reach the corridors at right/left, a 4
Bézier curve is created that concatenates the two road /

segments (the one in the current lane with the one in Y
the adjacent lane) with a length ofax4v, 10)m, be- »

ing v the current vehicle’s velocity and 4 is the con-

sidered duration of a lane change (in seconds). These Y '

values were defined after analyzing the patterns of a X,

lane change. - @
The detection of a lane change is based on the po-

sition of the vehicle and occurs in one iteration: at Y

instantt the vehicle is in lanelet and at instant + 1

the vehicle is in lanelet.

With the exception of the ego vehicle, for each Figure 4: Bayesian network.
corridor of the other vehicles, a grid is created based
onthe shape of the road. Forthe ego vehicle, arouteis  The relations among variables appearing in Figure
assumed. An example of the corridors of a vehicle is 4 allows to model the driving scene as the following
shown in the Figure 2, where for one of the corridors generalized distribution (Lefevre et al., 2013):
the grid is drawn.
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3.3.2 Lateral Intention
P(Eo,loT, ®o:1,Z0T) = P(Eo, lo, ®o, Zo) x
T N The lateral intention is computed based on the previ-
|_!>< [1PEl-1®P-1) x PO P11 E) % (1) ous intentionsI{_1) and the current expectatidgy.
=1 n=l The intention will be considered equal to 1 (change
P(®F O 11 41{") x P(Z| @) lane) if a random value is smaller then the probability

where the variables are described below: generated by Table 1.

e Expected maneuves: represents the expected Table 1: Lateral Intention.
lateral behavior of the vehicle at instantt ac-
cording to traffic rules. It models the probability li_1 | E | Probability
that the vehicle can make a lane change without 0 0 0.1
hindering traffic. It can assume two valuestay 0 1 0.5
andchange 1 0 0.5
1 1 0.9

e Intended maneuvéf': represents the intention of
the vehicle and includes the route the vehicle in-
tends to follow. In this step it is also defined the new corridor of

° Physical vehicle Stat@tn: represents the pose and each vehicle in each partiCIe. If the intention is to
Speed of the vehicle. They are calculated at each Change, one of the corridors in the target lane defined
instant based on the intentions. in the previous step is selected.

e Measurementd{": represents the real measure-
ments of the physical state of the vehicle, ex-
tracted directly from exteroceptive sensors of the
ego-vehicle or via V2X communications.

3.4 Compute Predictions

To compute the probabilistic predictions of the vehi-
cles present at the scenarios, the library CORA (Al-
331 Lateral Expectation thoff, 2015) has been used following the strategy pro-
posed in Althoff (2010). The predictions are com-
eouted by abstractions of the system dynamics into

The decision to change lanes should be based on th ; .
g Markov chains, where the state spa¥eand input

desire to quit the current lane, the selection of the - ) . ;
target lane and the feasibility of the change. spaceU are dlscretlzed mto mter_v_als. fhe fo_rmer
Lane changes are usually classified as mandatoryreprese!’]tlng the _Iong_ltudmal positicrand velpcny

or discretionary, depending on the drivers motivation. V" each interval with size 0.1x 1 m/s res.pectlvely,

A Mandatory Lane Change (MLC) is performed gnd t_he latter representing the acceleratdorormal-

when the driver is trying to move his/her vehicle from 12zed into [-1, 1. . .

its current lane into the target lane in anticipation _The Iongltud_lnal v_eh|cle§dynam|_cs are expressed

to a left or right exit or a lane closure immediately USing the following differential equation:

downstream. A Discretionary Lane Change (DLC) S=vV

is conducted to improve driving conditions when amax, 0<v<vWUu<0

the driver desires a faster speed, greater following ) masw " -

distance, etc. in the target lane Vechione et al. (2018); v=19am%u, v>vnu>0 @)

Toledo et al. (2003). 0, v<0

When implementing the aforementioned particle \wherea™xis the maximum acceleration allowed"

filter, for every vehicle in every particle the vehicles s a switching velocity that changes the acceleration

followers and leaders in all possible lanes are deter- gynamics, and is the input ranging from-1 to 1.

mined and the distances bumper-to-bumper and the ~ For the lateral dynamics, it is assumed that the ve-

velocity differences are found. This information is hjcle can occupy the entire lane width with a constant

used to compute the expected lateral motion of the standard deviation.

vehicles present at the scene, for which three models  The transition probability matrices of the Markov

were selected, implemented and compared (seechains for a time ste@(t), and for a time interval

Section 4 for more details). Two of these models use ®([0,1]), wheret is the time increment, are computed

only DLC and the third one uses a hybrid approach offline with reachability analysis that aims to compute

between MLC and DLC. an over-approximation of the set of states a system
can reach given its initial states, inputs and parame-
ters. For each state of the state space and for each

183



VEHITS 2021 - 7th International Conference on Vehicle Technology and Intelligent Transport Systems

input of the input space, the motion model is applied
for a time intervalt resulting in a set covering one

41 Modd 1

or more cells from the state space. The probability The first model implemented is based on Mathew

of reaching the cellj, starting from celli under the
influence of inpuf3 is computed as follows:

B
V(R X
o0 = LEDNX)
V(R'(1)
where the operatdf returns the volume of the set and

RI-B(T) is the reachable set starting from dedlpplying
inputP. The transition probabilities between the input

(3)

(2019). The desire to change lane is computed by
the deceleratiom provoked by the leading vehicles
(when they exist) traveling in front of each vehicle in
the current and adjacent lanes:

\WAUANY;
-2 (6)

wherev is the velocity of the vehicle)v is the dif-
ference between the velocities of the vehicle and the

states are represented by the input transition matrix one of the leading vehiclé&x is the distance between

I(tk). This matrix is composed by two parts: a tran-
sition matrix ¥, which models the intrinsic behavior
of the vehicle when there are no priorities for certain
input values, and a priority vectar, representing the

restrictions caused by the road layout, the interaction

with other vehicles or a combination of both. A de-

vehicles ang, m andl are parameter models. With
the acceleration valueg in each of possible lanes,
the utility U; of each lane is defined as:

e

U=———
s

@)

tailed explanation of these variables can be found in wherea; is the acceleration with respect to the leading

Althoff (2010). These parts are joined as follows

P = norm(fF?)
PP vi: AP =10<AP <1 (4
B

to form the transition matrix whereis the index of
a state space arftlandd are indices of two possible
input states. The reason this matrix is not joined into
the transition matrixp(1), is that the priority vectok
can change at each step.

The probabilities distribution for future time steps
p(tk+1) and time intervalp(ty,tk+1) are computed as
follows:

P(tkr1) =T () P(T) p(tk) 5)
P(tk, tkr1) = P([0, 7)) p(tk)
For each corridor from each vehicle a Markov

vehicle of lanei andN is number of possible target
lanes.

If the leading vehicle in the current lane is making
the target vehicle brake, the lane with the highest util-
ity is selected, otherwise, a random lane, among the
possible lanes, is selected.

Once the lane is selected, it is necessary to ver-
ify that the deceleration imposed to the new follower,
computed with (6), is below a given threshaldsuch
thata> —b.

If the safety criteria is met, the probability to ac-
cept the gap is computed as:

P(lead) = 1 — e Mlear—D)
P(lag) = 1— e Mbag~ 0 (8)

wheretieag andtiag are the time gaps with respect to
the leading and following vehicle in the target lane.
The probability to change lane is the result of

chain is instantiated and the predictions are computedthe multiplication ofP(lead) andP(lag) and the ex-

for a time interval. These predictions are multiplied
with the sum of the weights of the particles that con-

tains the corridors and they are later joined into a sin-

pected lateral movement will be 1 if this probability
is bigger than a random value.

gle grid based on the ego-vehicle position, whose size4.2 Modd 2

is based on the ego-vehicle’s velocity and the situation

context.

4 LATERAL MODELS

The second model implemented is the Minimizing
Overall Braking Induced by Lane Changes (MOBIL)
(Kesting et al., 2007), used in combination with the
Intelligent Driver Model (IDM) (Treiber et al., 2000).
As in the previous model, this one also includes

The models imp|emented and Compared are presentedi Safety criteria: the deceleration of the new follower
below. These models were selected based on theiranf in the target lane, after the lane change, cannot

simplicity and low computational cost.
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The authors of MOBIL propose two types of in- . frontsad]
centive criterion for lane changing: one considering Yint = Bi —0.011Dint +0.11%nt - 0.022A% ™ Opy

symmetric passing rules and an asymmetric one. The +0. 11%3{120’“5“ _ 2.78%&?9‘5‘@6%

one adopted in this work is the asymmetric model, L path; yexit—0.371

where the right most lane is the default lane and the +0in — 2.633ACLine + B [dnt |

lanes on the left should only be used for overtaking —0.98050 eXNE it — Qv

purposes. (12)
The incentive criterion for a lane change to a left WhereUiEtL is the utility of lanei as a target lane to the

(L) lane and to a right (R) lane are: drivernattimet, fi is the land constantDjy; andSi

are the lane-specific densities and speads,™ and

8c — @+ P(an —an) > Lah + Ddpias (10) AS/™®™ are the spacing and relative speed of the front
8 —ac+ P(8o — @) > Aan — Adpias vehicle in land. &%, &Ck and&[2'9%'® are indicators
whereay, ac, 8, a0, 4, anda, are the accelerations With value 1 ifi is the current or an adjacent lane,
of the target vehicle, old follower and new follower if i is the current lane, if vehicle is being tailgated
after and before the lane changeis the politeness  at timet, respectively, lane, 0 otherwiseACLiy; is
factor, Aay, andAayias are the acceleration threshold  the number of lane changes required to get to lane
and bias, respectively. It can be noticed that the lane from the current Iane,Gipath is the path plan impact
change to a right lane considers only the advantagescoefficient for lanei, 8i* ®is the distance to the
to the old follower. A lane change to a left lane, on the exit drivern intends to usedleX ®tindicates with 1
other hand, takes into account the effects caused to thef the driver intends to take the next exfiit- xit; are the
new follower. The politeness factprdetermines how  number of lane changes required to get to the exit lane
much the others vehicles influence the lane-changingfrom lanei. q; is the parameter of the driver specific

L=
R=

decision of the target vehicle. random ternvp.
The IDM acceleration of each vehictedepends The target lane is chosen as the lane with the high-
on the distancey and on the velocity differencfvy est utility. The probabilities are given by a multino-

to the leading vehicle. It is composed of two parts: mial logit model:
the acceleration[1 — (Vg /Vo)?*] on a free road and the
braking—a(s'/sq)? caused by a leading vehicle.

1_ (V_q)4_ S*(VCUAVG)Z
Vo S

expVia) V)
Y j—tL XAVt [Vn)

Once the utilities are computed one has to eval-
uate the lead and lag gaps, which are defined by the

P(T Lnt = ||Vn) -

13)

\./q:a

S (V,AV) = So+ VT + VAV (11) bumper-to-bumper distance between the lead and sub-
2V/ab ject vehicle and the bumper-to-bumper distance be-
wherea is the maximum acceleratiohjs the desired ~ tween the lag distance and the subject vehicle.
comfortable deceleratios, is the minimum distance, The gap is acceptable if itis bigger than the critical
Vo is the desired velocity and is the safe time gap. gap:

43 Modd 3 In(GYY) — gader

P(GR > G|, vn) = ® 5
. . . 9
The third modelimplemented is based on Toledo et al. (14)
I(ZOOS)H The authors argue that the classification of the \y here @[] denotes the cumulative standard normal
ane changes into MLC or DLC does not allow the . .. . gd gd,cr "

i - distribution,G; andGg;™' are the gap and the criti-
capture of trade-offs between the two types. For this cal gap for vehicle at timet, referring superscripd
reason, they created a method that includes both types[o the direction of change (current, left or right) amd

in a single model. to the type of gap (lead or lag)
This model penalizes the most right lane, since it ype of gap 9)- . )
The critical lead and lag gaps are given by:

considers this lane as being of low speed, caused by
the entrances and exits.

At the highest level of the model, the driver Gy %" = exp(1.553— 6.389max0,A95*9)
chooses a target lane. It is the lane, among all the —0.14min(0.AS€add_ o 008y
possible lanes, the driver recognizes as the best lane (0,05 008u) agd. (19)
to be in after considering a wide range of factors and  Gnto . = exp(1.429+ 0.47Jma>(0,A§1tg )
goals. The utilities of the various lanes are given by: —0.234vy)
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AS$29 dandAS$2d dare the relative speeds of the lead tioned before, the probability of each corridor is the
and lag vehicles in the direction of changje sum of the weights of the particles that contains this
The probability to accept the gap is the result of corridor. Each line, marked with the color of the ve-
the multiplication of the acceptance of the lead and hicle on the top right corner, represents the evolution
lag gap and the expected lateral movement will be of this vehicle. The x axis is the time and the y axis
to change if this probability is bigger than a random is the probability of being on each lane, being 0 the
value. right (bottom) lane and 1 the left (top) lane. The line
in black is the ground truth, the lane in which the ve-
hicle is at, at each instant. The three models are repre-
5 EXPERIMENTAL RESULTS sented by the lines in red, green and blue, respectively.
The magenta dashed line is the orientation of the vehi-
. cle withe respect to the orientation of the lane and the
5.1 Scenario numbers mark the lane changes whose leading times
for each model are presented in Table 2. The dashed

We evaluate the framework proposed in the previous |ine in blue is the threshold for the detection of a lane
section in a scenario simulated with SCANeR Stu- change.

dio simulator (AVSimulation, 2019). It is a two-lane
highway with the ego vehicle (black) and 4 other ve- Table 2: Leading time.
hicles (magenta, red, green and yellow), where 4 lane

changes are executed. The information about the sur- Lane Model 1 > 3
rounding vehicles is received by the ego vehicle as a Change
vector of high-level objects containing their estimated 9

7 g . s 1 1.0s| 09s| 0.7s
pose, velocity, and size. Figure 5 shows the initial po- 5 08s|08s|09s
sition and the path followed by each vehicle and Fig- 3 0.8 S 0'9 S 0.8 s
ure 6 shows the velocities of each vehicle throughout ' ' '
the simulation 4 0.75108s)09s

' 5 09s| 0.7s| 0.6s

5.2 Execution of the Lateral Models b Taima, S\ial

The simulation is executed three times, one for each53 Predictions and Evaluation

lateral model. Figure 7 shows the graphs of expecta-

tion_and intgntionfor each v_ehicle With the three m_od— Figure 9 shows an example of the predictions com-
els in the simulated scenario, where it can be noticed
the specificities of each model. In the expectation of
the green vehicle (Figure 7b), once it overtakes the

puted with the model from Section 3.4 in the last time
interval (2.9 - 3.0 s) for all three models. The time
when these predictions were made was chosen at 4.6

yellow vehicle, the expectation to change lanes from ¢ ‘o shq\y an instant where interactions become more
Model 1 stays around 0.5, since no deceleration is intense

caused, meaning both lanes are possible and feasible. The differences of the models in these figures are
For Model 2, the right most lane has always the prior- ¢ yjisiple in the lane change of the red vehicle. In
ity, which can b_e seen as the expectation stays aroungy,;q particular frame, the intention from the red vehi-

_1wher1 the vehicle is on the. left lane and the rlght lane ¢ to change lanes is more visible in Model 1 than in

is available. For Model 3, in the same situation, the Model 3. which confirms the differences in the lead-

expectation is to stay on the current (left) lane, since ing time’for this lane change (1) in Table 2.

it penalizes the right most lane and also penalizes lane The advantages of the proposed DBN are high-

_changes. The p_enalization to change_lanes can be Seeﬁghted when compared with the baselines predictions
in the expectation of the yellow vehicle (Figure 7¢) .m0 ted with constant velocity and with the avail-
that stays th_e whole simulation on_the ng_ht Iane_: an_d able version of the library SPOT (Koschi and Althoff,
the expectation stays around 0. Since this vehicle is 2017b), which produces set-based reachable sets. For

already on tge rigr&tflane, tgel expectation fodr ModeA 2 the model with constant velocity, the prediction mean
stays around 0 and for Model 1 stays around 0.5When 4 yariance used are obtained as follows:

both lanes are feasible.

Figure 8 shows the evolution of the probabilities p(K) = A (ke 02)
for each vehicle and each model. These probabilities 'k
are computed as 1 pright, Where prignt is the prob- Hk = Xo + Vi ko« dt (16)
ability of being on the right most corridor. As men- gﬁ = kxdt
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hl - o e .

Figure 5: Paths evolution of each
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Figure 6: Velocities throughout the execution of the simu-
lation.

The predictions in the time interval 2.9 - 3.0 s
for the same time in the simulation for both baseline
methods are shown in Figure 10. In the method with
constant velocity, both corridors are equally probable

and the acceleration history and lane shape are irrel-

evant: the size of the distribution is the same for all

vehicles at every step. The results from SPOT, on the
other hand, do include the acceleration’s limits and

take into account the shape of the road (for the cor-
ridors changing lane), but they are too conservative,
leaving almost no free space for the motion planning
of the ego vehicle.

Figure 11 shows the correlation of the prediction
and the actual vehicle pose at the time interval (1.4 -
1.5 s) for all three models. It also includes a numeri-
cal evaluation of the prediction at the considered time.
The metric used consists in getting the likelihood of
the cell the center of the vehicle is located at from a
prediction made 1.5 s before. It is one of the criteria

used to assess the lateral models behaviour that are

compared. Since the red vehicles is the one with the
most different values among the models, its evalua-
tion is shown in a zoomed in box on the right of each
figure. Table 3 presents the sum of the evaluations for
each vehicle for each model for the whole simulation.

Table 3: Evaluation of the predictions per model.

Model
Vehicle 1 2 3
Red 0.34718| 0.34871| 0.34644
Green 0.22011| 0.22223| 0.22637
Yellow 0.51265| 0.52836| 0.52215
Magenta 0.33666| 0.34174| 0.34041

The vehicles with the more accurate predictions
are vehicles that do not change lanes, the green an
the yellow (the green vehicle leaves the simulation
10.5 seconds before its end). Besides the early detec

vehicle in the simulateshato.

tion of the lane change, it is also due to the fact that
the lane changing corridors do not perfectly match the
movement executed by the vehicles. Other factor that
influences the precision of the prediction is the lateral
position of the vehicle within the lane. So far, the lat-
eral distribution is the same for every vehicle, being
the mean the center of the lane. The use of an adap-
tive distribution, considering the lateral displacement
of the vehicle is part of a future work.

5.4 Evaluation Metrics

To evaluate the quality of the results, three metrics
were defined: the lead time of the detectigrthe
probability p of being on the current position based
on the predictions of a previous time, and the false
lane change detectioin

e The lead timd is defined as the time where the
corridor that is changing lanes has the biggest pri-
ority and maintains the dominance until the lane
change is detected.

The probabilityp is sum of the evaluation’s prob-
abilities for the whole simulation.

The false detection is the sum of intervals where
the probability is bigger on a corridor that is not
the correct one or a noise in the lane change. The
intervals between the lead time and the detection
of a lane change are not included. One example
of a false detection is marked in Figure 8.

Each metric is computed as follows:

|_NNGV|Ck _MNik f_MNfik
k_\,;czl\“ pk_i;VleV7 I(_iZ\le Y

wherelf}k is the leading time of the lane changef

the vehiclev for the modelk, p{f is the accuracy of
a previous prediction at time interviafor the vehicle
v for the modelk, f\‘,k is the false detection for the
vehiclev at the time intervail for the modek, N is the
number of vehicled\ ¢, is the number of lane changes
for the vehiclev andM is the number of simulated
intervals.

Table 4 presents the values of each metric for the
three models. For this scenario, model 1 yield better
leading times, although the predictions from model 2

Oand 3 are slightly more accurate. The reason for this is

mostly due to the fact that the lane changing corridors
do not perfectly match the movement executed by the

vehicles. The number of false detection are the same
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Figure 7: Expectation and intention for each vehicle.
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Figure 8: Evolution of each vehicle in the simulation: theelin black is the ground truth; the lines in red, green aneé blu
represent the evolution of the Model 1, 2, and 3, respegtitbE blue line is the threshold to identify the lane charipe;

line in magenta is the orientation of the vehicle with respethe center line of the lane.
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Figure 9: Predictions at the interval 2.9 - 3.0 s for each efrttodels.
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(b) SPOT
Figure 10: Baseline predictions at the interval 2.9 - 3.0 s.
Table 4: Metrics of each model. for the three models.
Model 1 5 3 A video with the evolution of the three simulations
Parame is available in https://youtu.be/HxXE8bc8-5Y.
] 54s 51s 49s We evaluate the three models in another scenario

with 3 lanes and 5 vehicles where a higher number of
false detection is present. The paths followed by each
vehicle and their velocities are shown in Figures 12
and 13, respectively. Due to a lack of space, only the

p 1.41660| 1.44103| 1.43536
f 1 1 1
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Figure 11: Evaluation of the predictions.
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Figure 12: Paths evolution of each vehicle in the secondlsit@d scenario.
result table (Table 5) will be presented. Table 6: Normalized sum of the results.
et 1 | 2 | o
R Parame
Inorm 1.9857 1.8643 1.9309
oL ! Pnorm 0.002150( 0.002187| 0.0021789
frorm 0.0609 0.0732 0.0448

Velocity (m/s)
o

»
-
I
v

) . Based on the results from Table 6, for the sce-
narios evaluated, model 3 produced, in general, better
results:

N

o

_ N Time (2 , e its normalized false detection is the best among
Figure 13: Velocities throughout the execution of the sec- the all models: and

ond simulation. ) f o
e its normalized predictions are more accurate than
the ones from model 1, that has the best normal-

Table 5: Metrics of each model for the second scenario. ized leading time; and

Parame
I

7.6s 7.1s 7.8s
p 0.9488| 0.96688| 0.95825
f 71 87 52

In this case, model 3 yield better leading time and 6 CONCLUSION AND FUTURE

the lowest number of false detection. The predictions ~ WORK

from model 2 are better but its number of false detec-

tion is the highest among the three models. In this work we present the framework currently be-
To combine both experiments, the values o ing used by the AUTOPIA Group for the motion pre-

normalized by the number of lane changes and the diction and interaction-aware of vehicles at highways.

values ofp and f are normalized by the number of Three models for the lane change were implemented

simulated intervals each vehicle is present and the and compared. With the metrics used in this work, the

number of vehicles. Table 6 presents the sum of model from Toledo et al. (2005) yield better results.

the normalized results of both simulations for each A comparison of the motion prediction with two

model. baseline models was presented. The results from

3 e its normalized leading time is better than the one
from model 2, that has the best normalized pre-
dictions;

190



A Comparison of Lateral Intention Models for Interaction-aware Motion Prediction at Highways

SPOT, although more accurate, are too conservative Lefevre, S., Laugier, C., and Ibanez-Guzman, J. (2013).

leaving the ego vehicle, in some cases with no or al- Inte_*ntion-aware ri'_sk e_stimat_ion for gt_aneral traff_ic sit-
most no space for the motion planning. The impor- uations, and application to intersection safelgyria
tance of interactions modeled with a DBN is high- research reportRR-8379. _

lighted when compared with the simple model with Mathg\g, T \éttpgzg\}v?/\)/w il ihgg‘i in??varﬂﬁ:ggel lsrg\?ld-
constant velocity, where all the possible corridors _LaneChange/web/web.htm. (Accessed  on

have the same probability and the acceleration input 11/19/2020).

has no influence in the predictions. Medina Lee, J. E., Trentin, V., and Villagra, J. (2019).
As future work, we intend to use the framework Framework for motion prediction of vehicles in a sim-
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ways with entrances and exits, and use public avail- Schulz, J., Hubmann, C., Lochner, J., and Burschka,
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