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Minimizing Long Vehicles Overhang Exceeding the Drivable Surface
via Convex Path Optimization

Pedro F. Lima1, Rui Oliveira2, Jonas Mårtensson1, and Bo Wahlberg1 .

Abstract— This paper presents a novel path planning algo-
rithm for on-road autonomous driving. The algorithm targets
long and wide vehicles, in which the overhangs (i.e., the vehicle
chassis extending beyond the front and rear wheelbase) can
endanger other vehicles, pedestrians, or even the vehicle itself.
The vehicle motion is described in a road-aligned coordinate
frame. A novel method for computing the vehicle limits is
proposed guaranteeing feasibility of the planned path when con-
verted back into the original coordinate frame. The algorithm
is posed as a convex optimization that takes into account the
exact dimensions of the vehicle and the road, while minimizing
the amount of overhang outside of the drivable surface.

The results of the proposed algorithm are compared in a
simulation of a real road scenario against a centerline tracking
scheme. The results show a significant decrease on the amount
of overhang area outside of the drivable surface, leading
to an increased safety in driving maneuvers. The real-time
applicability of the method is shown, by using it in a receding-
horizon framework.

I. INTRODUCTION

A. Background and motivation
Public transportation in urban cities is gaining more at-

tention everyday, however, the barometer [1] performed by
the European Commission showed that only 16% of of EU27
citizens use public transport as their main mode of transport.
The main reasons for the low usage of public transport range
from high ticket cost to irregular travel times. One of the
main public transportation modes, the bus, could greatly ben-
efit from automated solutions. Autonomous vehicles achieve
better fuel consumption, which leads to reduced expenses. In
the case of an autonomous bus fleet, the expenses related to
the driver staff would also vanish, and running times would
be more predictable. These factors would greatly reduce the
final cost, making public transportation a more attractive
option.

Buses are often characterized by their big dimensions,
being both long and wide (see Fig. 1). These characteristics
seek to optimize the fuel consumption and driver staff cost,
per passenger. However, this hardens the driving task, as
it is difficult to maneuver the vehicle in tight roads. This
difficulty also reflects itself on automated path planning
algorithms, which are often not able to deal with scenarios
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Fig. 1. Modified Scania bus used as experimental and research platform.

considering large vehicles in roads with small clearance. In
some situations, it is even impossible for a bus to travel
completely within its own lane. Consequently, these vehicles
are typically forced to perform maneuvers in which parts of
the vehicle overhang go outside of the drivable surface. This
is particularly noticeable in vehicles with lengthy overhangs.
The overhang is defined as the length of a vehicle, in both
the front and rear directions, which exceeds its wheelbase,
and it can reach several meters in the case of buses.

Current automated motion planning algorithms often have
hard constraints that do not allow any part of the vehicle
chassis to leave its assigned driving corridor. Thus, it is
necessary to relax these constraints in order to find feasible
traveling paths. However, this must be done in a way that
minimizes the vehicle area that exits the lane while still
ensuring that the paths are collision free with other existing
road users.

B. Main contributions

In this paper, we extend the work presented in [2]. There,
a sequential convex programming (SCP) algorithm is pro-
posed to address the problem of spatial-based path planning
under actuator, obstacle avoidance, and vehicle dimension
constraints. The main benefit of the proposed approach is
the ability of posing the problem in a convex optimization
format, even when considering the vehicle dimension con-
straints, which maximizes the path planning performance
in very constrained environments. The vehicle is modeled
in the space-domain and in a road-aligned frame along the
reference path to exclude time and speed from the equations
of the vehicle dynamics. Also, it allows the formulation of



obstacle constraints as simple state bounds. However, in [2],
the proposed methodology does not deal with the fact that,
in the road-aligned coordinate frame, long vehicles become
extremely distorted, which makes the proposed computation
of vehicle boundaries unusable, as it poorly describes the
vehicle dimension constraints.

The main contributions presented in this paper are:
1) a novel method to compute the vehicle dimension

constraints taking into account the distortion caused
by the coordinate frame transformation;

2) the vehicle modeling into three distinct parts: rear
overhang, between wheels, and front overhang. This
modeling allows the formulation of hard constraints to
ensure that the vehicle wheels are inside the drivable
surface, and soft constraints to minimize the amount
of front/rear overhang outside the drivable surface;

3) the feasibility of applying the proposed path optimiza-
tion method in real-time using it in a receding-horizon
framework;

4) the significant decrease on the amount of overhang area
outside of the drivable surface, leading to an increased
safety in driving maneuvers, when compared to a
centerline tracking scheme in a real driving scenario.

In this paper, we address on-road path optimization sit-
uations, where there is a known drivable surface, normally
the area between two lane borders, and a known traversable
surface, typically outside the lane boundaries (e.g., adjacent
lanes or a low sidewalk), where the overhang can be with-
out risking safety. Moreover, in [2], the proposed convex
program is sequentially solved until a certain termination
criterion is met. There, obstacle avoidance could require large
steering maneuvers, which could affect the vehicle dynamics
and the vehicle’s dimension constraints linearization due to
their dependence on the underlying reference trajectories and
input. In the case of on-road planning, there is no need
for sequentially solving the optimization problem, as the
planning can be seen as an optimal refinement of the road
centerline.

C. Literature review

To the best knowledge of the authors, there are currently
no proposed path planning solutions that address the problem
of minimizing the amount of overhang area outside the
road lane during long-vehicle maneuvers. However, in this
section, we perform a brief literature review of path planning
methods (see [3] and references therein) comparing them to
our proposed approach.

Graph-search approaches (e.g., [4]–[9]) are common in
practical applications, as they yield real-time algorithms for
discrete state spaces. To satisfy the non-holonomic con-
straints of the vehicle, those algorithms can be based on
an offline created lattice, which is used as a search graph
to span over the drivable environment. However, the search
graph only represents a discretized version of the drivable
environment and so, those algorithms tend to produce paths
that are non-smooth.

Alternatively, incremental tree-based approaches
(e.g., [10]–[13]) ensure kinematic feasibility of the path
in a forward search in continuous coordinates. However,

practical implementations usually require an efficient choice
of heuristics, which can be scenario-dependent. Some of
these methods are also known for their sub-optimality and
randomness.

In this paper, the preferred approach is to directly formu-
late the path-planning problem as an optimization problem
(e.g., [14]–[22]). Optimization-based approaches have re-
cently gained attention, due to the ever-increasing computing
power and broader offer of numerical optimization tools.
These approaches are attractive due to the possibility of
explicitly enforcing vehicle constraints and easily defining
optimization objectives. The main challenge with this type
of approaches is to guarantee real-time performance and
the convergence to a global minimum. Typically, that is
not possible when formulating the problem in a nonlinear
and nonconvex framework (e.g., [14], [16], [18], [21]). To
overcome these limitations, the hierarchical division of the
planning/control problem in two sequential stages has been
proposed (e.g., [15], [23]). The first layer is assumed to
be computationally more expensive and is performed less
frequently, and the second layer uses simplified vehicle
models and is computationally more efficient. An alternative
is the linearization of the vehicle dynamics and constraints
to reformulate the problem in a convex and simpler-to-
solve framework (e.g., [20], [22]). However, in these, ve-
hicle dimension constraints are typically discarded, either
assuming point mass vehicle modeling or resorting to coarse
approximations of the vehicle limits. In [14], the vehicle
is decomposed into several circles of fixed radius. This
approach leads to quadratic constraints and thus, the problem
is solved by means of a sequential quadratic programming
(SQP) method, which is typically more expensive than
convex problems. Within the optimization based approaches,
spatial-based vehicle models and problem formulations are
recurrent in the literature (e.g., [15], [16], [22]).

D. Outline

The rest of this paper is organized as follows. In Section II,
the problem is formulated, and we introduce the notion of
road-aligned coordinate frame and derive the space-based
vehicle model; in Section III, we present a method to
compute the vehicle dimension constraints, and formulate the
problem as a convex optimization; in Section IV, we provide
simulation results showing the effectiveness of the proposed
method; finally, in Section IV, we provide some concluding
remarks and outline future work.

II. PROBLEM FORMULATION

In this section, we setup the problem addressed in the
remainder of the paper and review the derivation of the
linearized spatial-based kinematic model. We follow the
notation used in [2].

A. Road-aligned coordinate frame and spatial-based vehicle
model

As in [2], the vehicle model and the path optimization
problem constraints are derived in the road-aligned frame.
Such representation eliminates the time-dependency by in-
troducing the variable s representing the distance along
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Fig. 2. Illustration of a bicycle model including the representation of
the road-aligned coordinate frame. The vehicle model is separated in three
different parts, namely, rear overhang (a), wheelbase (l), and front overhang
(b).

the road centerline. We model the lateral displacement ey
and heading displacement eψ between the vehicle and the
road as a function of space s. The relation between the
global frame and the road-aligned frame is illustrated in
Fig. 2. The parameters a, b, l, and w indicate front and rear
overhang length, vehicle wheelbase, and vehicle half-width,
respectively. This paper, focuses on the generation, at each
time instant t, of a smooth spatial-based discrete path defined
by

Tt(ηn) =
[
st(ηn) ey,t(ηn) eψ,t(ηn)

]ᵀ
, (1)

where ηn is an N -point discretization of the distance traveled
along the planned path and n ∈ {1, 2, . . . , N}. Note that the
distance along the planned path η is, in general, not the same
as the distance s along the centerline.

We target on-road path optimization, where the road
consists of a convex corridor characterized by bounds of the
form

emin
y (st(ηn)) ≤ ey,t(ηn) ≤ emax

y (st(ηn)) .

We assume forward motion at constant speed. When model-
ing the vehicle in the space domain, we eliminate the velocity
dependency and, therefore, vehicle acceleration constraints
are not considered.

The nonholonomic car-like kinematic model is particu-
larly suitable for low-speed (i.e., when the lateral dynamics
have little influence) applications. Its time-domain kinematic
equations [24] are given by

ẋ =
∂x

∂t
= v cos(ψ),

ẏ =
∂y

∂t
= v sin(ψ),

ψ̇ =
∂ψ

∂t
=
v

l
tan(δ),

(2)

where (x, y, ψ) represent the vehicle pose in the global
frame, l is the wheelbase, v is the longitudinal velocity in
the vehicle coordinate system, and δ is the steering angle of

the front wheels. We can relate the vehicle curvature κ with
the vehicle steering angle δ by κ = tan(δ)

l .
According to Fig. 2, we can geometrically derive the

relations
ėy = v sin(eψ),

ėψ = ψ̇ − ψ̇s,

ṡ =
ρsv cos(eψ)

ρs − ey
,

(3)

where ρs is the radius of curvature of the road (assumed to
be bigger than ey) and ψs is the road heading angle.

We use the chain rule to express the spatial derivative
as function of the time derivative, namely ∂(·)

∂s = ∂(·)
∂t

∂t
∂s =

∂(·)
∂t

1
ṡ . Hence, the spatial-based representation of (3) can then

be derived as

e′y =
ėy
ṡ

=
ρs − ey
ρs

tan(eψ),

e′ψ =
ėψ
ṡ

=
(ρs − ey)κ

ρs cos(eψ)
− ψ′s.

(4)

Let the road centerline be uniformly discretized such
that {sj}Nj=0 = {s0, s1, . . . , sN}. Also, let the state
vector be z =

[
eψ ey

]ᵀ
, and (4) be described by

z′ = f(z, u). We linearize and discretize the vehicle model
around the road centerline {erefψ,j}Nj=0 = 0, {erefy,j}Nj=0 = 0,
and {κrefj }

N−1
j=0 = { 1

ρs,j
}N−1j=0 using a first-order Taylor ap-

proximation and then apply exact discretization using [25].

III. CONVEX PATH OPTIMIZATION

In this section, we formulate the path optimization prob-
lem in the form of a convex optimization problem. To that
end, we describe a novel method for computing the vehicle
dimension constraints and their corresponding linearization.

A. Linear vehicle dimension constraints

The method presented in [2] assumes that the vehicle is
short and the road has low curvature. Therefore, representing
the vehicle as a rectangle in the road-aligned frame is, in
fact, a fair approximation. However, as the vehicle length
increases and the scenarios consider large road curvatures,
that approximation loses its validity. Fig. 5 illustrates the ve-
hicle distortion when converting from the global coordinate
frame to the road-aligned frame.

In the following, we derive the vehicle dimension con-
straints for the vehicle edges between the front and rear
axles. The derivation of the vehicle edges for the other parts
(i.e., the rear or the front overhang) is done analogously.
We want to ensure that the vehicle wheelbase is always
inside the drivable surface. Also, to evaluate the amount
of vehicle chassis outside the drivable surface, we need to
derive expressions that allow us to compute the position of
the vehicle edges.

According to Fig. 3, at every sj , we define the set of
s-coordinates that include the s-coordinates of the vehicle
corners in between any two grid points. Thus, we compute
the s-coordinates of the four vehicle corners and approximate
them conservatively. Formally, we define the set S̃j , which
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contains all the s-coordinates between the outer-most vehicle
corners,

S̃j = {s ∈ {sk}Nk=0 : ∆sj,min ≤ s ≤ ∆sj,max}
= {sk̃1 , sk̃2 , . . . , sk̃M̃ }, (5)

with M̃ being the number of points in the set S̃j and

∆sj,min = min(sj,c3 , sj,c6),

∆sj,max = max(sj,c2 , sj,c7),

where sj,ci for i = 2, 3, 6, 7 represent the four vehicle wheel-
base corners when the rear-axle center is at position sj . The
s-coordinate of the corners ci, i = 1, . . . , 8 in Fig. 2, can be
expressed as

sci = s+ ξci cos(eψ) + ζci sin(eψ), (6)

with
ξci ∈ {l + b, l, 0,−a,−a, 0, l, l + b},
ζci ∈ {−w,−w,−w,−w,w,w,w,w}.

(7)

Afterwards, we take the conservative approximation of the
vehicle envelope by prepending and appending the closest
s-coordinates, defining the new set Sj as

Sj={sk̃1−1, sk̃1 , . . . , sk̃M̃ , sk̃M̃+1}={sk1 , . . . , skM }, (8)

where M ≥ M̃ is the number of points in the set Sj .
Thus, we describe lateral vehicle boundaries affine in sj

and nonlinear in eψ,j as

elower
y,j (sk)=ey,j+tan(eψ,j(sk))(sk−sj)−

w

cos(eψ,j)
,

euppery,j (sk)=ey,j+tan(eψ,j(sk))(sk−sj)+
w

cos(eψ,j)
,

(9)

where sk ∈ Sj .

The inclusion of the sk dependency in the term
tan(eψ,j(sk)) captures the deformation caused by the trans-
formation from global coordinate frame to road-aligned
coordinate frame.

The linearization of (9) yields

elower
y,lin,j(sk) =

[
glower(sk) 1

]
zj + hlower

lin,j (sk),

euppery,lin,j(sk) = [gupper(sk) 1] zj + hupper
lin,sk

(sk),
(10)

with glower(sk), hlower
lin,j (sk), gupper(sk), and hupperlin,j (sk) pa-

rameterized by sj , erefψ,j , and erefy,j . The later vehicle edges (10)
are only evaluated at the discrete grid points sk1 and skM . In
other words, we are only interested in evaluating the corners
position of the outer envelope of each one of the vehicle
parts. This can be expressed as the set of inequalities[

elower
y,lin,j(sk1)

elower
y,lin,j(skM )

]
≥
[
emin
y (sk1)
emin
y (skM )

]
,[

euppery,lin,j(sk1)
euppery,lin,j(skM )

]
≤
[
emax
y (sk1)
emax
y (skM )

]
.

(11)

Inequalities (11) are linear in state zj at position sj and
can be compactly summarized as

Qlower
j zj ≥ qlower

j and Qupper
j zj ≤ qupperj ,

with Qlower
j , Qupper

j ∈ R2×2, qlower
j , qupperj ∈ R2 dependent

on references erefψ,j and erefy,j .
We have a vector of inequalities (11) for each one of the

vehicle parts. Thus, we construct

Q̄lower
j =

[
Qlower,roh
j Qlower,bw

j Qlower,foh
j

]ᵀ
,

Q̄upper
j =

[
Qupper,roh
j Qupper,bw

j Qupper,foh
j

]ᵀ
,

q̄lower
j =

[
qlower,roh
j qlower,bw

j qlower,foh
j

]ᵀ
,

q̄upperj =
[
qupper,rohj qupper,bwj qupper,fohj

]ᵀ
,

(12)

where the subscripts roh, bw, and foh stand for rear over-
hang, between wheels, and front overhang, respectively.

B. Objective function

The objective function has two distinct terms. The first
term is Jsmooth(κ), which is a convex function (e.g., max |κ|)
that is used to enforce smoothness of the planned path. The
second term is Joverhang(σey , λ) = σᵀ

eyλσey , which is an-
other convex function that accounts for the vehicle dimension
constraints violations. The parameter λ is used to penalize
vehicle dimension constraints violations (e.g., lane bound-
aries or obstacles). Since there are three different vehicle
parts to be considered, we choose λ = diag(λfoh, λbw, λroh),
to penalize the front overhang, between wheels, and rear
overhang outside the drivable surface, separately. We choose
λbw � λfoh = λroh as we want to prevent the wheels
from exiting the lane boundaries but allow the overhang(s) to
surpass the lane limit. The introduction of a slack variable
vector σey = [σefohy

, σebwy , σerohy
]ᵀ ensures feasibility of the

optimization problem.



C. Convex optimization problem formulation
We formulate the path optimization problem as a convex

optimization based on the linearized vehicle model and
vehicle dimension constraints as

min
κ,σey

Jsmooth(κ) + Joverhang(σey , λ) (13a)

s.t. zj+1 = Ajzj +Bj κ̃j , j = 0, . . . , N − 1, (13b)

eψ,N = erefψ,N , ey,N = erefy,N , (13c)

eψ,0 = erefψ,0, ey,0 = erefy,0, (13d)

emin
y,j ≤ ey,j ≤ emax

y,j , j = 1, . . . , N, (13e)

κmin ≤ κj ≤ κmax, j = 0, . . . , N − 1, (13f)

∆κmin≤κj − κj−1≤∆κmax, j = 0,. . ., N − 1, (13g)
κ−1 = κ(0) (13h)

Q̄lower
j zj ≥ q̄lower

j − σey , j = 1, . . . , N, (13i)
Q̄upper
j zj ≤ q̄upperj + σey , j = 1, . . . , N, (13j)

σey ≥ 0, (13k)

with decision variables {κj}N−1j=0 and σey . The initial state
is denoted by z(0) = [erefψ,0 e

ref
y,0]ᵀ, initial curvature κ(0), and

κ̃j = κj − κrefj . Constant upper and lower bounds are κmin,
κmax, ∆κmin = κ̇minTs, and ∆κmax = κ̇maxTs, where time
Ts is related heuristically to the discretization grid taking
reference speed into account. The vehicle dynamics model
imposed under the form of equality constraint (13b) is pre-
sented in Section II-A. Vehicle dimension constraints (13i)
and (13j) are discussed in Section III-A. The objective
function (13a) is discussed in Section III-B.

IV. SIMULATION RESULTS

In this section, we discuss the performance of the proposed
path optimization algorithm described in III-C. The perfor-
mance evaluation is based on the vehicle overhang amount
exiting the drivable surface (i.e., the road lane limits). We
measure this amount in two situations, namely, when tracking
the road centerline and the optimized path. To be able to
provide performance bounds, we derive geometrically the
minimum road width necessary depending on the vehicle
geometry and road curvature.

A. Minimum road width
Fig. 4 depicts the geometry of the problem of computing

the minimum road width depending on the road curvature
κs = ρ−1s and the vehicle dimensions. Using this informa-
tion, we can derive the minimum road width necessary for
the vehicle to travel with all the wheels inside the lane limits.
Moreover, we can also derive an expression for an estimate of
the amount of vehicle overhang outside the drivable surface.
From Fig. 4 we get

R1 =
√
R2

2 + l2, (14a)

R3 =
√
R2

2 + (l + b)2, (14b)

Furthermore,

R1 = ρs +W, (15a)
R2 = ρs −W + 2w. (15b)

l

2w
2W

R2

R3

ba

ρs

Optimal path tracking

R1

E

Center of rotation

Fig. 4. Geometric relations used in the computation of the minimum road
width.

From the above relations, we determine the minimum road
width as

W =
l2 + 4w2 + 4ρsw

4(ρs + w)
, (16)

and the estimation of the amount of vehicle overhang outside
the drivable surface

E = R3 −R1. (17)

Note that this estimate considers that the vehicle is traveling
with the rear wheels, and, consequently, with the vehicle
center of rotation, tangentially to the road inner-lane. If the
road width is bigger than the minimum computed in (16), the
vehicle does not necessarily need to travel tangentially to the
road inner-lane to minimize the amount of overhangs outside
the drivable surface. We will come back to this discussion
in the next subsections.

B. Path optimization

For prototyping the optimization problem, we use the
MATLAB toolbox CVX [26] with Gurobi as a solver [27].
All simulations are conducted on a desktop PC run-
ning Windows 7 equipped with an Intel Xeon CPU E5-
2670 v2 @2.50GHz, 16.0GB of memory, and using MAT-
LAB R2016a.

The scenario presented in Fig. 5 consists of a road with
tight lane boundaries and large curvature. The reference path
data points are recorded from Scania’s test facilities near
Södertälje, Sweden. The space discretization is chosen to be
0.25 m. The maximum path curvature is 0.117 m−1, which,
using (16), corresponds to a minimum lane width of 2.19 m.
However, we use a lane width of 2.5 m, otherwise, the
optimal path would be to travel tangentially to the road inner-
lane as shown in Fig. 4 and discussed in Sec. IV-A. The ve-
hicle dimensions used and input constraints are based on the
Scania bus shown in Fig. 1. The dimensions are a = 2.66 m,
b = 3.34 m, l = 6 m, and w = 1.27 m. The input constraints
are κmax = 0.18 m−1 and κ̇max = 0.03 m−1/s.

1) Offline path optimization using the whole ref-
erence path: Fig. 5 depicts the outcome of (13).
The first term of the cost function is chosen as
Jsmooth(κ) = max(|D1κ|) + max(|κ|), where D1 is the ma-
trix operator that calculates the first-order differences of
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a vector. Moreover, λfoh = λroh = 1 and λbw = 103.
It can be seen that the vehicle wheels always lie inside
the drivable surface. Note that the obtained shape of the
optimal path cuts the corner to use the drivable surface more
efficiently. Moreover, Fig. 6 compares the optimal path with
the centerline. When tracking the centerline, the amount of
(front) overhang outside the drivable surface is 2.67 m, while
when tracking the optimal path it is only 1.47 m. Therefore,
our proposed method reduces the amount of overhang outside
the drivable surface by 45%. Estimating the amount of
overhang outside the drivable surface using (17), we get
1.66 m. Since the road width chosen in this scenario is bigger
than the minimum road width (16), the optimal path is not
tangent to the road inner-lane, leading to a smaller amount
of overhang outside the drivable surface.

2) Online path optimization using receding-horizon
framework: The major drawback with the proposed method
is its high computation burden. The scenario presented has
195 m and, thus, 780 sampling points. The optimization
solver takes 2.16 s to find the solution. A possible alternative
is to make use of the receding-horizon framework. Instead
of using the whole reference path, the optimization can be
performed over shorter subsets of the path, while moving
along it. Moreover, the solutions computed at each step can
be used as new references to improve the linearization accu-
racy and reduce the solver execution time in the next step.
An optimal path is computed every 5 m, using a prediction
horizon of 10 m. Fig. 6 compares the outcome of (13) in



a receding-horizon fashion with optimizing over the whole
reference path. When tracking the receding-horizon optimal
path, the amount of (front) overhang that exceeds lane limits
is 1.56 m, only 0.09 m more than when tracking the optimal
path. Moreover, the average computation time is 0.30 s, with
a maximum of 0.55 s. These execution times demonstrate
the feasibility of applying the method in real-time, since a
vehicle would not drive faster than 5 m/s in a road with
curvature exceeding 0.11 m−1 [28]. Therefore, at 5 m/s
solutions are computed every 1 s, which comfortably fits
the execution time of the solver. Fig. 7 depicts the input
signals computed using the offline and the receding-horizon
approach. As expected, due to the inherent suboptimality of
the receding-horizon approach, the computed curvature is not
as smooth as in the offline case, which considers the whole
path. Note that, for comparison purposes, the cost function
used in the receding-horizon approach is exactly the same
as in the offline case. We can get smoother solutions by
tuning the cost function by, for instance, penalizing more
non-smooth curvature signals. In any case, it can be seen
that, either in the road-aligned and in the global coordinate
frame, the computed optimal path is smooth.

V. CONCLUSIONS AND FUTURE WORK

In this paper, we proposed a spatial-based path optimiza-
tion method for actuator and vehicle dimension constraints
using convex optimization. The vehicle motion is predicted
using a linearized and discretized spatial-based vehicle model
in a road-aligned coordinate frame. We propose a novel
method to compute the vehicle dimension constraints, since
long vehicles are severely deformed in the road-aligned
frame. In simulation, the effectiveness of the method was
evaluated using a real road with tight lane constraints. The
amount of overhang that surpassed the lane limit was reduced
by 45% when compared with driving the same road tracking
the centerline. Moreover, we demonstrated the real-time
applicability of our method by using it in a receding-horizon
framework, with almost no loss of performance.

As future work, we would like to compare our method
with the path driven by professional drivers and, eventually,
implement such algorithm in a real vehicle. Also, we believe
that our method is easily extendable to other applications
involving long vehicles.
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