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SUMMARY
Planning paths that are length or time optimized or both is an age-long problem for which numerous
approaches have been proposed with varied degree of success depending on the imposed constraints.
Among classical instances in the literature, the Traveling Salesman Problem and the Vehicle Routing
Problem have been widely studied and frequently considered in the realm of mobile robotics.
Understandably, the classical formulation for such problems do not take into account many different
issues that arise in real-world scenarios, such as motion constraints and dynamic environments,
commonly found in actual robotic systems, and consequently the solutions have been generalized
in several ways. In this work, we present a broad and comprehensive review of the classical works and
recent breakthroughs regarding the routing techniques ordinarily used in robotic systems and provide
references to the most fundamental works in the literature.

KEYWORDS: Traveling Salesman Problem; Vehicle Routing Problem; Dubins vehicle; Dubins TSP;
TSP with neighborhoods; k-TSP; Dynamic VRP.

1. Introduction
Recent advances in the research domain of autonomous vehicles have raised a broad range of intriguing
questions and uncovered subtle nuances of several classes of already known problems. Path planning
is fundamental to navigation, one of the basic problems in mobile robotics, which requires answering
a simple question: “How do I get there?” The answer to this question is directly related to the strategy
used by the mobile robot to safely arrive at a goal position.

Therefore, finding feasible routes for mobile agents that are either length or time optimized is
paramount, and has been the goal of several research fields, including robotics. The literature on the
subject is vast and includes works such as refs. [19,49].

In this context, the Traveling Salesman Problem (TSP) remains one of the most studied routing
problems, and since it is NP-Hard, several heuristic algorithms to tackle it have been proposed.
However, for a large number of real-world scenarios, the use of the classical mathematical formulation
for the TSP has shown to be either insufficient to grasp the peculiarities or too simplistic to be useful.
In order to overcome some of these limitations, the TSP has been generalized to encompass the
following requirements:

• Motion constraints: Kinematic and dynamic motion constraints, for example, play a fundamental
role in the movement of the majority of vehicles currently in use, such as automobiles and fixed-
wing aircrafts. These vehicles have one or more constraints associated with their motion, like
minimum turning radius, stall speed, maximum pitch (climb/dive) angles, among others.

• Neighborhoods: Instead of reaching the exact coordinates of a point of interest, the vehicle is
required to visit any location within an area surrounding that point. This model is more suitable
for applications such as Wireless Sensors Networks (WSNs), where communication is expected to
be available within a certain region where nodes and mobile agents are located.
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• Multiple vehicles: The application of multiple robots presents several advantages like increased
robustness and, in most cases, reduction in the time required to accomplish a given task. However,
it also raises many challenges, such as coordination, control and planning.

• Dynamic scenarios: Current literature usually considers static instances, i.e., a vehicle is dispatched
to follow an unchangeable and previously planned path, which are assumptions that seldom hold
due to the dynamic nature of many real-world applications. In WSNs, for example, new nodes
(or those awakening from sleep states) should also be visited, demanding changes to precomputed
paths.

All of the above generalizations were developed to tackle real-world problems and have effectively
been used in many different applications such as precision agriculture, environmental monitoring,
surveillance and exploration of unknown regions.

In this work, we intend to present a broad and comprehensive review of the literature, discussing
the fundamental generalizations for both the TSP and Vehicle Routing Problem (Vehicle Routing
Problem (VRP)) regarding their use in robotic systems. Therefore, we will detail and discuss the
state-of-the-art considering the aforementioned generalizations: (i) motion constraints; (ii) inexact
visit position (neighborhoods); (iii) multiple vehicles; and (iv) dynamic scenarios.

2. Motion Planning
Motion planning is a fundamental task in robotics and especially for autonomous mobile robots.
Therefore, such problem has been broadly studied and a wide variety of different techniques can be
found in the literature.19,49,88

Consider a world W , where either W = R2 or W = R3, which contains a region with obstacles
O ⊂ W . The set of configurations that a robot may achieve in its environment constitutes a space
that can be defined as Cfree = C \ Cobs, where C is the set of all possible configurations and Cobs

configurations that collide with an obstacle. The basic motion planning problem can be formally
defined as finding a path from qI ∈ Cfree to qG ∈ Cfree, where qi = 〈pi, ψi〉 represents the Initial
and Goal configurations, respectively. A complete algorithm must compute a (continuous) path,
τ : [0, 1] → Cfree, such that τ (0) = qI and τ (1) = qG.49

Several reactive navigation strategies can be found in the literature, such as Artificial Potential
Fields,45 Vector Field Histogram16 and the Dynamic Window Approach.33 These techniques do
not rely on any previous information about the environment and consider only the information
provided by its proprioceptive sensors to decide the next action to take. Even though it might
be possible for such robots to reactively traverse their environments, the competence of planning
and computing paths is an important feature, especially to overcome limitations such as local
minima.47

Considering the availability of maps, Roadmap approaches such as Visibility Graphs,56 Cell
Decomposition19,49 and Voronoi Diagrams93 are the most fundamental in the area. As an alternative
to deterministic planning algorithms, random methods generally known as Probabilistic Road Maps
(PRMs) or Sampling-based motion algorithms49 have also been developed. Among several random-
sampling motion planning methodologies, Rapidly-Exploring Random Trees (RRTs)50 which consists
of generating trajectory trees that grow quickly through a known environment, have been largely
employed.

Another class of reactive algorithms that have been extensively studied in the past years
encompasses navigation methods with collision avoidance based on the velocity space,18,36,91,104 such
as the Velocity Obstacles (VO),32 Reciprocal VO99,101 and Optimal Reciprocal Collision Avoidance100

methods. In these methods, the robot uses the velocities of other robots in its neighborhood
to calculate the velocity with which it should move in order to prevent collision with other
robots.

Nonetheless, there are several problems that require the vehicle to traverse a set of points instead
of just reaching a single destination point. Transportation and logistics applications, surveillance and
monitoring tasks as well as agricultural activities (e.g. pesticide spraying), among others. In such
cases, an efficient and effective visiting route may be obtained considering different characteristics
of the vehicle and the environment, resulting in an in an even greater challenge.
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3. Motivation
A possible taxonomy for the different approaches concerning routing problems may group the works
in the literature taking into account, for example, the number (one or several) or type of vehicles
(holonomic or non-holonomic) involved. Environmental characteristics may also be considered, such
as the presence or absence of obstacles and if the environment is dynamic or static.

The TSP is a fundamental combinatorial optimization problem and has been widely studied.4 The
problem may be defined to determine the shortest path (sequence of visit) that passes through a set of
previously defined points (cities), starting at any given point and returning to the starting point after
visiting all points once. More formally, the problem is to determine the shortest Hamiltonian cycle.82

Since the TSP is an NP-hard problem, proposed solutions are often heuristic based. This is explained
by the fact that due to its complexity, the time required to compute solutions for instances with a few
dozen points may become prohibitive especially if the application depends on a result within a short
period of time. Consequently, it is possible to choose between the quality and the efficiency of a
solution. Among the most well-known and used heuristics algorithms are those of Christofides20 and
Lin-Kernighan.55

One of the main shortcomings when using the classical model proposed by the TSP in robotic
systems is the fact that this model does not incorporate other information besides the target positions,
for example, the restrictions of the vehicles used such as the minimum turning radius among others.
For this reason, several studies have suggested generalizations to the TSP hence, incorporating
certain restrictions regarding the vehicle or the environment, making it more comparable to real-
world scenarios. Some of these possible variations for the TSP that applies to robotic systems are
discussed in the following sections.

4. Non-holonomic Vehicle Routing
As mentioned earlier, a large number of vehicles present kineto-dynamic constraints that are classified
as non-holonomic.49,88 These vehicles may have one or more constraints associated with their motion,
among which are the minimum turning radius, maximum torsion and maximum pitch (climb/dive)
angles. Therefore, when considering these types of vehicles, such as an Ackerman steering vehicle or
a fixed-wing Unmanned Aerial Vehicle (UAV), consideration of these restrictions as well as the use
of different methods to plan and estimate the cost of a path is paramount. In the context of mobile
manipulators, other types of kinematic constraints may arise, which can be tackled, for example,
with optimal control approaches,25,96 by jointly considering the trajectory generation and the control
problems.

Here, we mainly consider the kinematic model for a vehicle with a minimum turning radius ρ,
moving on a plane, which may be given by

ṡ =
⎡
⎣ ẋ

ẏ
θ̇

⎤
⎦ =

⎡
⎣ ν cos(θ)

ν sin(θ)
ω

⎤
⎦ , (1)

where ν (ν ∈ R+) represents the linear velocity and ω the angular velocity (ω ∈ {−ν/ρ, 0, ν/ρ}).
As far as the reactive approaches are considered, the original VO concept was later extended to

handle robots subject to non-holonomic kinematic constraints.65,104 However, although attainable by
the robot, paths planned by on-line navigation strategies may fall short with respect to generating the
shortest path.

The generation of paths for non-holonomic vehicles is an important theme in robotics.49,88 Several
studies dealing with this problem make use of the so-called probabilistic algorithms. In ref. [3], a
method was proposed to generate trajectories(1) for fixed-wing UAVs in environments with obstacles
based on the use of the RRT algorithm. In ref. [58], the path planning (time is not considered) is
carried out using Genetic Algorithm (GA) and Bézier curves. This type of algorithm (probabilistic)
has been used in many studies,21,42,44,48,66 since its main advantage is the possibility of using simplified
representations for all of the constraints involved.

(1)A trajectory differs from a path in that for the former time is essential, whereas for the latter it is essentially
immaterial.
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(b) Long case.

Fig. 1. Example of Dubins curves with a minimum turning radius ρ for the two basic cases connecting an initial
configuration qi and a final configuration q f . (a) Short case. (b) Long case.

qi qf

ρ

Fig. 2. Example of a Reeds–Shepp curve with a minimum turning radius ρ connecting an initial configuration
qi and a final configuration q f .

The aforementioned probabilistic methodologies allow for a feasible path to be generated but so
far there has been little concern with a formal investigation of the theoretical lower bounds for the
path length, and thus they favor feasibility over optimality.

Taking just the curvature constraint into account, most planners focusing on generating minimum
length paths for this type of vehicle make use of Dubins curves for modeling the routes, instead of
only straight lines. In its seminal work,26 Dubins showed a way to compute the shortest path between
two points with assigned orientations in the two-dimensional space and considering a vehicle with
minimum turning radius constraint. The solution is a composition of curves (C) to the left (L) or right
(R) with the minimum turning radius, and straight lines (S). There are basically two types of paths:
the short case which is a composition of three arcs (CCC), and the long case which includes a straight
line between arcs (CSC), or a sub-path of a path of either one of these two types. Figure 1 shows two
examples of Dubins curves connecting different configurations.

Dubins curves have basically six possible ways to connect straight line segments and arcs: LSL,
RSR, RSL, LSR, RLR and LRL. A classification addressing these different possibilities is presented in
ref. [87], making it possible to find the optimal path by means of a logic manipulation of the candidate
curves without the need to compute all six possible options.

The Dubins vehicle model is often used in robotic systems since it encompasses a large class of
non-holonomic vehicles that range from Ackerman steering cars to fixed-wing airplanes. The model
initially considered forward-only motion; however, this was extended by Reeds and Shepp,81 where
backward motion is also allowed. Figure 2 illustrates a Reeds–Shepp path.

The problem of generating minimum length circuits for visiting a set of points while respecting
the curvature constraint of the vehicle and making use of Dubins curves was initially introduced in
ref. [85], and was called Dubins TSP (DTSP), which is a generalization of the TSP in which a path
is composed of Dubins curves. This problem has two basic requirements: (i) the path connecting any
two points should be a Dubins curve; (ii) the Dubins curves that converge on the same point must
have the same orientation.

Given Q� = 〈P�, 	�〉 some permutation � of configurations qi = 〈pi, ψi〉 to represent the
complete state of the vehicle in the SE(2) domain. Having P� as the constant position vector and 	�
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(a) ETSP solution. (b) DTSP solution.

Fig. 3. Comparison of the resulting circuits obtained for the (a) ETSP and (b) DTSP with orientations determined
by the Alternating Algorithm [85].

the orientation vector of this permutation. The path planning problem can be formally stated as

minimize
	, �

Lρ (Q� ) (2)

with

Lρ (Q� ) = Dρ (qN , q1) +
N−1∑
i=1

Dρ (qi, qi+1), (3)

where Dρ : SE(2) × SE(2) → R+ represents the length of the shortest feasible path attainable by a
Dubins vehicle with a minimum turning radius ρ.

In ref. [85], the path is calculated in three steps. In the first step, the visiting sequence is obtained
by computing the solution for one instance of the Euclidean TSP (considering the set of points). The
second step is the generation and calculation of the Dubins curves connecting the points. However, in
order to generate the curves, it is first necessary to assign an orientation to each of the points—noting
that the calculation of these orientations is a challenge on its own. Then, the third step, a simple
heuristic is used to generate the orientations called Alternating Algorithm (AA), where the points are
alternately connected by line segments and Dubins curves. Formally, the orientation of a waypoint i,
expressed as ψi, is determined as follows:

ψi =
{

dir(pi, pi+1) if i is odd
dir(pi−1, pi) if i is even

1 ≤ i ≤ N, (4)

where pi = (xi, yi) (with 1 ≤ i ≤ N) and dir(pi, p j ) is defined as the direction (unit vector) from a
given waypoint toward another, i.e.

dir(pi, p j ) � p j − pi

‖p j − pi‖ . (5)

Figure 3 shows the network of connected points generated using only the Euclidean metric (Fig. 3a)
and considering a vehicle with curvature constraints and using Dubins curves (Fig. 3b). As it can be
seen, the curvature constraint and the distribution of points may significantly impact the length of the
final path.

An alternative method to assign orientations to each of the points is presented in ref. [64], and is
referred to as the Mean Angle Algorithm. The algorithm prioritizes the connection of adjacent points
whose distances are less than 2ρ (i.e. the points will have the same orientation), with straight lines,
and the orientation of the remaining points are set to the mean angle formed by the line segments
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(a) (b) (c)

Fig. 4. Steps of the Mean Angle Algorithm [64]. (a) Input waypoints, showing the circuit obtained by the ETSP
without non-holonomic constraints; (b) straight segments linking adjacent waypoints whose distances are less
than 2ρ; (c) remaining segments filled with Dubins curves considering the mean angle of the previous and
following waypoints.

Fig. 5. Illustration of the determination of the visiting sequence according to the angle between the points and
the geometric center (red square) of all points [94].

connecting the current point (vertex of the angle) and the previous and the following neighboring
waypoints. Figure 4 presents the steps of the Mean Angle Algorithm.

The main differences between the methods dealing with the DTSP are the determination of the
sequence of the visit, and the calculation of the orientations associated with the points. We use the
term coupled to identify the approaches that determine both sequence and orientations in a combined
manner, and decoupled the methods that determine these variables separately.

Most studies in the literature follow the same decoupled steps for the generation of routes,57,64,85

i.e. they initially use the visiting sequence obtained from the Euclidean TSP (ETSP), then determine
the orientations and finally they connect the points with Dubins curves. However, considering only
the Euclidean distance metric to determine the order of the visit does not necessarily guarantee good
results when connecting the points using Dubins curves. Actually, this may lead the vehicle to perform
many maneuvers (especially in cases where the points are closely located to each other). It was proven
in ref. [53] that following a tour based on the ETSP ordering cannot achieve an approximation ratio
better than 
(n).

Ref. [94] proposed an alternative approach which is not based on the visit sequence obtained by the
ETSP. The technique initially calculates the geometric center of all points. Next, the angle between
each point and the geometric center is calculated. Finally, the sequence of the visit is determined by
considering the ascending order of the points according to the previously obtained angles (Fig. 5).

A similar approach, which considered angular deviations, was presented in ref. [68], where the
sequence of visits is obtained by determining the Euclidean circuit with the smallest overall angular
cost. The determination of the circuit following this metric called Angle-TSP1 may be also considered
as a generalization of the TSP. The angular cost of a circuit is the sum of all changes in direction
(curves) that the vehicle must perform during its navigation. The main idea is that circuits having few
corners, i.e. those that are more linear and smooth, tend to produce shorter Dubins curves.
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P1 P2

P3P4

(a) Displacement of the points.

P1 P2

P3P4

(b) Heading discretization (90◦ step).

Cluster1 Cluster2

Cluster4 Cluster3

(c) Example solution to the GATSP.

P1 P2

P3P4

(d) Final path.

Fig. 6. Illustration of a solution to the DTSP with a discrete optimization approach. A finite set of predefined
headings are assigned to each point, next, this problem is mapped into an instance of the GATSP. (a) Displacement
of the points. (b) Heading discretization (90◦ step). (c) Example solution to the GATSP. (d) Final path.

The DTSP has also been addressed using discrete optimization approaches. In ref. [52], the sequence
is obtained by directly using the length of the Dubins curves between the points. The orientations of
all points are initially set to zero (or to a fixed random value) and all n(n − 1) curves interconnecting
all points are calculated and connected, obtaining a complete graph. Then, a solution of an instance
of the Asymmetric TSP (ATSP) is calculated and used to determine the shortest path in that graph.

The previous approach was later extended to consider a complete heading discretization.51 The
technique functions by choosing a priori finite set of K possible headings at each waypoint. Next, a
graph is formed considering a collection of N clusters, each cluster containing K nodes corresponding
to the headings. Finally, a tour through all clusters containing exactly one point in each cluster is
determined. This cluster visiting problem is known as the Generalized ATSP (GATSP) and can be
reduced to a classical ATSP over NK nodes using the Noon and Bean transformation.72

Figure 6 illustrates the process of addressing the DTSP with a discrete optimization technique. The
initial set of points (Fig. 6a) is represented as a collection of points with different headings (Fig. 6b).
The problem can then be reduced to an instance of the ATSP (Fig. 6c). Finally, by considering the
determined headings, the Dubins curves are calculated (Fig. 6d).

The solution based on heading discretization yields very good results as the steps of the resolution
increases, albeit with significant impact on the computational time induced by the number of points
and resolution (number of steps) of discretization.

More recently, two planning algorithms related to the DTSP41 were presented. The first one models
as a minimum-time control problem, while the second one is an adaptation of the 2-Opt heuristic for
the classical TSP. In this case, the combinatorial (sequence of visit) and motion planning aspects
of the DTSP are also tackled in a combined manner. The use of GAs has also been verified in this
context.106

As shown in ref. [54], the DTSP is also NP-hard. Importantly, unlike other generalizations to the
TSP, it is not possible to cast the DTSP as a problem in a finite graph without losing the quality of
the result. Therefore, this fact prevents the application of well-established techniques akin to the area
of combinatorial optimization.
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Table I. Comparison of the main works regarding non-holonomic vehicle routing.

Reference Methodology Approach

Ref. [51] Exact Coupled
Ref. [106] Evolutionary Coupled
Ref. [85] Heuristic Decoupled
Ref. [94] Heuristic Decoupled
Ref. [64] Heuristic Decoupled

(a) Input: set of regions to be visited. (b) Output: minimized visit path.

Fig. 7. Example of an instance of the TSPN and its solution (blue line). (a) Input: set of regions to be visited.
(b) Output: minimized visit path.

Table I presents a comparison of the main works regarding non-holonomic vehicle routing,
highlighting the specific features addressed by each one of them.

5. Vehicle Routing for Visiting Regions
Another generalization to the TSP is known as TSP with Neighborhoods (TSPN) which was initially
presented in ref. [5]. In that scenario, the salesman still has a tour to execute, however, in this
formulation of the problem, a neighborhood is associated with each point. Therefore, both the salesman
and the prospective buyer to be visited may meet anywhere within this neighborhood. The problem
can then be defined as how to generate the shortest path that intersects every neighborhood at least
once. Figure 7 is an illustration of this problem.

The TSPN is an NP-Hard problem, specifically APX-hard (accepts a Polynomial-Time
Approximation Algorithm with approximation ratio limited by a constant), i.e. cannot be approximated
by a factor 2 − ε, with ε > 0, unless P = NP.83

Among the first papers that studied the general case for this problem are refs. [38, 67]. In these
works, the authors presented algorithms with an approximation factor of O(log n), where n is the
number of regions.

In ref. [27], an algorithm for the TSPN is presented where the regions are uniform unity disks
and initially without intersection. For the general case, where the regions may intersect with each
other, initially, it is calculated as a set composed of the maximum number of regions that do not
intersect (called independent set). Then, a circuit that moves toward the centers of the regions of this
new set is built, however passing through the perimeter of the disks that are not part of the set. The
approximation ratio of the algorithm is 11.15 for unit disks. Figure 8 illustrates the tour given the
maximal independent set.

A Polynomial-Time Approximation Scheme to the problem is presented in refs. [27,69], specifically
for the case of convex regions which have no intersection. The solution presented in ref. [24] considers
these same restrictions, however, the work has dealt with the case where the regions have a varying
size (non-uniform).

The algorithm presented in ref. [28] considers the use of circular regions of different sizes, however,
it is required that these have the same (or comparable) diameters. The circuit is restricted to traverse
each region only through a finite set of predefined points. It is shown that the algorithm also has
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Fig. 8. Solution to the TSPN proposed in ref. [27]. Example of a tour given the maximal independent set (gray
circles). Initially, the blue line tour is followed clockwise, and next, the red line tour is followed counterclockwise,
guaranteeing that all regions will be visited.

(a) EGTSP (b) TSPN

Fig. 9. Comparison of the circuits obtained considering the (a) EGTSP and (b) TSPN.

constant O(1)-factor approximation. For the more general form, and lifting the predefined points, a
O(log n)-algorithm is presented.

The Euclidean Group TSP (EGTSP),29 a similar problem related to the TSPN, was found in the
literature. In this specific problem, the points of interest are grouped into regions, and the problem
was posed as to generate the shortest path passing through at least one of the points pertaining to each
region. Recalling that in the TSPN, the region must be visited (continuous case), but not the exact
position of a given point (discrete case). This problem can be modeled as the previously mentioned
GATSP.

Figure 9 exemplifies two resulting circuits generated considering the EGTSP and TSPN
formulations.

The routing problem considering a mobile sink, such as a robot, for data collection in a WSN
is one of the most known problems that use the formulation proposed by the TSPN. The sensor
communication radius is the neighborhood of the point, and the mobile agent should be in that region
to be able to communicate with the sensor. Different methodologies have been proposed to tackle this
problem, from exact optimization approaches to evolutionary algorithms.

The EGTSP also serves as inspiration for the modeling of the data collection problem. In ref. [105],
sensor nodes are grouped into different subgroups, and the data collection path should be minimized
in such a way that at least the exact position of one sensor node in each subgroup is visited. In ref. [98],
the authors also used a model that refers to the EGTSP however, after the sensor nodes were grouped,
the path generated did not necessarily pass through the exact position of a node, but on virtual points
calculated in the center of the previously defined groups.

Considering the TSPN model, in ref. [108], the sequence of the visit was obtained by solving a TSP
instance based on the center of the regions (collecting points), and then three evolutionary algorithms
were used to optimize the path by moving these points within the boundaries of the regions.

In ref. [22], it is presented a method based on the Ant Colony Optimization technique, where
the main difference to the work of ref. [108] is the fact that the permutation (visit sequence) is also
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Table II. Comparison of the main works regarding region visiting routing.

Reference Methodology Neighborhoods

Ref. [27] Heuristic Convex
Ref. [108] Evolutionary Convex
Ref. [22] Evolutionary Convex
Ref. [37] Exact Non-convex
Ref. [2] Heuristic Non-convex

embedded in the optimization process. Importantly, in both studies, there is a major assumption, i.e.
the regions should not intersect.

The TSPN was also addressed considering the distribution of sensors in the three-dimensional space
(applicable especially when the use of UAV or Unmanned Underwater Vehicles are considered). In
ref. [107], a solution based on Estimation of Distribution Algorithm for the generation of efficient
paths passing through several spherical regions arranged in space is presented.

In addition to being used by mobile robots, the TSPN has also been applied in the context of robotic
manipulators. In ref. [37], it presented a scenario where a camera is placed at the end-effector of a
manipulator arm to take pictures of objects from different positions. The problem was formulated as
a non-convex Mixed-Integer Non-linear Program. In a similar way, ref. [2] addresses the problem of
optimizing the sequence of task execution for industrial robots also as the TSPN. It is proposed a tour
construction heuristic based upon the ones from the TSP domain, called Constricting 3-Opt.

Table II presents a comparison of the main works regarding vehicle routing for visiting regions,
highlighting which specific features each one addresses.

6. Non-Holonomic Vehicle Routing for Visiting Regions
In the following recent works, the combination of restrictions imposed by both the DTSP (motion
constraints) and the TSPN (region visit) began to be considered as a single problem, called Dubins TSP
with Neighborhoods (DTSPN). In this context, we will further extend the categories of approaches
mentioned in Section 4. In the DTSPN, not only the orientations and visiting sequence must be
selected, but the actual position of the waypoint with respect to the region (in general is allocated in
the boundaries) must also be determined in a coupled or decoupled manner.

The first work to address the DTSPN was ref. [73], where the nomenclature Polygon Visiting DTSP
was used. The formulation was developed to capture a scenario where an UAV on a reconnaissance
mission should fly over certain regions and photograph all the targets in the shortest time possible. As
the targets are static and the vehicle travels at constant speed, the cost function used is composed only
of the factor related to the minimization of the path length. The paper presents a solution using a GA
where the chromosome is composed of a position and an orientation within each region to be visited.
The algorithm is evaluated from a series of numerical simulations and the results are compared with
those obtained by a random search algorithm.

In a subsequent work,74 a sampling-based approach (sampling-based roadmap) was presented.
Several configurations (position and orientation) are sampled within the limits of the regions. These
samples are called entry positions in the region, once all the samples are oriented toward the interior
of the region or at most parallel to the edge. After the sampling is performed, the paths connecting all
samples of each region to all other samples in the other regions are calculated, resulting in a connected
graph. Then a solution to a GATSP reduced to an instance of the ATSP is calculated. The average case

runtime of the entire method is O(n2.2 + n2
samples

n + nsamples). The method is resolution complete, which
means it provably converges to a non-isolated global optimum as the number of samples grows.

Another method found in the literature presented in ref. [40] consists of an extension of ref. [74]
and also made use of a sample-based technique. The main difference is that the samples need not
only to be entry positions, but may assume any orientation. Furthermore, the methodology can take
advantage of the samples which are allocated at intersecting regions, thus generating paths that are
shorter than those produced by the aforementioned approach. This was accomplished by using a more
general version of the Noon and Bean transformation,72 which deals with overlapping node sets.
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Fig. 10. Comparison of the transformation steps of the algorithms for the DTSPN presented in (a) ref. [74] and
(b) ref. [40].
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Fig. 11. Illustration of the three basic steps that compose the evolutionary algorithm presented in ref. [60].

Figure 10 presents the transformation steps of the algorithm presented in ref. [74] and the
improvement proposed in ref. [40].

In ref. [60], a simple three-stage evolutionary algorithm was proposed to solve both
the combinatorial and the continuous steps of the problem in a concerted manner. In the first phase, the
method varies the position of the waypoints within the boundaries of each region, next it optimizes the
path orientation at each waypoint, and finally it chooses the best actual sequence of visit by finding a
solution to an instance of the ATSP. Although it does not consider the intersection among the regions,
it provided results which were comparable to ref. [40]. Figure 11 illustrates the steps of the algorithm.

In ref. [103], the use of a Local Iterative Optimization strategy to independently adjust the
waypoints’ orientations and positions on the regions was proposed, considering that the sequence
of visit is already given. Its main advantage is the low computational requirements comparing to other
techniques, such as GAs. However, the DTSPN instance must respect the D4 constraint, which means
the Euclidean distance between the regions must be larger than 4ρ.

More recently, the DTSPN was also considered as the basis of the formulation in the context
of data collection in WSNs. In ref. [62], a bi-objective evolutionary algorithm was used in order
to obtain a minimum length path while maximizing the collecting time (path intersection) at each
region.

Table III presents a comparison of the main works regarding non-holonomic vehicle routing for
visiting regions, highlighting which specific features were addressed by each one of them.
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Table III. Comparison of the main works regarding non-holonomic region visiting routing.

Reference Methodology Approach Neighborhoods

Ref. [73] Evolutionary Coupled Non-convex
Ref. [74] Sampling-based Coupled Non-convex
Ref. [40] Sampling-based Coupled Non-convex
Ref. [60] Evolutionary Decoupled Convex
Ref. [103] Heuristic∗ Decoupled Non-convex

∗The DTSPN instance must respect the D4 constraint.

Fig. 12. Example of a solution to the k-TSP considering four vehicles and a single deposit (black square). In this
case, the objective function is the minimization of the longest circuit.

7. Multiple Vehicle Routing
The results to the problems discussed in the previous sections consist of a single circuit. An extension
of the TSP for the case where paths must be created for more than one agent is referred to as k-TSP.
The k-TSP can be described as the problem of generating paths for k salesmen that start in a given
city and return to the same city after each one of the other cities has been visited by exactly one of
the salesmen. The objective, in this case, may be the minimization of the sum of the length of all
paths generated (reduction in energy expenditure) or minimization of the longest circuit (reduction
of travel time). A very similar problem to the k-TSP is usually named Multiple TSP. However, unlike
the previous problem, the requirement that all circuits have a common base city is not considered.92

Figure 12 depicts an example for better visualization and understanding of an instance used as
input and the expected result after finding a solution to the k-TSP.

The k-Traveling Salesman Problem (k-TSP) is an instance of the more general problem known as
VRP.23,97 As for the VRP, it is considered for vehicles with a certain capacity constraint to fulfill the
demands, while the k-TSP is a formulation where the vehicles have unlimited capacity. This problem is
also NP-hard, and a summary of possible formulations and approaches used are presented in ref. [11].

However, since the k-TSP/VRP are classical combinatorial optimization problems, their use in
robotics applications are limited, and they serve as the basis for diverse generalizations considering
aspects such as motion constraints and inexact visiting positions (neighborhoods).

In ref. [80], the authors presented a path planning algorithm for multiple Dubins vehicles. It
was assumed that all points to be visited have a minimum separation from each other of at least
twice the size of the minimum radius of curvature of the vehicle. This is one of the main weaknesses
of the method since the Dubins metric exert greater influence on the length of the path exactly when
the points are close to each other. In addition, the circuits do not necessarily have the same start and
arrival points. A constant factor approximation algorithm is presented and the objective function is to
minimize the sum of the distances traveled by all vehicles. The technique is divided into two steps:
(i) construction of a complete graph considering all vehicles and targets followed by the Minimum
Spanning Tree (MST) calculation; (ii) obtaining of an Eulerian graph and calculation of a feasible
path through the targets.

In ref. [63], the classical k-TSP problem with motion constraints is formalized, referring to the
k-DTSP. The authors proposed a non-linear mathematical formulation to the problem, which was later

https://doi.org/10.1017/S0263574718000735 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574718000735


A survey on routing problems and robotic systems 1793

Fig. 13. Solution to the k-DTSP considering four vehicles and a single deposit (black square).

solved assuming a combinatorial approach based on the discretization of the vehicle’s orientation at
each point. Since it is an exact formulation approach, its use is restricted to a reduced number of
points. Figure 13 illustrates the solution of a k-Dubins TSP (k-DTSP) instance.

The route generation for more than one vehicle was also related to a task allocation problem. For
example, in refs. [7,70], distributed algorithms are presented for previously known demand allocation
(static case) considering different vehicles. Although it was considered a limited communication
between vehicles, the vehicle movement restrictions were not treated. In ref. [70], a distributed auction
algorithm to spatially distributed tasks were presented, while in ref. [7], a game-theoretical formulation
was proposed.

Despite the vehicle’s curvature constraint being considered in ref. [86] (the vehicles are fixed-wing
UAVs), the problem of target allocation and path planning were treated separately. The allocation is
made from the ordering of the targets according to the Euclidean distance, and the route generation
made using the Dubins metric. The Dubins path for each segment was optimized given an initial
heading condition and an open final heading condition. In order to avoid collision among the vehicles,
tours with different altitude were used.

The k-TSP has also been used as the basis to model the problem of data collection in WSNs
using multiple mobile robots.14,95 Although the communication radius (neighborhood) was initially
mentioned in ref. [95], however, in ref. [14], it was actually considered during the generation of
the final path. In addition, as seen in both works, the motion constraints of the vehicles were not
considered by the methodology. These works consist of a generalization to the TSPN, being the first
works to introduce the k-TSPN. The objective function in this specific case was to minimize the time
to download the data from all sensors. The methodology solves the TSPN and k-TSP separately by
combining two classical techniques. First, the method presented in ref. [27] was used to solve the
TSPN part (Fig. 8). Next, the tour was separated into multiple paths by applying the k-SPLITOUR.35

Figure 14 shows a solution to an example instance considering the methodology proposed in ref. [14].
The authors of ref. [46] have also studied the k-TSPN. Their work proposed a constant factor

approximation algorithm, considering that the neighborhoods consist of a uniform circular area that
must be visited by some tour and that the length of the longest tour should be minimized (data
collection latency). However, the kinematics of possible real vehicles were not taken into account,
and the mobile agents do not have a common initial/end point (i.e. k-rooted paths). They introduced
the General Minimum Spanning Tree with Neighborhood (GMSTN) problem, whose goal was stated
as follows: Given a set of circular neighborhoods, which may touch or overlap each other, find an
MST of this set. Finally, an algorithm to the GMSTN which was later transformed to the k-TSPN
(with k bases) was proposed.

Ref. [61] introduced the k-DTSPN, which considers the problem of planning efficient paths among
target regions for multiple robots with a minimum turning radius constraint. As seen, the paper
presented two approaches for the problem. Initially, it presented a heuristic that solved the problem
in two distinct steps: (i) a TSP instance is solved considering Euclidean costs and then separated in k
tours (Algorithm 1); (ii) determine the Dubins curves between the positions in order to make the whole
path attainable by non-holonomic vehicles (apply the AA85). The use of a Memetic Algorithm71 was
proposed next to solve both the combinatorial and continuous parts of the problem in a combined
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Table IV. Comparison of the main works regarding multiple vehicle routing.

Reference Methodology Motion constraints Single base Regions

Ref. [80] Exact •
Ref. [86] Heuristic • •
Ref. [14] Heuristic • Convex
Ref. [61] Heuristic • • Convex
Ref. [61] Evolutionary • • Convex
Ref. [46] Heuristic Convex
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Fig. 14. Data gathering tour in wireless sensor networks using multiple vehicles. The goal is to minimize the
total collecting time, as proposed in ref. [14].

manner. Figure 15 presents the resulting tours obtained by both algorithms. The upper bound for the
length of the longest route obtained using Algorithm 1 can be obtained based on the bound of both
techniques used, which is given by

Tmax ≤ 1

k
(L − 2cmax) + 2cmax +

⌈
N

2

⌉
τρπ, (6)

where τ ∈ [2.657, 2.658].

Algorithm 1 k-SPLITOUR(Q, k) ref. [35]
1: Find a 1-tour (TSP) T0 = 〈q0, q1, . . . , qn, q0〉, where q0 is the initial vertex (base).
2: For each j, 1 ≤ j < k, find the last vertex qi( j) such that the cost of the path from q0 to qi( j) along

T0 is no greater than ( j/k)(L − 2cmax) + cmax, where L is the Euclidean length of the circuit found
in Step 1 and

cmax = max
n

‖q0 − qn‖. (7)

3: Build the k tours as T1 = 〈q0, q1, . . . , qi(1), q0〉, T2 = 〈q0, qi(1)+1, . . . , qi(2), q0〉, . . ., Tk =
〈q0, qi(k−1), . . . , qn, q0〉.

Table IV presents a comparison of the main works regarding multiple vehicle routing, highlighting
which specific features each one addresses.

In general, most of the studies in the literature that addressed the vehicle routing problem were
focused primarily on static environments, i.e. they do not consider the case where new demands
are inserted over time, which is a limitation in many different scenarios and applications such as
surveillance, search and rescue, and data collection in WSNs.
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Fig. 15. Example solutions for the k-Dubins TSP with Neighborhoods (k-DTSPN) obtained by (a) Heuristic and
(b) Memetic Algorithm, both proposed in ref. [61].

8. Dynamic Vehicle Routing
In this section, the dynamic vehicle routing problem will be addressed and discussed. Unlike the
cases presented in the previous sections, the dynamic case considers the scenario where one does
not have all the information about the demands of the environment (specifically the points or regions
to be visited) prior to the generation of the route. Therefore, it is necessary to replan whenever new
information becomes available.

This problem was initially introduced by ref. [79], where demands were arranged in a graph, and
it was termed Dynamic Traveling Repairman Problem (DTRP). The first work that dealt with the
problem of demands placed on the Euclidean plane was ref. [12], where only one vehicle was used to
fulfill the demands. In a following work,13 the technique was extended to the case of multiple vehicles
with limited capacity, being called mDTRP.

The first work that addressed the online version of the TSP for a general metric space was ref. [9],
where an optimal algorithm was presented. The online version for the asymmetric case (ATSP) has
also been the focus of the study.8 In ref. [43], a brief review of the literature related to the online
routing problem was presented.

The dynamic routing problem has different aspects to it which should be considered when
developing new techniques, for example, the metric used by the cost function, type of architecture
(centralized/decentralized), vehicle characteristics (motion constraints, number of vehicles), among
others.

An approach widely used to deal with dynamic problems is called Online Algorithms. The term
online here refers to the characteristic of the methods to deal with problems where the solution needs
to be calculated incrementally since it has no knowledge of the entire instance a priori. The main
focus of this approach is the development of efficient algorithms (mostly heuristics), i.e. techniques
to generate good solutions quickly, however, without performance guarantees.43

Figure 16 exemplifies the dynamic nature of the problem with the inclusion of new demands on
the environment, while the vehicle is already executing the path initially planned. As it can be seen,
the path (untraveled portion) must be efficiently reshaped to cover new points (or regions) of interest
that may appear over time, after the vehicle has departed the base.

Regarding the metric being used for the cost function, it is possible to mention as examples of
possible objectives: minimizing the energy used by the vehicle; minimizing the waiting time to attend
to a demand; minimizing the path length and minimizing the number of vehicles being used.

The work of ref. [12] introduced the use of queue-based methods. In this sense, the most intuitive
and simple manner to solve a DTRP instance is to attend new demands in the order in which they arrive.
This first-come, first-served (FCFS) policy may be defined as (i) when there are unserved demands
in the environment, the agent travels directly from one demand location to the next following a FCFS
order and (ii) when no unserved demands are present, the agent remains stationary until a new demand
arrives. Considering the use of multiple vehicles, this policy can be generalized as follows:
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Fig. 16. Illustration of the dynamic vehicle routing problem. The initial paths (solid lines) for two vehicles (blue
triangles) and the necessary modifications (dashed lines) to visit two new demands (black circles) placed after
the start of the navigation.
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Fig. 17. Example strategies for the DTRP based on environment partition, as proposed in ref. [31]. (a) Median
Circling Policy and (b) Strip Loitering Policy.

The m stochastic queue median (SQM) policy13: Given an environmentE , determine
the m median locations and locate a vehicle in each one of these locations. Every time a
new demand arrives, assign it to the vehicle in the nearest median location. The vehicles
must service all the demands in a FCFS order, returning to the median position after
completion.

Many methodologies in the literature addressing the DTRP consist of centralized policies, i.e. a
central entity is responsible for calculating all routes and informing each vehicle about its respective
route.13 However, when using multiple vehicles, it is interesting to use distributed techniques, thus
increasing scalability as well as making the system more robust to the possible failure of this single
controlling entity. Among the works that proposed distributed solutions are refs. [6,34,78]. The overall
strategy is basically to partition the environment into k openly disjoint subregions, and each vehicle
will be responsible to serve demands on its own region given a local policy, e.g. FCFS.

The literature in the Optimization Research area for the DTRP usually deals with the problem in a
more abstract way, not directly considering issues that can arise in a real instantiation, for example, the
physical limitations of the vehicle among others. The first work to consider the curvature restriction
of the vehicle was ref. [84], where the vehicle was driven in a zig-zag pattern motion across the
environment. This zig-zag occurs because the environment is divided into small subregions following
a format that resembles a bead, due to the characteristic shape of the motion made by vehicles with
curvature constraints, consequently, the algorithm was named Bead-Tiling.

In ref. [31], two different solutions were presented. The first was to divide the environment into
subregions according to a Voronoi diagram, where the vehicles must remain in the centroid of each
region until the insertion of a new demand when it is seen to be moving up toward it (called Median
Circling Policy). The following solution divides the environment into horizontal bands of movement
(corridors), therefore having the vehicles cover the entire environment by following these corridors
(called Strip Loitering Policy). Figure 17 illustrates the previously mentioned strategies.

Despite the good results presented by the aforementioned solutions when the objective is to
minimize the waiting time of the demands, the energy budget is large, since vehicles are in motion

https://doi.org/10.1017/S0263574718000735 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574718000735


A survey on routing problems and robotic systems 1797

Table V. Comparison of the main works regarding dynamic vehicle routing.

Reference Methodology Motion constraints Environment

Ref. [13] Heuristic Sub-regions
Ref. [78] Heuristic Partitioned
Ref. [84] Pattern • Full
Ref. [31] Heuristic • Partitioned
Ref. [31] Pattern • Partitioned

Fig. 18. Illustration of the generalizations of the TSP considering different variables.

during the entire time (even when there are no new demands to attend). This problem could be
minimized if the vehicles could return to a common base.

Ref. [10] proposed dispatching rules and loitering policies for multiple UAVs to respond to fixed-
location, multiple-priority demands that are dynamically inserted into the environment. The main
objective was to design a set of fast-responding methods that can be used in real time. They considered
three basic decision instances: (i) where to send idle UAVs; (ii) which UAV should service a demand
and (iii) which target a UAV should attend. However, the policies do not directly take into account
real characteristics of the system when planning the navigation of the vehicles.

Several other characteristics can also be analyzed in the context of dynamic routing, for example,
restrictions on the visit time (time window) to a particular demand,76,77 demands with different service
priorities,90 moving demands15,89 and vehicles with a limited knowledge of the environment.30 In
ref. [17], a general overview of the challenges and main existing techniques to the problem of dynamic
vehicle routing regarding robotic systems was presented.

Table V presents a comparison of the main works regarding dynamic vehicle routing, highlighting
which specific features each one addresses.

9. Conclusion
The problem of planning paths for mobile agents based on length or time optimization is essential
and of great importance, and has been the goal of several research fields, especially robotics. In this
work, a broad and comprehensive review of the literature is presented, discussing the fundamental
generalizations especially regarding the use of TSP-like problems in robotic systems. We have
mainly considered the following characteristics: (i) motion constraints; (ii) inexact visit position
(neighborhoods); (iii) multiple vehicles and (iv) dynamic scenarios.

Figure 18 illustrates how these generalizations converge to the original TSP accordingly to the
minimum turning radius (ρ), region radius (r), number of vehicles (k) and demand time of arrival (t).

However, several challenges requiring further research effort are foreseen in this problem domain.
Following, we present and discuss possible future research directions:

• Dubins TSP with Neighborhoods: The DTSPN deals with the combination of restrictions imposed
by both the DTSP (motion constraints) and the TSPN (region visit) and a good algorithmic
solution remains an open problem. The few techniques found in the literature are mostly based
on evolutionary strategies60,73 or sampling-based approaches.40,74 Therefore, the development of
simpler and more efficient methods, for example, a closed-form heuristic,102 is still an open research
topic.
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Table VI. Main works in the literature and characteristics addressed by them.

Reference Motion constraints Neighborhoods Multiple vehicles Dynamic routing

Ref. [85] •
Ref. [57] •
Ref. [54] •
Ref. [59] •
Ref. [41] •
Ref. [28] •
Ref. [108] •
Ref. [22] •
Ref. [74] • •
Ref. [40] • •
Ref. [60] • •
Ref. [80] • •
Ref. [86] • •
Ref. [95] • •
Ref. [14] • •
Ref. [46] • •
Ref. [61] • • •
Ref. [9] •
Ref. [84] • •
Ref. [6] • •
Ref. [78] • •
Ref. [31] • • •
Ref. [10] • • •

• Multiple vehicles: Although few works have dealt with the multiple agents considering Dubins
vehicles80 and neighborhoods,14,61 the proposition of more general methods for groups of
heterogeneous robots (i.e. with different curvature constraints and velocities) is also a possible
research field.

• Dynamic demands: Most of the current literature about routing problems usually considers static
instances, i.e. the vehicle is dispatched to follow an immutable, previously planned path. Therefore,
methodologies do not take into account the intrinsically dynamic nature of many different tasks.
For example, in a WSN, new nodes (or those awakening from sleep states) must be attended by
the vehicle as soon as possible. Most of the approaches in the literature are based on environment
segmentation31 or loitering strategies according to a predefined pattern,84 in both cases, there is a
high-energy consumption since it is not considered a closed circuit with a central base. Since the
demands arrive in an online fashion, it is fundamental to develop heuristics capable of efficiently
adapting to the current vehicle path since exact optimization approaches are not able to deal with
large instances.

• Three-dimensional space: Three-dimensional path planning is a fundamental task concerning
different types of robots, like fixed-wing UAV or underwater Remotely Operated Vehicles. Even
though it might be possible for such robots to traverse the environment solely in a reactive way,
the competence of planning efficient paths in advance is an important feature. However, most of
the works in the literature have considered only point-to-point three-dimensional paths39,75 and
not a closed circuit of visit through multiple points. In this case, the consideration of additional
constraints such as flight-path angle and torsion is also an important topic for future investigation.

• Environments with obstacles: In order to deal with more realistic environments containing
obstacles, most of the solutions for routing problems are based on probabilistic approaches such
as RRTs, PRM or Evolutionary Algorithms. The main drawback with such strategies is that they
usually have as their main focus path feasibility (vehicle and environment constraints), usually
neglecting the length of the generated path. Moreover, very few works in the literature have
considered TSP-like problems in environments with obstacles. Furthermore, in the case of multiple
vehicles, a time-dependent trajectory should be considered instead of a simple path dwelling more
on collision avoidance among the agents.
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• Benchmarks and datasets: Several test instances for different optimization problems (e.g. TSP)
can be found in the literature. However, when considering more complex scenarios with restrictions
such as motion constraints, neighborhoods and multiple vehicles, there are still no benchmarks
available. Hence, the creation of general test instances for the different problems (DTSP, TSPN,
DTSPN, k-DTSP, k-TSPN and k-DTSPN) would allow researches to better evaluate and compare
new proposed techniques.

Finally, Table VI summarizes and presents a broad comparison of the main works in the
literature relating to the vehicle routing problem related to robotic systems, highlighting the specific
characteristics addressed by each one them.
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