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Abstract—Planning traffic rule-compliant trajectories for
autonomous vehicles is computationally expensive. It has been
shown that restricting the search space of the trajectory planner
to a driving corridor facilitates planning. Existing methods
based on reachability analysis have to compute the entire
reachable set before they can provide a single corridor. Since
planners often require only one corridor, the computation of
reachable states irrelevant to that corridor is superfluous. To
address this issue, we propose treating reachability analysis for
driving corridor extraction as a best-first search problem. Thus,
we quickly identify a first corridor to start trajectory planning
as early as possible; additional corridors are computed on
demand. We experimentally compare different best-first search
strategies and demonstrate the advantages of our approach.

I. INTRODUCTION

Motion planning for autonomous vehicles is a complex
task, particularly since we need to respect traffic rules in
addition to the dynamical constraints of the vehicle [1].
Previous work has shown that using set-based reachability
analysis to restrict the search space for trajectories facili-
tates motion planning, particularly in scenarios with narrow
solution spaces [2]-[5]. These approaches determine the set
of all states that the ego vehicle, i.e., the vehicle under our
control, can reach from its initial state and subdivide it into
several driving corridors. Intuitively, each driving corridor
maps to one possible high-level maneuver. In Fig. la, DC;
corresponds to aborting the intended overtaking maneuver
to let the oncoming vehicle pass, while DC, represents
accelerating to complete overtaking before passing the on-
coming vehicle. One selected driving corridor is then used
to determine a reduced sampling space for sampling-based
planners [2] as shown in Fig. 1b, or convex constraints for
optimization-based methods [3]. If the planner cannot find a
trajectory in the selected corridor, it tries again with another
corridor if time permits, or triggers a previously computed
fail-safe trajectory, e.g., as described in [6].

The existing approaches perform exhaustive reachability
analysis to determine all possible driving corridors before
selecting one corridor to pass to the trajectory planner. This
has two drawbacks: First, trajectory planning cannot begin
until the entire reachable set has been computed. Second,
computing resources are spent on determining corridors that
are later discarded anyway, which is particularly inefficient
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Fig. 1. Motivation: Sampling-based trajectory planning with driving
corridors. (a) There are two driving corridors DCy and DCs for this
scenario. For visual clarity, we only show the constraints provided by the
corridors at the end of the planning horizon of 5s. (b) Trajectories in the
sampling space derived from the driving corridor DC» (cf. [2, Fig. 1b]).

if many corridors exist. We propose an alternative method
to compute the reachable set based on best-first search so
that we obtain a first driving corridor quickly. We can then
determine additional corridors on demand or, if idle cores
are available, in parallel to trajectory planning within the first
driving corridor. Combining set-based methods with search is
challenging, as one must decide when to split the continuous
reachable set in order to start a new search branch instead
of propagating the whole set.

A. Related Work

In the literature, driving corridors are used to subdivide
the search space for trajectories and distinguish between
high-level maneuvers. In general, driving corridors expedite
trajectory generation of all motion planners that accept
the spatio-temporal constraints a corridor provides. Such
constraints are particularly important for optimization-based
planners: Typically, each maneuver induces its own locally
optimal trajectory so that the search space becomes non-
convex. By constraining the optimizer to stay within a chosen
corridor, the search space is convexified, and the planner
can consciously decide for a maneuver [7]. Sampling-based
planners also benefit from these constraints, as they focus
the sampling on regions that realize a selected maneuver [2].
Finally, driving corridors can be used to safeguard planners
based on reinforcement learning [8]. Subsequently, we re-
view existing methods for driving corridor extraction.

Topological approaches rely on systematically decom-
posing the search space based on the spatial relations to
obstacles and lanes [9]-[12]. Many of these leverage the
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concept of homotopy [7], [13]-[17]. Intuitively, two tra-
jectories belong to the same homotopy class if we can
continuously deform one into the other; in particular, this
means that homotopic trajectories must pass each obstacle
on the same side. The aforementioned works employ a
generalized version of homotopy that allows trajectories
to end in different states, which [17] formalizes as free-
end homotopy. Some topological approaches explicitly take
traffic rules into account [11], [13].

None of the methods mentioned so far considers the
dynamical constraints of the ego vehicle, which can result
in many infeasible driving corridors. To address this issue,
[18] extracts corridors as subsets of the reachable set of
the ego vehicle that correspond to a sequence of high-level
decisions. The authors of [3], [19] adapt this method for
optimization-based trajectory planning. According to [19,
Def. 6], a driving corridor must consist of connected and
vertically convex sets. Therefore, the trajectories within a
corridor are homotopic if we relax the definition of homotopy
by allowing the trajectories to start and end in different states.
The approach from [3] is extended to consider traffic rules
in [4], [5]. By treating lane changes as discrete events, [20]
only needs to compute the reachable set in the longitudi-
nal direction. In [21], reachable sets are combined with a
probabilistic measure of collision risk.

Other approaches create driving corridors by bloating
trajectories obtained via sampling, e.g., [22], [23]. However,
these methods inherit the challenges of sampling-based plan-
ners in scenarios with narrow solution spaces [2].

Finally, [24] identifies collision-free driving corridors us-
ing support vector machines. This requires choosing a pass-
ing side for each obstacle beforehand. Then, the support
vector machine finds two surfaces that maximize the distance
between left and right obstacles.

B. Contributions

For the first time, we approach reachability analysis for
driving corridor extraction as a best-first search problem [25,
Sec. 3.3.1]. This offers two key advantages over existing
methods [3]-[5]:

o Trajectory planning starts earlier because we provide a
first driving corridor quickly without necessarily com-
puting the entire reachable set first.

o Additional driving corridors can be computed on de-
mand, which avoids unnecessary consumption of com-
puting resources.

Best-first search is very flexible, enabling us to use different
search strategies like uniform-cost search and greedy best-
first search just by changing the evaluation function in
our algorithm. To facilitate informed search strategies, we
develop a heuristic based on information from the previous
planning cycle. Our experiments with recorded real-world
scenarios show that we find a first driving corridor and thus a
trajectory faster than existing approaches [3]-[5]. Moreover,
we demonstrate that, similar to [3]-[5], the computation time
of our method decreases in critical scenarios.

This paper is organized as follows: Sec. II discusses
preliminaries and presents our problem statement. In Sec. III,
we explain our best-first reachability analysis for driving
corridor extraction. We present the results of our experiments
in Sec. IV before coming to a conclusion in Sec. V.

II. PRELIMINARIES AND PROBLEM STATEMENT

Let us introduce the index k& € Ny to denote the discrete
time step corresponding to the continuous time t; = kAt,
where At € Ry is a fixed time increment. Without loss of
generality, we choose the initial time step to be 0 and fix a
final time step ky as the planning horizon. We assume that
the trajectory of the ego vehicle is replanned every k. time
steps, where k. < ky. Subsequently, we briefly explain set-
based reachability analysis and driving corridors. Afterwards,
we provide our problem statement.

A. Set-Based Reachability Analysis

Suppose the dynamics of the ego vehicle is described by
the discrete-time model

X1 = f(Xk, ug),

where x;, € X}, is the state of the ego vehicle and uy, € Uy, is
the system input. The sets X}, C R™ and U C R™ denote
the feasible states and inputs at step k; in particular, A is the
set of initial states of the ego vehicle including measurement
uncertainties. A trajectory Xjo ) = (X0,X1,...,Xp,) is
dynamically feasible if xg € Xy and

vk € [O,k‘h — 1] sduy € Uy - Xkt1 = f(xk,uk) S Xk—i—l-

In addition to the dynamical constraints on trajectories,
we want to consider constraints imposed by traffic rules,
e.g., keeping a safe following distance. We assume these
constraints are modeled by a specification ¢, e.g., in temporal
logic [4], [S]. If a trajectory x|o z,] satisfies ¢, we say that
it is specification-compliant and write X[g 1,] = ¢.

We can now define the exact specification-compliant
reachable set at time step k € [0, ky| as

Ry =Xk | X[0,1,] € X AX[o,h, F ),

where X denotes the set of all dynamically feasible trajec-
tories. Intuitively, R} is the set of all states that the ego
vehicle can reach by following a dynamically feasible and
specification-compliant trajectory for k steps.

As it is impossible to compute the exact reachable set
‘R efficiently, we usually compute an overapproximation
R so that R, 2 R§ for all k£ € [0,ky] [3]-[5]. To this
end, Ry is represented by several partial reachable sets
Rg') with R, = U, Rg). To simplify presentation, we will
sometimes also treat R as the set of the partial reachable
sets constituting it. The partial reachable sets are stored
as nodes of a reachability graph Gg, in which the edges
indicate the reachability relationship between partial sets of
successive time steps; Fig. 2 shows an example.

To abstract from the details of computing the overapprox-
imation, we introduce two high-level operators: init(-) deter-
mines the initial reachable set Ry from the initial states Xj.



Static
o obstacle

Reachable
.

©

Fig. 2. Example of computing a reachability graph and its corresponding
component graph. (a) The partial reachable sets at time step kn —2 (projected
to the position domain). (b) Computing the successors of these sets using
succ(-) yields the partial reachable sets at kn — 1. (c) The final reachability
graph Gy and its corresponding component graph G¢. The component graph
is shown as an underlay with thick edges.

Given a set of partial reachable sets, succ(-) computes their
immediate successors in the reachability graph by performing
reachability analysis for one time step (see Fig. 2b).

B. Driving Corridors

Because the reachable set R is an overapproximation, it
contains all possible maneuvers of the ego vehicle. However,
the set may be disconnected in the position domain, since
we remove states that violate the specification ¢, e.g., states
where the ego vehicle collides with an obstacle. This makes
it difficult to directly determine motion planning constraints
from the reachable set. To resolve this issue, we identify driv-
ing corridors as connected subsets of the reachable set [3],
[4]. Formally, a connected component Cy, is a subset of Ry
so that all contained partial reachable sets are connected (in
the set-theoretic sense of [26, p. 2]) in the position domain.
Intuitively, this means that their projection to the position
domain consists of a single contiguous part. In Fig. 2a,
there are two connected components: One consists only of
R\, while R\, and R, form the other. If the partial
reachable sets carry semantic annotations as in [4], [5], the
sets in a connected component must also share the same
annotation. A driving corridor is a sequence Cy, . .. ,Cy, of
connected components so that Cy1 is reachable from Cj.

To identify driving corridors, the works in [3]-[5] first
incrementally compute the reachability graph Gy time step
by time step. Then, G&, is converted into its component graph
G by collapsing all partial reachable sets R,(CZ) belonging to

the same connected component into a single node. Fig. 2c
draws the reachability graph on to(p of its com(ponent graph,
so that, e.g., C,(Ci)_Q comprises Rki)—z and R,j)_z. Observe
that there is an edge between two connected components in
G if and only if they contain a pair of partial reachable
sets linked in Gy. Each path through the component graph
from time step O to ky constitutes a driving corridor. So, in
Fig. 2c, C,ig)ﬂ, C,(cgll, C,(Ci) is an example of a driving corridor
assuming that ky = 2.

C. Problem Statement

To start motion planning early, our goal is to determine
a first driving corridor without necessarily constructing the
entire reachability graph. We want to find this corridor
quickly, while still considering its quality, which may be
defined as suitability for trajectory planning, but can also
involve other metrics. We assume that a cost function c(-)
measuring the quality of a connected component is given; the
cost of a corridor Co, ..., Cp, is defined as >, <o 1,1 ¢(Cr)-
Moreover, the search for corridors should be able to continue
in order to identify additional corridors in case motion
planning in the first corridor fails. This may be done in
parallel to trajectory planning, if idle cores are available,
or upon request by the planner.

We focus on developing a driving corridor extraction
method that supports arbitrary cost functions. Selecting a
specific cost function and analyzing the impact of this choice
on the quality of the planned trajectories is beyond the
scope of this paper. A discussion of different cost function
components is provided in [4, Sec. VII-C].

III. BEST-FIRST DRIVING CORRIDOR EXTRACTION

Our algorithm, presented in Sec. III-A, addresses the
problem statement by prioritizing the promising parts of
the reachability graph Gy according to a given evaluation
function. Once a first corridor is found, the algorithm can
continue constructing the previously deferred parts of Gy to
identify additional corridors. In Sec. III-B, we derive several
evaluation functions from the cost function c(+).

A. Algorithm

Alg. 1 closely follows the standard skeleton for tree-like'
best-first search [25, Fig. 3.7]. Given the set of initial states
Xp, we first compute the initial partial reachable sets Ry.
Then, we determine the connected components of Ry to
initialize the search frontier F. The frontier always contains
those connected components that we have already computed
but not yet added to the reachability graph. The goal states
of the search are the connected components at the final time
step ky, because adding one of them to the reachability graph
means that we can find new driving corridors.

As long as the frontier F is not empty, we select the best
connected component C;; from F according to our evaluation
function e(-). We remove C; from F and add the contained
partial reachable sets to the reachability graph. Next, we

I'This means we do not use a reached set, which is unnecessary as the
reachability graph is acyclic by construction and its depth is limited to kp.
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sets, we repartition the frontier at time step k£ + 1 (1. 18) and recompute the connected components (1. 19).

Algorithm 1 Best-First Driving Corridor Extraction

Input: Planning horizon ks, initial states Xy
Output: A sequence of driving corridors

€+ 0

2: Ro + init(.)(o)
3: F <+ CONNECTEDCOMPONENTS(Ro)

4: while F # 0 do

5: > Move the best connected component from F to Gk
6: Cr, < argming ¢ e(Crr)
7
8

> Set of driving corridors returned so far

F+ F\C;
Gr.ADD(Cy)

9: if kK = ky then > New terminal node in Gg?

10: > Determine G¢ and yield new corridors

11: G¢ + COMPONENTGRAPH(GR)

12: Chew < IDENTIFYCORRIDORS(Gc)

13: yield Chew \ ¢

14: Q: < Q: @] Q:new

15: else

16: > Add the successors of Cj; to F

17: Ri+1 < suce(Cy)

18: Rip1 + REPARTITION(( Fr41) U Ri+1)
19: Fit1 < CONNECTEDCOMPONENTS(R} 1)
20: end if

21: end while

check whether C; belongs to the final time step ky. If it does,
we can identify new driving corridors. Thus, we construct
the component graph G¢ of the current reachability graph
Gy as described in Sec. II-B. We employ graph algorithms
like Yen’s algorithm [27] to find up to n driving corridors in
G with the lowest cost. Choosing n > 1 is reasonable,
as the planner may fail to find a trajectory in the first
corridor due to the overapproximative nature of reachability
analysis. We provide all corridors we did not see before to
the trajectory planner without exiting the algorithm (keyword
yield in 1. 13). If idle cores are available, the algorithm
continues the reachability analysis immediately in parallel

to planning; otherwise, it waits for the planner to request
additional corridors.

Let us now consider the else-branch: If C;; does not belong
to the final time step, i.e., k < ky, we compute its successors
and add them to the frontier. Fig. 3 visualizes this process,
assuming that the connected component C ,(;) (highlighted in
the figure) was selected from the frontier in 1. 6. Applying
the succ(+) operator in 1. 17 yields the partial reachable sets
represented by the hatched area in Fig. 3a. In 1l. 18-19, we
add the new partial reachable sets for time step k + 1 to the
search frontier F. We first merge the new reachable sets with
the reachable sets that are already in Fj4; and repartition
them to remove redundancies in the set representation. Here,
Fi+1 denotes the subset of the frontier that holds the
connected components belonging to time step k£ + 1. Fig. 3b
shows the result of the repartitioning. Note that Rg)ll and

Rgﬁl, which are already in the reachability graph and not in
the frontier, are not considered for repartitioning, although
they overlap with the newly added sets. The details of the
repartitioning procedure depend on the set representation
used; we refer the reader to [5, Sec. III-A.3] for an example.
As is the case in Fig. 3, the newly added sets might connect
previously separate connected components. Thus, we need
to recompute the connected components for time step k + 1.

Remark 1. Several of the standard search methods are not
useful for our problem: Breadth-first search [25, Sec. 3.4.1]
leads to a procedure similar to existing methods [3]-[5]
and thus has the same drawbacks. Iterative deepening tech-
niques [25, Sec. 3.4.4] do not make sense here, since we
know that all goals are at depth k.

B. Evaluation Functions

By defining appropriate evaluation functions e(-) based
on the cost function ¢(-), we can employ any search strategy
that can be cast as a best-first search [25, Sec. 3.3.1]. This



TABLE 1
EVALUATION FUNCTIONS

Search strategy Evaluation function e(Cg)

Uninformed
Uniform-cost
Uninformed speedy

Informed
A* Cace(Ck) + ¢(Ck) + h(Ck)
Greedy best-first h(Cg)
Informed speedy (kn — k, h(Cy))

Cacc(ck) + C(Ck)
(kn — E,c(Cr))

includes, but is not limited to, the search strategies with their
respective evaluation functions listed in Tab. I. Below, we
discuss these evaluation functions in detail.

1) Uninformed Search: Uninformed search does not use
any external information about the problem [25, Sec. 3.4].
Our first evaluation function results in uniform-cost search,
also known as Dijkstra’s algorithm [25, Sec. 3.4.2]. Here,
Cacc(Ck) is the accumulated cost along the cheapest path to
Ck, which is formally given by

0 if k=0
migp(cacc(ck—l) +¢(Cr-1))

Cr_1

Cacc (Ck) = otherwise ’

where P denotes the parents of Cp, i.e., the connected
components of time step £ — 1 from which we can reach
C. To efficiently compute c,c(-), we cache the cost of the
connected components and track their parent relationships
in Alg. 1. Note that we need to update the parents after
repartitioning and recomputing the connected components
in 1l. 18-19. Uniform-cost search is guaranteed to find the
optimal corridor first.

Using the second uninformed evaluation function leads
to uninformed speedy search in the spirit of [28], because
we order tuples lexicographically. Speedy search prefers
progressing towards the planning horizon and uses the cost
only to break ties between connected components belonging
to the same time step. Consequently, it quickly yields a
first driving corridor, which may, however, be suboptimal
regarding its cost. Our variant of speedy search differs from
[28] in that it uses only the immediate cost to break ties
instead of a heuristic and the accumulated cost.

2) Informed Search: In order to use informed search
strategies, we require a heuristic h(-) that estimates the future
costs of a connected component [25, Sec. 3.5]. We design
a general purpose heuristic that is agnostic of the employed
cost function ¢(-); for fixed ¢(-), one could define specialized
heuristics or derive them from data using machine learning.

For our heuristic, we exploit that the trajectory is replanned
periodically, and we thus know the reachable set of the ego
vehicle from its state k. time steps ago. We can estimate the
future costs of a connected component by finding matching
connected components in the component graph G¢ of the
previous planning cycle and considering their future costs.

kn—1 kn

Fig. 4. Heuristic computation based on the component graph Ge of the
previous planning cycle. At step kn — 2, we show the partial reachable sets
belonging to each connected component (projected to the position domain).

A connected component ék+kc S éc matches Cy, if
R € 0o RY), € Cupn i RV ARG, £0.

Fig. 4 visualizes this for the connected component Cy, 4 that
is represented by the hatched area. Assuming that k. = 2,
we check which connected components at time step kp — 2
in G’c intersect with Cp, 4 and find that @if)_g and C}g?_Q
match. To determine h(Ck,_4), we use Dijkstra’s algorithm
to find the cost of the cheapest path from 5122)72 or 5123)72 to
the final time step ky. Here, this path has the cost 9 and is
highlighted in Fig. 4; the part of G that is disregarded when
searching for the cheapest path is grayed out. Formally, we
define our heuristic h(Cy) as the cost of the cheapest path
in G¢ from a connected component matching Cj to some
connected component at the final time step k. If no such path
exists, e.g., because k > ky — k., the heuristic conservatively
returns 0.

Using our heuristic h(-), we can define evaluation func-
tions that result in informed search strategies. Here, we
consider the well-known A* algorithm and greedy best-first
search [25, Sec. 3.5]. Moreover, we define an informed
variant of speedy search using h(-) in place of ¢(-). While
greedy best-first search implicitly favors connected compo-
nents with higher time steps as they tend to have lower
heuristic values, the speedy strategy makes this preference
explicit. Even though our heuristic h(+) strives to underesti-
mate the actual cost, we cannot provide a guarantee since the
behavior predictions for the other traffic participants might be
inaccurate. Consequently, h(+) is generally not an admissible
heuristic [25, Sec. 3.5.2], and thus A* will not necessarily
find the optimal corridor first.

IV. EVALUATION

We compare our approach from Alg. 1 with the procedure
from [5], which we refer to as the baseline approach. For our
approach, we consider the search strategies listed in Tab. 1.
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Fig. 5. Example scenario from the highD dataset.

A. Experiment Setup

For our experiments, we use c(Cy) := e~ %A(Cr) as the
cost function, where A(Cy) is the area of the road covered
by the connected component C;, and w is empirically set
to 0.001. In general, a larger area provides the trajectory
planner with more flexible constraints [18], but the benefit
of extra area diminishes as the overall area becomes larger.
Moreover, a corridor with a larger area makes the planned
trajectory more robust with respect to inaccurate behavior
predictions of other traffic participants.

We use the extracted driving corridors to derive a sampling
space for the popular trajectory planner in [29], following the
method described in [2]. The planner uses a modified version
of the Hydra monitor [30] to check whether the sampled
trajectories are specification-compliant. We refer the reader
to [31, Sec. V and VIII] for a high-level overview of how the
sampling-based planner is combined with driving corridors
and monitoring.

Our prototype implementation is developed using the
CommonRoad? [32] framework. We performed our measure-
ments on a laptop with an Intel Core i7-12700H 4.7 GHz
processor. The reported computation times are average values
from five runs.

B. Benchmarking in Real-World Scenarios

For our benchmark, we extracted 100 CommonRoad sce-
narios from the highD dataset [33] in which the ego vehicle
starts on the rightmost lane of the interstate; an example
scenario is shown in Fig. 5. We set At = 0.08s and &y, = 50.
We enforce a safe distance to vehicles ahead by applying the
traffic rule R_G1 from [34, Tab. I]. Finally, we assume that
there is a solid-dashed line marking at the left boundary of
the right lane, so that the ego vehicle must not re-enter the
right lane after changing to another lane. Using predicates
from [34, Sec. IV] and Vg, to denote the ego vehicle, we
formalize this in temporal logic as G ¢, where

¢ := —main_carriageway right_lane(Veg,) —

G —main_carriageway _right_lane(Vego)

and the temporal operator G demands that a formula holds
at all future time steps. Due to this rule, the ego vehicle
has to decide at which time step to leave the right lane; this
decision induces several driving corridors.

We first complete one planning cycle using the baseline
approach; our evaluation then considers the next planning
cycle k. = 5 time steps later so that our heuristic h()
can access the component graph of the previous planning
cycle. To simulate inaccurate predictions for other traffic

2https://commonroad.in.tum.de

TABLE 11
NUMBER OF CONNECTED COMPONENTS RELATIVE TO BASELINE
(MEAN £ STANDARD DEVIATION)

Search strategy Size G¢ Size F

Uniform-cost (56 +18)% (2.3+£0.8)%
Uninformed speedy (27 +11) % (22+4)%
A* (56 £21)% (2.8+1.2)%
Greedy best-first 27+11)% (5.4+6.6)%
Informed speedy 27+11)% (5.3£6.5)%

participants, the first cycle uses a simple constant velocity
prediction [35], while the second cycle uses the actual
recorded trajectories.

For all 100 scenarios, the planner found a trajectory in
the first corridor provided by the baseline approach. This
demonstrates that it makes sense to quickly compute a first
corridor and only determine additional corridors on demand.

Tab. II lists the average number of connected components
in the component graph G and the frontier F with different
search strategies after all corridors required by the planner
have been computed. The numbers shown are relative to the
size of the component graph computed with the baseline
approach. Greedy best-first search and the two speedy strate-
gies construct roughly one fourth of the component graph,
while uniform-cost search and A* construct half of it. For
all search strategies except uninformed speedy search, the
frontier contains only a few connected components in the
end. This is because uninformed speedy search first computes
the corridor that stays in the right lane, since a lane change
initially produces a connected component with a smaller
area. Thus, it needs to consider changing the lane at each
time step, which adds at least two connected components
to the frontier. The other strategies decide to change lanes
earlier and then no longer need to make this decision.

Fig. 6a visualizes the average time required to identify the
first four driving corridors. With the baseline approach, all
corridors become available at the same time. We observe
a very similar behavior for uniform-cost search and A*,
indicating that corridors two to four are already mostly com-
puted before the first corridor is returned. While uniform-cost
search performs similarly to the baseline, the performance
of A* is poor: Compared to uniform-cost search, A* incurs
the additional overhead of computing the heuristic A(-).
Greedy best-first search and the two speedy variants identify
four corridors before the baseline provides the first. It is at
first surprising that uninformed speedy search is slower in
determining the first corridor than the informed algorithms.
However, this is also explained by its aforementioned pref-
erence to stay in the right lane and the associated higher
number of decisions to be made. The boxplots of the total
computation time until finding a dynamically feasible and
specification-compliant trajectory in Fig. 6b show similar
relationships between the search strategies.

The median total computation time of informed speedy
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Fig. 6. Comparison of the computation times of different search strategies on scenarios from the highD dataset. (a) Average computation time of the first
four corridors. (b) Total computation time for planning a feasible and specification-compliant trajectory (outliers are not shown).
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Fig. 7. Total computation time of informed speedy search relative to the
baseline approach over the number of driving corridors in the scenario. The
regression line includes a 95 % confidence interval. The number of driving
corridors is clamped to 125. Note that the horizontal axis starts at 20.

search is 62 % of the baseline approach. In Fig. 7, we plot
this relative computation time over the number of driving
corridors in the scenario identified by the baseline. Expect-
edly, the benefit of our method increases with the number of
corridors, as the linear regression illustrates. We can observe
similar trends for uninformed speedy search and greedy best-
first search with median relative computation times of 70 %
and 63 %. However, there is no clear trend for uniform-cost
search or A*, which have a median relative computation
time of 99% and 137 %, respectively. We measured an
increase in total computation time by more than 50 % in
four scenarios for informed speedy search; these are excluded
from Fig. 7. Such scenarios also exist for some of the other
search strategies: 34 for A*, four for greedy best-first search,
and one for uninformed speedy search.

C. Scenarios with Narrow Solution Spaces

It has been shown that set-based methods have the desir-
able property of decreasing the computation time in critical
scenarios with narrow solution spaces [2, Sec. IV-B], [3,
Sec. VII-E], [4, Sec. VIII-D]. We briefly demonstrate that our
approach retains this property. To this end, we consider two
variants of the scenario shown in Fig. 1, which differ only in
the velocity of the dynamic obstacle: In the critical variant
shown in Fig. 1, the obstacle moves 1.4 m/s faster than in the
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Fig. 8. Comparison of the computation time for planning with and without
driving corridors in the critical and non-critical scenario variants.

non-critical variant. Thus, the critical variant is particularly
challenging because the gap between the two obstacles that
the ego vehicle must pass through in order to complete the
overtaking maneuver is narrow. For our experiment, we use
uninformed speedy search and set At = 0.1s and k; = 50.

As shown in Fig. 8, the computation time for trajectory
planning without driving corridors increases by 45 % for
the critical variant compared to the non-critical variant. In
contrast, the total computation time with corridors in the
critical variant even decreases slightly by 9 ms.

V. CONCLUSION

By treating reachability analysis for driving corridor ex-
traction as a best-first search problem, our novel approach
can quickly provide the trajectory planner with a first driving
corridor. Additional corridors beyond the first one, which the
planner rarely needs, are computed on demand or in parallel
to planning if idle cores are available. Our method reduces
the waiting time of the planner for a first corridor compared
to existing approaches, which require the entire reachable
set to be computed before any corridors become available.
As our experiments show, the advantages of our approach
are particularly evident in complex scenarios with many
driving corridors and scenarios with narrow solution spaces.
We will include our implementation in a future release of
CommonRoad.
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