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Optimal Local Path Planner Over Receding

Horizon Using Open Interval B-Spline∗

Lucas Si Larbiabc, Eric Lucetad, and Julien Alexandre dit Sandrettobe

Abstract

A local path planning algorithm aims to provide a global, deterministic
and safe solution for the dynamic navigation of wheeled robots with limited
visibility. To this end, a novel approach based on open interval B-spline
curves computed over a receding horizon is exposed in this paper. Real-time
performances are ensured by using an interval branch and bound algorithm.
The resulting path is smooth, obstacle-avoidant, and continuously connects
local paths without requiring additional computation. Furthermore, this ap-
proach offers a guaranteed understanding of the solution’s state. A large set
of simulations, adapted for a wheeled differential robot on several scenarios,
is finally carried out to assess parameters impact and performances.

Keywords: mobile robot, local path planner, interval B-Spline, non-linear
problem, global optimization

1 Introduction

Autonomous off-road navigation of wheeled mobile robots requires rigorous con-
trol adapted to the robot’s local environment. From classical methods such as
sampling-based methods [21] or velocity-based methods [7]; to learning approaches
such as genetic algorithms [13] or end-to-end machine learning methods [3], various
approaches have been proposed in literature applied to autonomous navigation on
uneven terrains. Main requirements in this context are: (i) The ability to consider
multiple constraints such as geometrical constraints (e.g. curvature), or spatial
constraints (e.g. avoid obstacles); (ii) The possibility to optimize the local path
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with regard to the robot’s local environment; (iii) The ability to guarantee an out-
put solution, when one exists, or else the information of its non-existence; (iv)
Finally, the ability to control the computation time to deal with real-time perfor-
mances. In this context, and because of their rigorous properties, interval global
optimization-based methods [9] appear to be a suitable choice [26]. Local plan-
ning usually comes within a more general architecture involving global planning
and tracking control. Global planning aims to join the starting point with the end
point, a goal, using the shortest path which often doesn’t respect any particular
constraint except avoiding a priori known obstacles. The role of tracking control
is to generate motor commands in order to follow the solution generated by the
motion planner. In many applications, a simpler architecture, only including a
global planning level with a high refresh rate (A* [8], Rapidly exploring Random
Tree [21]) and a tracking control level (Pure Pursuit [18], Model-based Predictive
Controller [17]) is sufficient to obtain acceptable results. However, in unstructured
environments, the gap between global planning and tracking control is important.
Local planning level is therefore essential to generate a more complete solution over
a finite horizon around the robot. This solution can take several forms: a path;
a trajectory; a motion direction; or a velocity. Unlike the trajectory, a path is a
succession of points that are not temporally linked. A robot following a path is then
able to change its velocity, to stop and even reverse without having to regenerate
it. This can be interesting in complex situations. This article is therefore focusing
on path generation.

1.1 Related Work and Motivation

Some previous studies already considered B-Spline Curves (BSCs) in the genera-
tion of an optimized trajectory over a receding horizon [6, 19]. B-Spline Curves
where chosen as the solution support due to their properties: a local modification;
a definition of the entire curve only with several control points; a setting of the
degree of continuity of the curve, and therefore the smoothness of the trajectory
generated. The local planning problem has been formalized as a Numerical Con-
strained global Optimization Problem (NCOP). Sequential least squares quadratic
programming [14] were used to find a solution of such problems. Two main issues
were raised: the inability to guarantee a solution if one exists; and the inability to
control computation time and therefore to ensure real-time performance. In this
article, we focus on finding the right solver for our particular problem. There are
several types of solver, in particular those based on artificial intelligence. However,
these solvers do not address the previous issues. Also, interval methods applied to
constrained global optimization allows one to find the global optimum and provide
bounds on its value and location [9]. Moreover, interval branch and bound optimiz-
ers [2] can prematurely stop the optimization and provide a sub-optimal solution
which respects constraints and therefore ensure real-time performance. Path plan-
ners using interval methods are already widely developed [1, 12]. The path planner
proposed in this article addresses the real-time requirement for local motion plan-
ning. As previous studies have shown, reducing the search space is often essential
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to limit the convergence time. In our approach, instead of using only the robot
model as constraints to define the search space, we propose an adapted solution
support. BSCs appear to be interesting for their properties. However, they are
functions from real arithmetic, to be compatible with interval branch and bound,
it is therefore required to used their interval extension.

1.2 Contribution

After an intuitive introduction to interval arithmetic and to B-spline curves in Sec-
tion 2. We provide the first application of interval BSCs (introduced in Section 3)
applied to path generation for mobile robots in Section 4. The formalization onto
a NCOP and the optimization using an interval branch and bound are presented
through three scenarios and a deep analysis based on 10K runs. Each figure of this
article is rigorously and symbolically computed using Python and C++ programs.

2 Preliminaries

Interval arithmetic and B-splines need to be introduced to smoothly explain the
new approach presented in this article.

2.1 Interval Arithmetic

The interval arithmetic is an extension of real arithmetic. Intervals (Definition 2.1)
are considered instead of real numbers.

Definition 2.1. Let x = [x, x] be an interval with its two bounds (x, x) ∈ R2, x ≤
x. x contains all real numbers between x and x including them. The set of intervals
is denoted IR. If x = x, x is said to be degenerate and can be seen as a real number
x = x = x. The width of x is w(x) = x − x. The middle of x is denoted

m(x) = x+x
2 . Finally, a box X = (x0, ...,xn) is a vector of intervals.

The interval arithmetic was first proposed in [20]. It was then fully extended
to deal with real arithmetic issues and limitations such as the division by zero or
the definition and representation of infinite numbers. Moreover, the interval arith-
metic appears to be a strong solution to perform robust and guaranteed computer
calculation [29]. In particular, it offers a solution to the classic rounding error oc-
curring with numerical representation of real numbers in a finite number of bits:
the outward rounding [11, 22]. Finally, like other arithmetics, it provides a wide
range of operations and tools making it interesting for many applications [12]. For
our use-case, we use both interval objects and tools such as respectively interval
B-spline curve [25] and interval branch and bound optimizer [2].

Notation 1. For clarity and to avoid mismatch between real numbers, intervals
and boxes, the following notations are used in this article: x is a real number; x is
an interval; X is a vector; and X is a box.
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2.1.1 Operations

The interval arithmetic includes interval extension of real operations which are
subject to a theorem (Theorem 2.1).

Theorem 2.1. A real operation � ∈ {+,−,×,÷, ...} can be extended to the interval
arithmetic if x � y is an interval containing {x � y | x ∈ x, y ∈ y}.

x � y = [{x � y | x ∈ x, y ∈ y}] (1)

For example, some operations are defined as follows:

• Addition:

x + y = [x + y, x + y] (2)

• Subtraction:

x− y = [x− y, x− y] (3)

• Multiplication:

With D = {xy, xy, xy, xy}, xy = [min(D),max(D)] (4)

As interval arithmetic deals with sets, operations such as the intersection ∩, the
union ∪ and the inclusion ⊂ are also available.

2.1.2 Dependency

The interval arithmetic suffers from an important weakness called the dependency
problem. This problem appears because interval operations are too conservative.

Example 2.1. Let x be a non degenerate interval. Then, x− x = [x− x, x− x].
Therefore, x− x 6= [0, 0].

Although 0 ∈ x−x, x−x is not equal to [0, 0] (Example 2.1) because, according
to the Theorem 2.1, the two operation members are considered independent. In
other words, the operation x − x is equivalent to [{a − b | a ∈ x, b ∈ x}]. More
generally, the dependency problem appears when the number of occurrences of a
variable in an equation is greater than one [20]. The dependency problem is well
known and other arithmetics, such as affine arithmetic [5] or generalized interval
arithmetic [9], were proposed to reduce its impact [15]. In Section 3, we explain
how the definition of interval B-spline curve gets around the dependency problem.

2.1.3 Interval Function

As well as real numbers, the interval arithmetic provides an interval extension of
functions.
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Definition 2.2. Considering f : Rn → Rm, an extension or inclusion function is
the interval function f : IRn → IRm if:

∀x ∈ IRn, f(x) ⊂ f(x) (5)

In this article, we consider the natural interval extension, which consists in
substituting real operators with their interval equivalents presented in Section 2.1.1.

Remark 2.1. Because of the dependency problem, the syntax of the equation has
an important impact on the result interval width. It is therefore interesting to use
symbolic computation in order to reduce the dependency problem.

2.2 Interval Branch and Bound

The interval arithmetic opens the way to an interesting class of optimizers called
Interval Branch and Bound (IB&B) [2]. These optimizers use a succession of bisec-
tions and contractions on boxes to optimize NCOPs with the guarantee to provide
bounds which enclose the global optimum of the cost function [9] (Remark 2.2). A
bisection consists in separating a box into two child boxes. A contraction is an op-
eration which, using the analytical expression of constraints, reduces the widths of
the NCOPs variables. Such optimization can be stopped prematurely (Remark 2.3).
Although sub-optimal, the resulting solution satisfies all the constraints. This ca-
pability enables to deal with real-time performance. Moreover, both parts of a
box resulting from a bisection can be processed independently. IB&B are therefore
parallelizable.

Remark 2.2. When the optimization process ends within the allocated time, IB&B
guarantees the following returns:

• Bounds of the cost function global optimum and corresponding optimized
variables, if they exist.

• An empty set, if no valid solution exists.

Remark 2.3. When the optimization is prematurely stopped, IB&B can deliver two
different results:

• If no point validating constraints was found during the allocated time: the
algorithm returns infinite bounds for the global optimum of the cost function.

• If at least one point validating constraints is found during the allocated time:
the IB&B returns sub-optimal bounds of the cost function global optimum
and corresponding optimized variables.

2.3 Bézier and B-spline curves

Bézier and B-spline Curves (BCs & BSCs), their generalization, are part of the
polynomial curves family. They are widely used by the computer aided design
community; due to their numerous properties and because they offer a powerful
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basis for shapes representations. In this section, we present some interesting prop-
erties of BCs and BSCs for path construction and optimization application. More
BCs and BSCs properties, rigorous demonstrations and references can be found in
books [23, 24]. As well as every polynomial curves, BCs and BSCs can be rep-
resented by either an implicit equation or a parametric function. Unlike implicit
equation, the parametric function form separately describes each variable with a
function depending on a joint parameter3. BCs and BSCs can be represented by
both implicit equation and parametric function forms. In this article, we only con-
sider the parametric function form because it simplifies programming and makes
curve handling more intuitive and flexible. BCs must be introduced (Definition 2.3)
in order to better understand BSCs properties and advantages.

Definition 2.3. A Bézier curve is a polynomial given by:

C(u) =

n∑

i=0

Bi,n(u)Pi, u ∈ [0, 1] (6)

with:

• the Berstein Polynomial Basis Functions (BPBFs):

Bi,n(u) =
n!

i!(n− i)!
ui(1− u)n−i (7)

• the control points:

Pi =


 xi

yi


 (8)

BCs are defined by a finite number of control points which allow, when their
coordinates are modified, to change the shape of the curve. Moreover, as BCs are
constructed from Bernstein polynomials, curves’ degree of continuity is controlled
by the degree of polynomials. The number of control points thus directly influences
the curve degree. Figure 1 shows an example of a three-degree BC (four control
points), starting with its BPBFs, influenced by the attraction of control points, on
lateral planes (xu, yu). The sum of the BPBFs over x and y can be respectively
identified on both planes by a blue and a red dotted curve. The projection of these
two sums onto the xy plane (visible at the back in green) represents the final BC.
BPBF computation details are provided in Table 1.

BCs suffer from an important drawback: the degree of the curve is directly
related to the number of control points. Thus, the degree of the curve quickly
increases when a more precise control is required. Furthermore, by definition, BCs
consist of a single segment: each point of the curve is influenced by every control
points. Consequently, when a control point is moved, the entire curve is modified.

3One parameter per dimension. For example two parameters for a surface.
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Table 1: Bézier curve construction example (related to Figure 1)

Bi,n(u) ∗ Pi

x0 = 0.5

y0 = 0.2

x1 = 1.5

y1 = 1.0

x2 = 2.3

y2 = 0.5

x3 = 2.8

y3 = 1.0

B1,n(u) = −(u− 1)3
(0) −0.5(u− 1)3

(0) −0.2(u− 1)3
- - -

B2,n(u) = 3u(u− 1)2 -
(1) 4.5u(u− 1)2

(1) 3u(u− 1)2
- -

B3,n(u) = −3u2(u− 1) - -
(2) −6.9u2(u− 1)

(2) −1.5u2(u− 1)
-

B4,n(u) = u3 - - -
(3) 2.8u3

(3) u3

C(u) =
∑n

i=0 Bi,n(u)Pi

(
∑

x) −(u3+6u2−30u−5)
10

(
∑

y) (23u3−39u2+24u+2)
10

0

0.5

1
0 1 2 3

0

0.5

1

(0)

(1)

(2)
(3)

(0)
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(2)
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(
∑
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(
∑

y)
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u
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y

Figure 1: Bézier curve construction example (caption in Table 1)
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BSCs were introduced in order to address these issues. Instead of BPBFs, they
are constructed from the sum of B-Spline Basis Functions (BSBFs) computed by
recurrence (Definition 2.4).

Definition 2.4. A B-spline curve is a connection of polynomials given by:

C(u) =

n∑

i=0

Ni,p(u)Pi, u ∈ [up, un+1] (9)

with:

• the B-spline basis functions:

Ni,0(u) =





1 if ui ≤ u ≤ ui+1

0 otherwise
(10)

Ni,p(u) =
u− ui

ui+p − ui
Ni,p−1(u) +

ui+p+1 − u

ui+p+1 − ui+1
Ni+1,p−1(u) (11)

• the knot vector:

U = {u0, u1, ..., un+p+1}, ui ≤ ui+1 (12)

• the control points:

Pi =


 xi

yi


 (13)

As the parameter u moves in the sequence U , a BSC is made up of connected
segments, hence the name: nodes, for the terms of U . A pth-degree BSC controlled
by n + 1 control points has n + 1 − p segments. Unlike BCs, the degree p of
BSCs is not linked to the number of control points (n + 1). Thus, when a control
point is moved, only p + 1 segments are modified. It allows local modification and
drastically reduces the amount of computation. Moreover, the continuity degree
and therefore the smoothness of the curve are fully controllable. Figure 2 shows
four BSCs. The three solid lines represent a three, five and eight-degree BSCs.
Thus, the degree impact on curve deployment is observable. Moreover, in order
to show the local modification property of BSCs, a control point has been moved
(P4 to P ′4), generating the three-degree dashed curve. Finally, each color on visible
BSCs represents a segment.

Remark 2.4. BCs and BSCs can be seen as an approximation of their control points.
An important and well-known property follows: curves are included in the envelope
built from their control points.
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Figure 2: View of three BSC of different degrees (3, 5, 8). View of the impact of
control points positioning on curve deployment (dashed curve).

2.4 Clamped, Semi-Open and Open B-spline

The knot vector U has an important impact on the spatial expansion and the
continuity degree of the BSC. The curve switches from one segment to another.
Each segment corresponds to the parameter displacement between two nodes. Thus,
the knot vector directly influences the position and the continuity degree at segment
connections. When a node is repeated multiple times in U , this node multiplicity
increases. A node of multiplicity m on a pth-degree BSC means that polynomials to
the left and right of the node are of continuity equal to p−m. An higher multiplicity
therefore implies a loss of continuity. In most applications, the multiplicity of the
first and last nodes are fixed to p + 1. The rest of the knot vector is chosen to be
uniform (each node has a multiplicity of one and is evenly distributed in U). This
generates well-known clamped BSCs (Figure 2). Clamped means that the curve
touches the first and last control points. Thus, the BSC end positions are better
controlled. However, when it comes to connecting several clamped BSCs, additional
operations are required to ensure continuity (pth-degree derivatives, curvatures and
curvature evolution must be equal on the left and right of the connection).

Remark 2.5. A pth-degree clamped BSC controlled by p+1 control points is a BC.
Moreover, its knot vector has only two nodes (0 and 1) of multiplicity p + 1. E.g.:
The 8th-degree clamped BSC visible in the Figure 2 (black curve) is a BC.

When it comes to making a large number of connections between BSCs, it is there-
fore better to keep the knot vector fully uniform and thus generate open BSCs.
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Indeed, as the open BSC has a uniform knot vector, the continuous connection is
therefore automatic and does not require additional computation. In fact, in order
to connect two pth-degree open BSCs, p consecutive control points need to be equal
between the two BSCs. For example, the Figure 3(2) shows two connected open
BSCs of degree three. To do so, the first, second and third control points of the
red BSC were chosen equal to the second, third and fourth control points of the
blue one. In this case, the connection takes place at the end of the first segment
of the blue BSC. In general, by definition, connections are necessarily made at the
junction between segments. There’s also an hybrid version where only the first
node of U has a multiplicity of p + 1, resulting in a semi-open BSC. Three-degree
clamped, semi-open and open BSCs, generated with the same control polygon (list
of control points) are visible in the Figure 3(1).
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1
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x

y
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Figure 3: Clamped, semi-open and open B-splines (left). Connection of two open
B-spline curves(right).

3 Interval B-spline

Interval B-spline Curves (IBSCs) were introduced in [25] (Definition 3.1) and mainly
used for data approximation in various contexts: reverse modeling in computer
aided design [28]; curve reconstruction [16]; or more recently for hyperspectral
imaging [4].

Definition 3.1. An interval B-spline curve is a B-spline curve in which the
control points are boxes (Figure 4):

C(u) =

n∑

i=0

Ni,p(u)Pi (14)
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Figure 4: IBSC with three included BSCs including it’s midpoint

Property 1. The coordinates of an IBSC are obtained by algebraic operations
defined in the interval arithmetic (Section 2.1.1). Consequently, considering an
IBSC CQ build with control points included in control points of another IBSC CP .
CQ is thus included in CP and is an IBSC:

∀Qi ⊂ Pi =⇒ CQ(u) =

n∑

i=0

Ni,p(u)Qi ⊂ CP (u) =

n∑

i=0

Ni,p(u)Pi (15)

Remark 3.1. A curve included in an IBSC is not necessarily an IBSC.

The definition 3.1 is interesting as it avoids the dependency problem. Indeed,
as the parameter u is a real number, the equation of the curve can be symbolically
simplified. In its simplest form, each variable, corresponding to the control points
coordinates, appears only once in the equation. The size of the box resulting from
the curve evaluation is then minimal [20]. The dependency problem is overcome.

4 IBSC-based Path Planner

Our local planning approach consists in optimizing successive open IBSC using an
IB&B to generate paths over a receding horizon. Each optimized IBSC is automat-
ically connected with the previous one using the method presented in Section 2.4.
Our application uses circular obstacles to simplify constraints. Distances between
curves and obstacles are therefore simpler to compute. We use the Ibex library [10]
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and its plugin IbexOpt, which respectively implement the interval arithmetic and
an IB&B in C++. Symbolic calculations are made with SymEngine [27] in C++.

4.1 NCOP for path planner

The objective is to connect the starting point S to the end point E with a finite
number of optimizations nopt. The environment contains nobs circular obstacles of
center Ωoj and radius roj . During the kth optimization, the robot has a known
perception distance resulting in a circular planning horizon Hk, centered on the
robot position Ωhk, and of radius rhk. Only visible obstacles: Vobs (included in
Hk), are considered for the kth optimization.

Notation 2. The euclidean distance between A and B is denoted d(A,B).

The kth NCOP is defined as:
Variables:

Pi,k =

∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣∣

S, if





i ∈ {0, ..., p− 1}
k = 0

Pi+s,k−1, with s ∈ {1, ..., n− p}, if





i ∈ {0, ..., p− 1}
k ∈ {1, ..., nopt − 1}

 [−∞,+∞]

[−∞,+∞]


 otherwise

(16)

Cost function:

zk = d2(C(un+1), E) +

n−1∑

i=0

d2(Pi,k,Pi+1,k) (17)

Constraints:

Γk =




∀(Ωoj , roj) ∈ Vobs, ∀u, d2(C(u),Ωoj) ⊂

[
ro2j ,+∞

]

d2(Ωhk,C(un+1)) ⊂
[
rh2

k − ε, rh2
k

]
, ε > 0

(18)

Remark 4.1. All distances are squared to avoid square roots in the symbolic form
of functions, reducing the number of operations during the contraction.

Variables of the kth optimization correspond to the control points of the kth IBSC
(Eq. (16)). By definition, the first point of the curve is affected by p control points.
During initialization, setting the latter equal to the starting point S ensures that
the IBSC starts at S. For other optimizations, to ensure a continuous connection,
the p first control points must correspond to p successive control points of the
previous optimized IBSC. As discussed in Section 2.4, the connection between two
curves necessarily takes place at the junction between segments. The variable s is
used to specify after which segment of the kth curve the connection with the k+1th
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one takes place. For example, if s = 1, the connection takes place at the end of
the first segment of the kth curve. Secondly, we want to minimize: (i) The distance
between the last point of the curve and the end point E, to gradually connect it to
E; (ii) The distance between successive control points to reduce the envelop (control
polygon) area and therefore the spatial expansion of the curve. The cost function is
thus built from these two elements (Eq. (17)). Finally, all curve coordinates must
be outside obstacles and the last point of the curve must be close to the planning
horizon. These two conditions generate the NCOP constraints (Eq. (18)). In order
to exactly reach the end point, when E is inside the planning horizon, the planning
horizon is set equal to the distance between the robot and E. The end of the curve
thus does not exceed E. The planner succeeds when the last point of the curve is
inside an area around E.

4.2 Path classification

When an IB&B provides a solution, it guarantees that constraints are validated.
In the same way, it is possible to detect when optimization has failed (Remarks 2.2
and 2.3). Strategies in case of failure can then be considered. In our approach, as
an optimization takes place in a finite time (t < timeout), three scenarios can be
considered, leading to four path planner states:

• The solution is valid: it is stored and the following optimization is triggered.
If the end point is reached, the path planner succeeded (state = valid).
If the generated path returns to the same location several times, the path
planner is blocked in a concavity formed by obstacles. In practice, to detect
this phenomenon, distances between the center of the new horizon to the
center of all the previous horizons are observed. If the next planning horizon
is close to several previous horizons (several of these distances are smaller
than a threshold): the path planner is considered blocked (state = blocked).

• There is no solution (empty set): optimizations are stopped (state = fail).

• There is no solution in t < timeout (w(zk) = +∞): a local start point is de-
fined as Sk = Ωhk. A new optimization is initiated with more time allocated.
If it succeeds, the next optimization is triggered (state = fail recovered).
The fail recovered state should be seen as an attempt to take into account
rare situations occurring in real-life conditions. Other solutions could be con-
sidered, such a request for assistance involving human intervention. Our ap-
proach disrupts the smoothness of the path, introducing a continuity break.
This recovery approach reduces the scope of suitable robots to differential
and holonomic. If it fails again or if the number of fail recovered exceeds a
threshold value: optimizations are stopped (state = fail).

4.3 Experiments

In this section we analyze this approach in two experiments. Firstly, three general
scenarios are presented to analyze the behavior of the local planner. Secondly, an
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analysis of a large number of simulations involving random obstacles is proposed
to study the states distribution.

4.3.1 Three scenarios analysis

Results of three scenarios are displayed in Figure 5 to examine how the time al-
located to optimization (timeout) and the planning horizon (rhk) affect the path
planner behavior. Values of other parameters are set as follows:

• p = 3: A 3-degree IBSC is C2, which ensures a continuous curvature and a
smooth path.

• n = 4: The number of control points affects directly the problem dimension
(e.g. n = 4: problem of dimension 2(n + 1) = 10). Furthermore, the number
of control points impacts the number of segments. The IBSC must have a
minimum of 2 segments to use the principle generation over receding horizon.
A 3-degree IBSC built from 5 control points (n = 4) has 2 segments and
therefore limits the problem dimension.

• s = 1: A 3-degree IBSC build from 5 control points has 2 segments, s is
necessarily equal to 1. The connection between the kth and the k + 1th IBSC
therefore takes place after the first segment of the kth curve.

• u is discretized 25 times per segment. This gives an average offset of 20cm
between each curve evaluation (assumption of a straight curve over a 10m
planning horizon).
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Figure 5: Timeout (t) and planning horizon (rhk) impacts on the local planner
behavior

Each scenario has a specific environment: (1) Environment composed of large ob-
stacles forming a single cluster. (2) Cluttered environment with small obstacles.
(3) Cluttered environment where obstacles form a dead end. Three parameter sets
were tested in different environments to observe the timeout and planning horizon
impact on the path planner behavior. The shorter the planning horizon, the closer
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the path is to obstacles. An IBSC with a small number of control points generated
over a large horizon means that a single control point causes deformation over a
large area, resulting in some quite bulging areas close to obstacles. Furthermore, a
shorter horizon allows the planner to pass through less accessible areas. Scenario
(3) shows two fail recovered states. In both cases, when entering the dead end,
the optimizer did not obtain a solution within the allocated time. A breaking point
was set up (equivalent to a new starting point), and a new optimization was started
with more time allocated. The blue curve does not contain a break. Indeed, due to
a larger timeout, the optimizer found a more complex solution. Scenarios (1) and
(2) show that the timeout has little impact in environments without dead ends.

4.3.2 Simulated states distribution

A large number of simulations have been carried out with random obstacles and
different parameter sets. An environment, similar to those shown in Figure 5,
is randomly generated for each simulation. Results are shown as four matrices in
Figure 6. One hundred simulations were carried out for each pair of parameters. For
a given pair on a given matrix, the resulting cell represents the state distribution.
For example, with the pair (t = 10, rhk = 1), we obtained 56 % valid; 0 % fail; 0 %
fail recovered; and 44 % blocked. This study shows that the choice of parameters
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Figure 6: 10K simulations analysis

is important to obtain reliable results. In fact, for a timeout greater than 3s
and a planning horizon greater than 3m, more than 77 % of simulations reach
the target while avoiding obstacles. In cases of low timeouts, IB&B doesn’t have
time to obtain a solution, thus the number of fails is important. Furthermore,
it is logical to observe that scenarios with a small planning horizon tend to get
blocked. As part of a complete mobile robotics application, a global planner would
provide intermediate waypoints, helping the local planner to avoid dead ends. A
larger planning horizon implies more calculation, as more obstacles are taken into
account. Thus, for the same timeout, the number of valid solutions decreases when
the horizon increases. In this case, as the fail recovery procedure increases the
timeout, many fails are saved and the target is still reached.
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4.4 Discussion

A limitation comes from the discretization resolution of the parameter u in the
IBSC definition. The gap between two IBSC evaluations makes obstacle avoidance
constraints less rigorous. In theory, the obstacle avoidance constraint (Eq. (18))
guarantees that for all parameters u, the IBSC is outside obstacles. However, the
coordinate of a point resulting from the curve evaluation for a parameter some-
where between two successive values of u is not necessarily outside obstacles. The
lower the discretization resolution, the greater the risk of slightly entering an ob-
stacle. Moreover, the amount of computations increases proportionally with the
discretization resolution of u. This resolution must therefore be chosen according
to the size of the obstacles. An improvement would be to no longer consider u as a
real but as an interval. In this case, obstacle avoidance would be ensured. However,
the problem of dependency would no longer be overcome. A new definition of IBSC
would be therefore required. Another limitation comes from the circular obstacle
assumption. Ideally, all types of obstacle should be considered. One improvement
would be to apply a cost function directly on a cost map and use a binary map
for constraints. In this way, all obstacles would be taken into account with the
resolution of the binary map.

5 Conclusion

Autonomous off-road navigation of wheeled robots requires rigorous control and
planning approaches. The local planning level is essential to fill the gap between
the global planning and the tracking control levels. Interval methods are inter-
esting in this context for their reliability and provided guarantees. We propose
a new interval-based local path planner. The local path is obtained by succes-
sive optimization of an open interval B-spline curve over receding horizon using a
branch & bound optimizer. We thus propose the first application of open interval
B-spline curves for path generation in robotics. After introducing B-splines and in-
terval arithmetic, interval B-splines were intuitively presented. The formalization, a
demonstration in three scenarios, and an in-depth study involving 10K simulations
have been proposed. This new approach has proved its efficiency in complex situ-
ations involving dead-ends and cluttered environments. Furthermore, our method
provides a guaranteed verdict on the solution state obtained after optimization
(valid, fail, fail recovered, or blocked). This technique is general and modular. Var-
ious constraints and optimization criteria can be applied to customize the resulting
path. The requirements of navigation on uneven terrains are then respected.
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