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Abstract: The paper attacks the problem of motion planning of a set of mobile robots. While artificial potential
fields are the simplest methods of use, they are also locally optimal and can be easily stuck in scenarios.
Probabilistic roadmap, elastic roadmaps, elastic strip and similar methods have a weak modelling of
coordination between the robots. An inspiration is drawn from the artificial potential field method where the
potential is computed in configuration space. In this paper the notion is extended to a ‘trajectory space’, where
the complete trajectories of robots repel each other. With the added assumption of communication between the
robots and higher computational costs, the resultant approach is near optimal and does not get the robot stuck or
trapped. A variant of the algorithm with no direct communication is also presented. The method is experimented
by using computer simulations and found to perform better over well-known approaches in the literature.
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1. Introduction
Robots are increasingly being used for a variety of home and office tasks. It is likely that very soon multiple
mobile robots will actively be found in homes and offices. The most primitive capability of the robot is to be
able to navigate from the current position to a desired goal position by avoiding obstacles, known as the problem
of robot motion planning [1,2]. The presence of multiple robots in the same workspace results in many robots
that need to avoid each other while navigating, known as the problem of multi-robot motion planning [3,4]. The
problem is challenging due to the need to plan for many robots in near-real time, while catering to the needs of
completeness and optimality.
This paper proposes a new method to solve the problem of multi-robot motion planning. The problem is to
move N robots from their starting position to their goal position, such that no two robots collide with each other
or with any static obstacle. The problem is given in figure 1. Let us fist assume a static environment. The
complete specification of the robot’s position and pose is called as the configuration of the robot. All the
possible set of configurations of the robot constitute the configuration space  static . The sub-set of all
configurations wherein the robot does not collide with any static obstacle is called as the free-configuration
free
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space  static
. The compliment of the free configuration space is the obstacle-prone configuration space  static
,
free
obs
denoting all configurations wherein the robot collides with any static obstacle. Thus  static
. The
  static \  static
workspace is the physical space wherein the robots operate. The problem of single robot motion planning in
static environment is to find a trajectory τ, such that τ(t) denotes the position of the robot at any time t in the
configuration space. The trajectory must start at the source τ(0)=S and end at the goal τ(T)=G, where T is the
time at which the robot reaches the goal. The constraint is that the trajectory should be collision-free, that
free
t . The trajectory τ may have additional kinematic and non-holonomic constraints as per the robot
is  t    static
model.

For multiple robots, the problem is to find the trajectory of all robots such that no robot collides with a static
obstacle or any other robot. Let τi be the trajectory of the robot Ri, starting from its source τi(0)=Si and ending at
the goal τi(Ti)=Gi. Here Ti is the time at which the robot Ri reaches its goal. The condition of non-collision is
given by equation (1).
free
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Here the function  is used to convert a point in the configuration space to a collection of all points that the
robot occupies in the workspace. The condition of non-collision between all robots is simply that the
intersection of all points occupied by every pair of robots in the workspace should be an empty set. Here the

assumption is that all the robots can communicate to each other and exchange information. The easiest
implementation is to have a central server that collects all the requirements from the individual robots, plans
each of them, and transmits the motion controls to the robots for navigation. Alternatively, one of the robots
may act as a central server, the robot being elected by the robots themselves.
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Fig. 1 Problem Description. Each robot needs to go from its current location marked as solid circle to its goal
marked as a dotted circle, avoiding all other robots and obstacles on the way.
Another more practical variant of the problem is when the robots do not have any communication with each
other, wherein the problem is robot motion planning in a dynamic environment. Here the robot may instead even
free
refer to humans and other dynamic obstacles. Let  dynamic
t  denote the configuration space of a robot at time t,
where the subscript dynamic states that the free-configuration space changes with time. The problem is to
free
compute a collision-free trajectory τ, that is,  t    dynamic
t t . The motion planning algorithms fall in two
categories, reactive and deliberative. The reactive algorithms take the immediate action based on the current
percept only and therefore avoid static and dynamic obstacles by continuously taking reflexive actions. The
deliberative algorithms on the other hand attempt to find a collision-free and optimal trajectory by considering
numerous options and computing ahead of time. Another mechanism is to first assume that the environment is
static and plan for the same to get some trajectory. As the environment changes, the trajectory is continuously
adapted. In the worst cases, the complete trajectory needs to be re-planned, when small corrections do not lead
to a feasible trajectory. The more difficult mechanism is to predict the trajectory of the other robots, and use the
same to construct a dynamic configuration space that is used for the actual motion of the robot. Again adaptation
of the trajectory will be needed if there is a difference between the predicted and actual trajectories of the other
robots. The simplest assumption is to assume constant speed profiles.
The common metrics to adjudge the optimality of the trajectory for the case of a single robot are path length,
time to goal, average (or minimum) clearance and average (or minimum) smoothness. The clearance of a robot
Ri at any time t is the distance from the nearest obstacle, and is a safety measure against sensing and actuation
uncertainties. The clearance is given by equation (2), while the average clearance over the path length is given
by equation (3).
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The clearance is averaged over the trajectory length  i . Ci(t) is the clearance at time t, while Ci is the averaged
clearance. τ’(t) is the robot speed. The trajectory is first mapped from the configuration space to the workspace
using the function  . Here | a – b | denotes the minimum distance between any element of a and any element of
b. Cmax is the largest desired clearance. W is the workspace.
The metrics for multiple robots are the same as that for single robots, with the different metrics averaged with
the number of robots. The metrics are hence average time to reach goal iN1Ti / N  , average path length
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 i / N and average clearance iN1 Ci / N , where N is the number of robots. The cooperation metric

measures the magnitude by which one robot cooperates with other robot, sacrificing its good trajectory so as to
allow another robot to go by using a near-optimal trajectory. It is natural that the optimal trajectories of all
robots combined may not be a feasible plan in multi-robotics due to collisions between the robots. The robots
must hence cooperate and give up their optimal trajectories. Consider τ*i(t) to be the optimal trajectory of the
free
robot in the absence of any other robot, planned in static free-configuration space  * t   static
t . The
cooperation is measured as the difference between the cost of the trajectory in a multi-robot setting with its
optimal cost not considering any other robot, and is given by equation (4). The average cooperation
iN1 coopi / N  and maximum cooperation (max(coopi)) becomes other indicators of optimality in the case of
multiple robots.
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(4)

Here cost(τi) denotes the path cost of trajectory τi and can be taken as any of the metrics for the case of a single
robot.
The key contributions of the paper are: (i) A potential inspired approach for speedy construction of roadmap is
proposed which ensures high clearance, less number of points in the roadmap, and can handle narrow corridor
problem of sampling based approaches. (ii) The concept of trajectories attracting and repelling each other is
floated, which can further be extended into multiple problems and domains. (iii) The computation of overall
optimal plan, given the optimal plan of individual trajectories, is computationally less expensive as compared to
the standard optimization techniques. This is due to the trajectory attracting and repelling heuristics. (iv) The
planner is a fundamentally new approach to coordination between robots as opposed to the other approaches in
the literature. The approach is near-optimal, near-complete, with small execution times for the case of multiple
robots. (v) The planning framework is extended and studied for the case with no communication between the
robots, predicting the moves of the other robots.
2. Background
One of the most popular planning technique for the navigation of multiple mobile robots is Artificial Potential
Field [5], wherein every robot is positively charged, every obstacle is positively charged, and the goal is
strongly negatively charged. This causes a repulsion between every pair of robots, repulsion between robots and
the obstacles, and attraction between the robots and their respective goals. As a result the approach can naturally
avoid other robots and other dynamic obstacles, and work in partially known environments. However, the
approach faces problem of equi-potential regions, wherein all forces cancel each other out, causing no motion
for the robot. Random small perturbations can help escape small local minima, however the robot may get
trapped in complex environments. Further, the approach causes robots to oscillate in narrow corridors. The other
robots act as complex obstacles that cannot be easily surpassed. A set of robots could trap each other, while the
number of equi-potential points significantly increase with the number of robots due to complex ways in which
multiple robots combat each other, many times during the motion. The approach is neither complete, nor
optimal. However the parameters can be tuned so as to show local-optimality [6-8], and the algorithm can be
fused with a deliberative technique to add some optimality and completeness [9-10]. The fusion uses a
deliberative planner to plan for a static map, while the dynamic obstacles are reactively avoided by using
artificial potential field. The fused approach is still neither optimal nor complete, as the deliberative planner
does not have information about the other dynamic obstacles while planning. Overall, the problem with the
potential approach for multiple robots is assuming other robots as static obstacles. The approach does not benefit
form communication between the robots, if available.
The Probabilistic Roadmap [11-12] is a deliberative planning technique that represents the complete
configuration space as a roadmap consisting of vertices and edges in free space. The approach samples out
vertices from free configuration space and attempts to connect the vertices by edges, if a collision-free trajectory
is found between the neighbouring vertices. The roadmap can then be used for an online planning of a single
robot, in which case the approach is probabilistically complete and probabilistically optimal, meaning that the
probability of being optimal and complete tends to one as the number of samples tend to infinity. Multiple
robots may be planned by either applying a centralized technique on the roadmap, or planning each robot
separately using prioritization. Various methods are proposed for effective generation of the roadmap. In a
previous work the author used the biased and heuristic exploration of the Rapidly-exploring Random Trees
algorithm to produce a roadmap [13]. Adaptive roadmap [14-15] technique continuously adapts the roadmap for
changing environment. Elastic roadmap [16-18] model each edge as an elastic strip that adapts with the
changing environment as per the elastic properties to deal with dynamic obstacles.

The planning for multiple robots may be done in a centralized or a decentralized manner [19-20]. The
centralized approach considers all the robot configurations and all their possible actions simultaneously, while
simultaneously searching for trajectories for all the robots considering all possible robot interactions. So the
configuration of the system is the joint configuration of all robots, while the configuration space is the cross
product of the configuration spaces of the individual robots. The search operates in such a space and is therefore
very computationally expensive and realizable for a few robots only. The decentralized approach, on the
contrary, plans for every robot individually, making strategies for avoiding collisions if the plans of the
individual robots are found to be collision prone. It may be difficult to have a consensus between the robots
[21]. The approach can handle a large number of robots. One of the common decentralized planning approach is
prioritization [22-23], wherein every robot is given a priority and a lower priority robot adjusts its plan in case
of a possible collision with a higher priority robot. In prioritization, the robot with the highest priority clearly
follows its optimal route and does not cooperate with the other robots that may have to adjust their plans by a
large amount. Prioritization hence has a very poor cooperation between the robots. The path velocity
decomposition scheme [24] breaks the problem into path planning that is done independently for all robots.
Thereafter the speed of the robots are planned so as to avoid collision. The path cannot change at this phase and
therefore the optimality is compromised.
Sometimes the paths may be locally-corrected to avoid collisions between the robots. The local search may be
centralized, decentralized or co-evolutionary in nature [25]. Such techniques however attempt to deviate the
entire trajectory for all possible robots. Hence a significant amount of computation is wasted, and very little
computation is put to deviate the trajectory of colliding robots, and only the colliding regions of the trajectory.
Having some heuristic means embedded into this operation can hence improve the operation significantly. This
is the focus of the paper.
Another mechanism to correct the robot trajectory catering to dynamic obstacles is Elastic Strip [26]. Here the
trajectory is modelled as a string made of an elastic material that has external forces applied by obstacles and
other robots, causing a continuous deformity in the shape so as to always make the string away from the
obstacles. Similarly the string has internal forces that causes it to contract to the shortest possible length.
Together the forces cater to avoiding obstacles while being aligned at reasonable small path lengths. Again the
robots and obstacles are seen as static obstacles that unnecessarily continuously deforms the shape of the strip,
while consuming computation. There is no benefit from communication between the robots, if available.
Sometimes, two robots may have opposing means to avoid each other for which a consensus cannot be reached
without communication. This paper attempts to modify the same algorithm for better deformation of the
trajectory using heuristics, while benefiting from communication or known trajectories of the robot, if available.

3 Related Works
The proposed work is inspired from the Artificial Potential Field method. That said, the proposed approach is
not an incremental extension of Artificial Potential Field. The Artificial Potential Field is largely a reactive
approach while the proposed algorithm is to some extent deliberative in nature. Further the Artificial Potential
Field is usually applied in the workspace/configuration space, while the proposed method is applied to a new
space called as the trajectory space. Hence the two methods are very different in operation. A lot of work exists
in the literature for motion planning of single and multiple robots using potential fields. Baxter et al. [27]
accounted for the sensing errors, attempting to correct the perception of one robot by the perception of the other
robot. The perception between robots was fused, which was then used for computing the potentials. In another
related work Vadakkepat et al. [28] optimized the parameters of the artificial potential field using multiobjective optimization in order to make the approach locally near-optimal in nature. The work of Tu and Baltes
[29] used fuzzy arithmetic to compute the potential values to be used for the navigation of the robot. The
approaches however face all general problems noted for potential fields.
Typically, the potential field approach assumes the other robots, obstacles and target to be stationary. In a
different vein, Ge and Cui [30] accounted for the speeds of the obstacles and targets, and used the same to land
at the target with the desired speed. Jaradat et al. [31] extended the approach to use fuzzy inference system for
the computation of the potentials. Yin et al. [32] further accounted for the accelerations of the target and
obstacles for the computations. Chang and Yamamoto [33] adapted the approach to be used for the problem of
robot exploration, wherein a robot is used to get a Voronoi map of the environment. Masoud [34] used the
harmonic potential field and made a mechanism to directly convert the gradient values to the motor control
signals using a synchronization mechanism. Lee et al. [35] specifically looked into the problems of equi-

potential regions when the obstacle is in-between the robot and the goal, and solved the problem by introduction
of new sources of potential. The approaches solve some of the problems associated with potential field,
however do not effectively account for coordination mechanisms between robots.
Another popular approach for reactive robot navigation is the Fuzzy Inference System. To ease and automate the
task of design of a fuzzy rule base, Motlagh et al. [36] used Cognitive Maps for reactive planning of a single
mobile robot. The authors accounted for robot slippage as an input which meant the model could adapt to
actuation uncertainties. Selekwa et al. [37] modelled multiple behaviours for navigation of a robot, where each
behaviour was a fuzzy system. The resultant motion of the robot was a result of integration of different
behaviours. Kala et al. [38] showed the mechanism of using a probabilistic version of A* algorithm for guiding
a robot by using a fuzzy inference system. This solved the problem of robot being struck and made the path near
optimal. Hank and Haddad [39] planned a reference trajectory using a Random Profile Approach method and
then made the robot follow the trajectory for constraints using fusion of obstacle avoidance and goal seeking
fuzzy behaviours. As a result of the approaches, the system has some optimality, however again does not
explicitly account for the coordination aspects between robots. Other methods of reactive planning include case
based reasoning [40], geometrical approaches [41], neural networks, velocity obstacles, etc.
Soloveyet al. [42] solved the problem of multi-robot motion planning in a centralized mechanism. In order to
reduce the computational complexity, the motions were restricted to a discrete set of options represented in a
graph. This significantly reduced the computation time, although the centralized nature restricted its application
to a very high number of robots. An earlier work from the author [43] gave a basic notion that coordination can
be achieved by iterative modification of robot trajectories. The work neither used any heuristic in the selection
of the trajectories to modify, nor in the modification of the trajectories itself. In fact the initial trajectory
generation of the method was a naïve PRM, without considering the potential heuristics in the placement of the
samples. With the same work as a basis the proposed algorithm develops the potential heuristic at the stages of
coordination. Saska et al. [44] solved the problem of multi-robot motion planning in the specific context of
formation control. First an optimization based motion planning was done for a virtual leader, based on which the
follower trajectories were derived. The Model Predictive Control mechanism was used for the motion of the
robots. The problem was for a simpler context of formation control with relatively same trajectories.
Indelman [45] also solved for multi-robots, while projecting the robots into a belief space and using joint
observations of multiple-robots for probability updates of the belief space. Again the approach is
computationally expensive due to operations at belief space level, while much projection into the future is not
possible. A number of approaches also use Partially Observable Markov Decision Process for the problem of
navigation, for which a lot of strategies have been tried. The process is time consuming and therefore Lee and
Kim [46] proposed the use of GPU for the computation. Similarly, Feyzabadi and Carpin [47] used hierarchies
to solve the same problem. The states were clustered to make a coarser transition system for the same. Wu et al.
[48] solved the problem in a decentralized manner for agents that have bounded communication. The
decentralized nature enabled effective online learning of a policy. The agents maintained a belief state and
updated based on the histories and consistency with observations. Overall, the approaches are computationally
expensive, unless some heuristic or discretization is used which leads to a sub-optimal performance.
Kim et al [49] solved the problem navigation of multiple robots using potential field, whose output was later
corrected by using a fuzzy controller. A hybrid of both approaches made several robots reach their goals. Das et
al. [50] solved the problem of multi-robot motion planning from an optimization perspective. The authors
optimized for every step’s movement of all the robots, while every obstacle exerted a force on the other robots
that led to robots avoiding each other. Hoy et al. [51] solved the problem of multi-robot navigation in partially
known environments. The motion planning is done for the part of the known map, while the robot is also
controlled to avoid the obstacles around. A Model Predictive Control Scheme is used for the same. Further,
Charalampous et al. [52] showed the navigation of an autonomous vehicle in an unknown area, wherein the
vehicle made its own map, localization and motion planning. Support Vector Machine was used for trajectory
planning.
Based on these studies it can be observed that much thrust is yet to be put into planning of multiple robots
inspired by reactive planning techniques in complex obstacle frameworks, in a manner such that the robots can
interact in complex ways. Rather much thrust is on empowering the methods to be near optimal and capable of
coping up with uncertainties. While deliberative techniques may be computationally too costly, the paper
attempts to seek mechanisms to make the reactive planning near optimal and near complete by effective addition
of some deliberation in planning.

4 Algorithm
4.1 Basic Concept
The basic inspiration behind Artificial Potential Field method is that every obstacle applies a repulsive potential
and the goal applies an attractive potential to a charge, which hence when let free from the source can get to the
goal. However the same motivation cannot be directly extended to multiple robots or charges. If a large set of
similar charges are released, each ‘somehow’ attracted towards its own goal; one would expect many of these
charges to come to a standstill, each repelling one other producing an equi-potential point. Even if perturbed in a
random direction, the possibility of getting re-struck (maybe at a worse situation) is large. Hence a completely
nature-inspired approach may not be the best course of action.
Hence a different (and slightly more abstract) analogy is used. Assume a collection of charges are onboard, each
repelled by each other and the static obstacles around. Each charge has an additional preferential position which
attracts it (and no other charge) by a force directly proportional to distance. Consider an initial configuration
where the charges are all at their preferential positions. These charges move as per the defined dynamics and
soon come to a rest at the equi-potential point in such a system. It can be argued that the system so defined
results in maximum separation between the charges and obstacles with the least deviation from the preferred
positions.
In a physical sense, the algorithm treats the charges as current trajectory of the robot τi while the preferential
positions are the individual (single-robot) optimal trajectories τ*i. The space is hence a trajectory space, where
each point corresponds to a trajectory while the static obstacles correspond to a trajectory whose positions does
not change with time. The maximum separation objective is equivalent to maximizing clearance, while the least
deviation objective is equivalent to least cooperation, which in turn implies close to optimal path length and
time to destination. While in general this is simple to understand, the obvious questions are: What is a trajectory
space? How do trajectories repel and attract? What constitutes equi-potential points of trajectories? How do the
trajectories reach their equi-potential points? The general notion is given by figure 2. Figure 2 is a hypothetical
space where the complete trajectory of the robot, including both the special and temporal components, is
represented by a point in this space. So every point in this space should be visualized as the robot going from the
source position to its goal position by some speed. Any slight deviation in the path or speed, moves the
trajectory as a point in this space. Some points in this space are marked as obstacles, because the trajectory will
not obey the kinematic constraints of the robot.
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Fig. 2 Motion of robotic trajectories in a trajectory space. Every point in the space represents a trajectory.
Static obstacles have static trajectories which cannot move in space. Every robotic trajectory is moved such that
it is repelled by the trajectories of the other robots and obstacles, and attracted by its own optimal trajectory
computed in the case of absence of other robots. The trajectory motion stops on reaching the equi-potential
point, giving the optimal plan.

4.2 Overall Design
The problem of trajectory planning for multiple robots is decomposed into two independent problems. The first
problem deals with the computation of optimal trajectory τ*i(t) of a robot Ri. The second problem is to
coordinate the various robots to compute the overall optimal plan τ. A roadmap based approach is proposed for
the first step, where the construction of the roadmap is inspired from the potential field approach. For the second
problem the notion of attraction and repulsion of trajectories is floated, which happens iteratively till the
stopping criterion is not met. Re-planning may be required if a set of robots cannot reach the goal or cannot
avoid collision. This is done by altering the roadmap and re-planning the specific robots. The algorithm is
shown in figure 3.
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Fig. 3 General structure of the algorithm. (a) Simplified (b) Detailed. The algorithm first samples the map
into a roadmap, where each sample is moved away from the obstacles using a potential function. The roadmap is
used to develop an initial plan which consists of all optimal trajectories of robots which were computed without
considering the other robots. Coordination phase identifies the closest trajectories in trajectory space in the plan,
and modifies the same using repulsion forces by other obstacles and trajectories and attraction forces by owns
optimal trajectory. Each coloured box represents a module, and the logic flow within the module is given by a
solid line. The normal logic flow between modules is given by a dashed line. The “.-” line scheme is used for an

erroneous flow of the logic, which links it to the corrective step. The dotted style of line represents the database
style query/update relations.

4.3 Computing single-robot optimal trajectories
The first task is to setup a roadmap considering the static configuration space  static . |M| points are randomly
sampled, where M denotes the roadmap. Each of these points is a potential robot position and hence such points
need to simultaneously assure high clearance and small path lengths. By analogy of human motion we know that
the attempt to maximize clearance is done by a decent amount if there is a scope, otherwise the increase in
clearance is done to the maximum permissible value. All points within obstacle prone static configuration space
free
( M i   static
) are randomly moved by small amounts till they reach a point in free static configuration space.
free
Hence each point Mi is in the free configuration space ( M i   static
) and is acted upon by repulsion from all
neighbouring obstacles until the point reaches an equi-potential point or the resultant force acting on the point is
not large. Repulsion ensures points lie far from obstacles, while taking only significant magnitude eliminates
large motion of the point which could make the points in the roadmap too far from obstacles resulting in a loss
of optimality.

Consider the point Mi. The net force F acting at the point is given by equation (5). Unlike the case of robot, the
points are virtual agents with no inertia. Hence motion of the particle is given by equation (6).
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r(θ) is the distance of closest obstacle from the robot in direction θ. u(θ) is the unit vector in direction θ. In this
approach 8 uniformly apart values of θ are taken. α is the scaling factor which relates force to the magnitude of
displacement. Sometimes an obstacle very close to the robot can cause a very large displacement which is
undesirable especially due to the discritized nature of time and motion. The maximum force is hence given a
threshold of Fmax, which states the maximum distance a point may move in a unit time. u(F) is a unit vector in
direction F.
Large roadmaps increase planning (and re-planning) time, which makes it important to only have potentially
useful points in the roadmap. Hence if any pair of points (Mi, Mj) are closer by a distance of η, the point is
replaced by the mid-point of the two points given by equation (7).
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Here η is the distance threshold for connection between any two points. Equation (7) when iteratively applied
over the roadmap, gives the final roadmap such that equation (8) is valid.
M : M i  M j  M i , M j  M , M i  M j

(8)

A* algorithm is used to compute the optimal path for every robot using this roadmap. The cost functions of the
A* algorithm is given by equation (9).
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Where (a, b) are adjacent edges of the roadmap. g(b), h(b) and f(b) denote the historic, heuristic and total costs.
velimax, Si and Gi denote the maximum speed, source and goal of robot Ri. C(b) denotes the clearance at point b.

pen() returns the penalty for clearances lower than the maximum threshold. In the current implementation the
penalty linearly decreases (minimum unity) with an increase of clearance.
For every robot Ri, A* algorithm returns a path  iA which is optimal as per the given roadmap space M.  iA is
converted to optimal path  i* after little post processing which includes path smoothening by the use of a cubic
spline, deleting some points and adjusting positions of some points.
5 Trajectory Space
5.1 Realizing the space.
Consider a robot Ri with a trajectory  i . As per definition the position of Ri at any time t is given by τi(t) with
τi(t)=undefined for all t ≥ Ti (the travel time of the robot). Consider a space ς which has a dimensionality of
|ξ|.Tmax. Here |ξ| denotes the dimensionality of configuration space ξ and Tmax is practically the maximum time
that any robot may be in motion. Hence τi represents a single point in this space for 0≤ t ≤ Tmax. Consider τo to be
the mapping of the obstacle o in configuration space to the trajectory space which may be easily given by
obs
 o t   o : o   static
t .
In this manner all robot trajectories and obstacles represent points in the trajectory space ς. The next task is to
make robot trajectories repel from each other and the obstacles, and to make them attract to the optimal
trajectories. It should hence be simple to carry the attractions and repulsions. However such attractions and
repulsions do not have any physical interpretation. Further, if directly applied, two trajectories such that robots
collide with each other may have large distances if distances are measured as Euclidian norms in this trajectory
space. Hence the space cannot be visualized by a Euclidian equivalent.
The easiest way to handle the issue is to map the problem of attraction and repulsion of trajectories in ς into an
equivalent problem in ξ, apply the modification in ξ, and to re-map the effects in ς.
5.2 Path Velocity Decomposition
The problem of navigation planning of multiple robots may be easily broken into the problem of path planning
and velocity planning [24]. The potential method in this case is only used for path planning, while a heuristic
technique is used to compute the velocity. This decision goes from the fact that forces would be applied in ξ, in
which case there is no way to specify the time of arrival of the robot at a position. It is possible to fix the speed
to some value, which however can only sub-optimally solve the problems where the robots can avoid each other
with some fixed speeds.
Consider a plan τ where the trajectory of robot Ri is given by τi. Let us assume that at time t the position of the
robot is τi(t) while its current speed is vi. To compute the immediate speed of the robot Ri, it extrapolates the
motion of all robots including itself with the assumption that all the robots continue to travel as per their
trajectories in plan τ (considering path only) with speed equal to the current speed. The distance to first collision
is measured. Let the distance as measured by Ri on extrapolating other robots motion be di. The preferred speed
is the maximum speed the robot may possess such that it would be able to stop with the maximum acceleration
to avoid the collision intimated by the extrapolation. This form of speed assignment ensures that the robot
travels with the maximum speed possible at all times, and in case the plan is collision prone, the robot slows or
even stops to avoid collision. This is given by equation (10).
vipref  2.accimax max di  svi ,0

(10)

Here accimax is the maximum acceleration and s(vi) is the safety distance which must be maintained. Equation
(10) measures the preferred speed assuming a constant maximum retardation of accimax for an available stopping
distance of di such that the robot stops at a distance of s(vi) before the prospective collision. The safety distance
to be maintained should naturally be large for large speeds to accommodate for uncertainties, while at smaller
speeds the factor can be less. This is hence given by equation (11).
svi   k.vi

(11)

Here k is the factor that scales the speed to maximum safety distance required.
The immediate speed of the robot may not be updated to vipref due to speed (0, velimax ) and acceleration
(  accimax , accimax ) constraints, in which case the closest possible speed is chosen. Note that with this heuristic the
robots may not trace the complete trajectories but may end up waiting indefinitely with a zero velocity.
5.3 Attracting and Repelling Trajectories
Distance between any two points τi and τi in ς is defined as the least distance observed in corresponding ξ when
the robots/obstacles follow their respective trajectory in presence of all other robots/obstacles constituting the
overall plan  . This is given by equation (12).
i  j
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Here Bi denotes the robot Ri or the obstacle Oi, whichever the case may be. The norm . is returns the distance
between the closest points of the robots/obstacles.
The algorithm finds the robot pairs (Ri, Rj) such that  i   j



is the least for all pairs of robots that constitute the

plan  . An attempt is made to modify the trajectories τi and τi in ξ such that the distance between them increases
in  . Let c be the instance of time when the robots record the least distance. The robots can take zero speeds and
hence it is necessary to record the first instance when the least distance is observed. Let the positions of the
robots at the least distance be τi(c) and τj(c). Any other robot Rk also has a position of τk(c) at the time instance.
The aim is to increase  i   j .The best way to do so is to modify the segment of trajectory τi around the point


τi(c) and trajectory τj around the point τj(c). The trajectories cannot be made to repel in ς which means that the
problem needs to be transformed into ξ. In ξ the mechanism to repel (or attract) a point from another set of
points is known (as we shall also see later). This notion extended to define the operation of repulsion (or
attraction) of a trajectory from a set of points in ξ. A trajectory (say τi) represents a continuous set of points in ξ.
Let us uniformly sample the trajectory along some number of points. Each such point τi(s) may be made to
attract or repel and thus move in ξ which gives a new position of τi(s). This excludes the source and the goal
which are fixed. The trajectory may be reconstructed using the new values of τi(s). It must be noted that while c
denotes the specific time of closest distance of the robot following the trajectory, s is a sample taken out of the
trajectory whose movement results in modification of the trajectory.
In order to further extend the notion to repulsion (or attraction) of two trajectories (say τi and τj) one of the
trajectories (say τj) needs to be defined as a static obstacle in a static configuration space ξ from which the other
trajectory may be repelled. The task is hence to represent the entire trajectory τj as a point or a set of points in ξ
from which the entire trajectory τj would be repelled (or attracted). The best manner of doing this is to have a
static obstacle (representing τj) placed at τj(c) (along with the other robots acting as obstacles at time c), where
the two trajectories record their minimal distance of  i   j . The entire trajectory τj hence attempts to shift


away from τj(c) which may or may not be possible depending upon the presence of other obstacles or forces.
The concept can be understood with an analogy of driving vehicles in open fields. Imagine driving a vehicle in
an open field where you get close enough to a particular vehicle. If the entire travel plan could be reset, in the
next run knowing that the other vehicles would follow almost similar paths, you would like to keep away or
keep an additional distance to the point of closest distance as far as possible. This mostly affects the path near
the minimum distance path, which is also true for the potential methods where the potential fades away with
distance. The other vehicle might do the same, correcting in the opposite mechanism to still further increase the
distance. Hence while deciding your motion, all you know about the other vehicle’s motion is its position at the
closest meet. If the travel could be further reset, you might attempt to increase the distance from some other
vehicle, or further increase the distance from the earlier encountered vehicle.
The heuristic to increase  i   j by modification of τi and τj is simple. First treat Rj as obstacle placed at τj(c)


and modify τi. Then treat Ri as obstacle placed at τi(c) and modify τj. Imagine the motion of the robots as per

plan τ which lead to the least distance  i   j between Ri and Rj. In this plan, for the motion of Ri, the robot Rj


acts as an obstacle and attempts to push the robot far away, while the reverse is true for Rj. The combined effects
lead to an increased least distance  i   j , if it was possible to increase the same.


5.4 Modifying the trajectory
Consider the trajectory τi of the robot Ri. A static obstacle map in the configuration space is constructed which
consists of all static obstacles and the robot positions at time c as additional obstacles. The obstacle-free map is
given by equation (13).
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The trajectory  i is sampled along a few points. Let τi(s) be any such point. This point is moved in the
configuration space using potential field. Every static obstacle and robot obstacles contributes repulsive force
given by equation (14).
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The first factor is a repulsive force from the sampled directions (θ) measured from the point τi(s), while the
second factor is the repulsive force from other robots with any general robot Rj placed at τj(c). 8 uniformly apart
values of θ are taken. u() denotes a unit vector in the stated direction or in the direction of the stated vector.
The points are also subjected to an attractive force, which in trajectory space corresponds to a trajectory being
attracted towards the optimal trajectory  i* . The point (say  i* s  ) in  i* which lies closest to the point τi(s) is

computed. The point  i* s  then attracts τi(s) by a force which increases with the increase of separation given by
equation (15).
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Here A is the scaling factor of the attractive force, which also decides the relative contributions of the attractive
and repulsive forces.
A common scenario in multi-robotics is to have two robots heading towards each other, in which case both of
them apply repulsive forces on each other and attempt to move each other backward, until both come to a
standstill at the equi-potential point. While the problem may be difficult to solve in the case of lack of
communication or a common navigation law for robots, in this case another heuristic is placed in the form of an
additional force. For every robot Rj a repulsive force is applied in the direction of τj(c)-τi(s). An additional force
is applied in the direction perpendicular to this force with a magnitude proportional to this force, only if the
robot Rj lies anywhere ‘ahead’ of the robot Ri. ‘Ahead’ covers all regions which subtend an angle in the range (π/2, π/2) from the current robot’s orientation. Two perpendiculars are possible, clockwise and anti-clockwise. If
the robot Rj subtends an angle in the range [0, π/2), the robot Ri should be looking to avoid Rj by drifting
rightward (relative to Ri) and hence clockwise perpendicular is chosen. It may be verified that robots always
choose opposing manners of avoiding each other. If the angle subtended is in the range (-π/2,0), anti-clockwise
perpendicular is chosen. This force is given by equation (16).
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 denotes the unit vector perpendicular to the mentioned vector. ϕ is the angle subtended by Rj from

direction of orientation of Ri. cos(ϕ) measures the similarity of the applied scenario to the most unlikely scenario
of two robots facing each other in which case the maximum force is applied.
The total force is given by equation (17) using which the point may be displaced using equation (18).

F  Frepel  Fatt  F

(17)

 i s    i s    max  F , Fmax .uF 

(18)

α is the scaling factor which relates force to the magnitude of displacement. The maximum force is given a
threshold of Fmax, which states the maximum distance a point may move in a unit time. u(F) is a unit vector in
direction F. Smoothing over the new trajectory is applied by the use of a cubic spline.
It should be noted here that the point τi(s) in a single iteration cannot be moved by large amounts. This is due to
the fact that the entire computation is based on the evidence of distance  i   j . If any point in the trajectory of


any robot before time c is altered, it is evident that the robot Ri would not reach the point τi(c) at time c as per
the altered plan but at a different time (depending upon whether its trajectory before the point c was shortened or
elongated and whether the other robots now come in Ri’s way or clear Ri’s way). In order to excessively increase
the distance  i   j only assuming Rj as a static obstacle at τj(c), one may instead get the robot Ri closer to


some other robot at some other location. Making small changes ensures the robot does not go too close to some
other robot, and if it goes slightly the point of focus in next iteration may be shifted and points modified to
increase the shortened distance.
5.5 Trajectory Motion
The algorithm is iterative, whereby in every iteration two closest trajectories move such that their distance
increases (in the trajectory space). Hence the sight in the trajectory space would be the trajectories slowly
drifting apart from each other, till they all enjoy a comfortable distance. In the configuration space every
iteration marks a point where two robots get very close to each other and then modification of their trajectories
makes the distances large. Hence points of near collisions as per optimal paths, would soon become less
collision prone and later distance would further increase. Soon some other point between any other pair of
robots might have the smallest distance, which then becomes the point of work and trajectories are modified to
increase the distance even further. Hence as iterations proceed, trajectories start placing the robots as far apart as
possible. This could be stopped after pre-specified number of iterations or when the trajectories stop getting
affected signifying their positions at equi-potential regions. The equi-potential region denotes the region where
all the forces applied at the snapshot recording the minimal distance between any two robots cancel each other
out, which would happen once the trajectories are fairly wide apart, or as much wide apart as possible in the
case of narrow regions. The concept is given in figure 4. The flowchart of the algorithm is given in the
coordination module of Figure 3(b).

Robot 1’s trajectory
bounded by static
obstacle

Robot 1’s trajectory
drifting outwards
Robot 1’s initial
trajectory
Robot 2’s initial
trajectory
Robot 2’s trajectory
drifting outwards

Robot 2’s trajectory bounded by
static obstacle
Figure 4: Robot coordination. As per initial trajectories both robots stop at the centre and hence do not trace
the complete trajectories. Along with iterations, both trajectories drift towards their left by each other’s
repulsion. The drifting is bounded by repulsion from the static obstacle and attraction from owns optimal
trajectory.

The algorithm is given below.
Coordinate(ξstatic,  i*i )
  i i*
while stopping criterion is not met
simulate  by path velocity decomposition heuristic

compute min i, j   i   j  and corresponding time c
 

compute  k c c which act as obstacles

for all τi(s) in sampled τi, compute new τi(s) by equation (18)
τi ← reformulated trajectory from all τi(s)
for all τj(s) in sampled τj, compute new τj(s) by equation (18)
τj ← reformulated trajectory from all τj(s)
end while
return 
5.6 Planning without direct communication
In case there is no direct communication, the robots do not know about each other’s trajectories. The algorithm
was first designed assuming that there is communication between the robots. However the scenarios of no direct
communication are practical and cannot be neglected. Hence once the algorithm design was over, the approach
was extended to the case of no direct communication. Here other robots may refer to any of the other robots in
the scenario, humans or other dynamic obstacles. This approach may similarly be extended to the case when
there is communication between a pool of robots and no communication exists with the other robots (or dynamic
obstacles).
A solution would be to repel the trajectories from the current position of the robot, which converts the algorithm
to a conventional potential field method. A better means would be to attempt to predict the intent of the robot
and assume it as the trajectory which it follows. Much like in natural human walking or driving, the robots tend
to travel much of their distances without making much turns. Hence here the robot Ri assumes other robots Rj
would travel in their current direction with the current speed, till they collide with a static obstacle. The
collision criterion comes from the fact that one robot’s behaviour by another robot should not be affected if they
are separated by a wall or obstacle. The untraced trajectory of Ri is made to repel from these extrapolated
trajectories of other robots.
At any time t, let the positions of the robot Ri be  itraced t  , speed be vi(t) and orientation be θi(t). The robot Ri
traces all the other robots to get their speeds, positions and orientations. The assumed trajectory of any robot Rj
is given by equation (19).
free
t   v j t . u  t , u  t, j u1  static
 j u    traced
t  u1  u
j

(19)

The closest distance is measured and accordingly the obstacles are defined which are used to affect the sampled
trajectory from current position  itraced t  , which gives the modified trajectory τi. The immediate speed of the
robot is as per equation (10). The robot is made to trace the trajectory with this speed till the next iteration of
planning is called.
6 Results
The approach was experimented using computer simulations. The algorithm was developed in MATLAB. The
scenario parameters could be specified in a separate file while the map could be given as an image file to the
simulation tool. The results were displayed as a graphic, while the performance metrics associated were
displayed at the console. The assumption is that the robot knows the complete map. The static component of the
map will be typically produced by a SLAM which typically requires a robot equipped with a lidar/3D image

sensor and an IMU. Then there are two variants of the algorithm. The first variant assumes communication
between the robots. Here all robots should have an IMU/vision sensor so as to localize themselves and a
communication device so as to transmit and receive the positions. The second version, without communication,
just needs all robots to know their position. Typically one can also employ an external vision system that makes
the map, tracks and localizes the robot; and is connected with a server where the algorithm runs. This server is
connected wirelessly to all the other robots and transmits the actions that the robots need to take. The virtual
sensor used assumes a 360 degrees field of view and an infinite sensing capability. This sensor is virtual and can
be assumed knowing the complete map a priori.
6.1 Simulation Results
The algorithm was tested via simulations on a number of scenarios. The results of 3 scenarios are discussed. In
all the scenarios four robots are generated at one corner and are needed to reach the other corner of the map
which is a grid of 500×500 blocks. This typically represents a big office space whose orthographic map is
resized into an image of size 500×500 by a reduction of resolution. The first scenario consists of a number of
obstacles placed within the map. The major task for the robots is hence to first compute their optimal paths and
then to avoid each other. The obstacles to some extent screen a robot from the other, making it impossible for
the robots to collide. Hence the second scenario consists of a single obstacle. The robots may now be found
close to each other, and hence the coordination algorithm becomes important. In the third scenario no obstacle is
placed. The optimal paths of the robots are hence diagonal lines, such that all robots collide at the centre. The
paths traced by the robots are shown in figure 5. For a detailed insight of the results please refer video 1.

(a)

(b)

(c)

(d)

(e)

(f)

Fig. 5 Experimental Results. (a), (c) and (e) cover scenario 1, 2 and 3 respectively with communication
between the robots. (b), (d) and (f) cover the corresponding scenarios without communication between the
robots. For detailed insight please refer video 1.

Figure 5(a) shows the path traced by the robot with the proposed algorithm for scenario 1. The sampling based
optimal path computation algorithm placed the different robots such that there was a potential collision between
the different pairs of robots at different places. Hence the coordination algorithm had to place the robots away
from each other, or to time the robots such that no collision happens. It may be seen that enough separation was
made available and hence the path was neither too long and nor clearance too small. The corresponding path in
the absence of communication between the robots is shown in figure 5(b). Lack of communication makes it
impossible for one robot to align as per the requirements of the other robot. The figure shows two robots unable
to judge each other’s intensions, which hence had to slow and take corrective actions when they were quite close
to each other.
Figure 5(c) shows the results to the second scenario. Although in reality the optimal paths of different robots
should not have collided with each robot encircling the obstacle in the same clockwise/anti-clockwise direction,
the sampling based optimal path planner instead scheduled different robots at the same place. It may be noted
that the individual optimal path planner of robots do not have communication, and both clockwise and anticlockwise encircling have the same path cost. Hence additional coordination was required, which moved some
robot far apart to have enough clearance between the robots. The path without communication is shown in
figure 5(d). Again two robots were found to be too close and could not judge each other’s intensions until they
reached very close to each other. Both robots wanted to avoid by each other’s right side, which meant opposing
plans getting the robots on the verge of collision. In the communication case such plans could be communicated
and optimized until a consensus is reached.
Figure 5(e) shows the case of no obstacles. All the robots easily avoided each other by turning leftward. While
the final motion was simple, it was not easy to get such a plan of action. As per initial plan, all robots would
have met at the centre and hence each robot has to move leftward or rightward. Due to symmetry it was
impossible to guess whether turn should be leftward or rightward. Even though the avoidance heuristic in such a
case preferred a left direction, algorithmically the scenario may not be perfectly symmetrical, which meant two
robots took opposing plans such that they collide a little leftward or rightward. After a few iterations of
coordination, the robots reach to a consensus of the direction of avoidance, while the potential function looked
after the magnitude. Though the benefit of having a perpendicular force was also visible in the first scenario, the
use is best visible in this scenario. The case of absence of communication is shown in figure 5(f), where the
robots seem to have done well in judging each other’s intensions, which by their very initial trajectories are
reasonably clear.
6.2 Comparisons
The algorithm is compared against 3 commonly used and related approaches. The first is a typical
implementation of artificial potential field [5]. The attractive potential of goal was made decreasing with
distance up to a limit beyond which it was made uniformly small to eliminate the attractive potential being too
small far off from the goal. The robot was disallowed to make sharp turns or move backwards. The second
approach was a guided artificial potential field which eliminates the problem of robot taking globally suboptimal path or getting struck. The optimal single robot path was used to guide the artificial potential field. A
point at a distant in the optimal path acted as the immediate goal of the robot planned using potential field [36].
The third approach was probabilistic roadmap [12] with the planning of individual robots done using prioritized
A* algorithm. Each of the paths obtained was subjected to a post processing and local optimization.
For comparisons the main metrics used are average time of travel and the average path length. The results are
given in figure 6. Figure 6(a) and 6(b) show the performance using the metrics of average time and travel and
average path length, which show a difference between the algorithms. Figure 6(c) shows the metric of average
clearance. All methods were tuned to maintain nearly the same clearance. Experiments hence revealed no
significant difference in clearance. The cooperation metrics behave similar to the presented metrics. It can be
seen that the proposed approach with communication was the best followed by proposed approach without
communication. For measuring the relative performance over path length metric, effective path length is used as
a metric. The effective path length is defined as the path length over the shortest distance path length between
the source and goal. Since the optimal value of the path length is not known, the Euclidian distance between the
source and goal is used as an estimate. Using this formula, the plots on effective path length are given in Figure
6(d). It can be seen that there is a significant improvement as a result of the use of the proposed algorithm. The
relative performance is also plotted as Figure 6(e). For scenario with no obstacle, algorithm without

communication became better as the intensions were clear and there was no incentive of communication. As
maps and parameters were chosen such that the robots are not trapped and all paths to the goal have nearly same
path cost, there is no direct incentive of guidance to potential field, though it does lead to a better cost. Cost
largely depends upon the manner in which robots meet, and hence for scenario 1 path cost with guidance is high
due to a worse position of meet as compared to the case without communication. Probabilistic roadmap
approach is next best after the proposed approaches.
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Fig. 6 Comparative Analysis. The algorithms (with and without communication) are compared with Artificial
Potential Field [5], Probabilistic Roadmap [12], and a fusion of the two called as guided artificial potential field
using fusion similar to [36].
The general problem associated with potential field approach was that at times it got trapped, especially while
some other robot was coming. The parameters were adjusted so that this does not happen in the studied
experimental cases, while it may be the case in general. The other problem was while some other robot (say
robot B) came and applied a strong repulsive force, the robot (say robot A) had to quickly move back. Due to
steering limits a turn was made in the opposing direction which made the robot A somewhat far. After robot B
passed, the normal route for robot A continued which appeared as robot A taking an unnecessary circular turn to
avoid robot B. Due to acceleration limits and constantly changing potential field due to other robot’s motion, the
robots at times got reasonably close to each other. For the no obstacle scenario the problem was symmetry,
wherein the forces applied attracted and repelled the robot in the same line, which meant that they should have
stopped close to each other. In simulations slight in-symmetries became dominant when the robots were very
close, wherein they all turned to their right for avoidance.
The guided potential field approach gives some optimality and completeness to the problem, but does suffer
from the above mentioned limitations. An additional limitation is that if a robot changes its path to avoid
another robot, which may be by a large amount, another path may now be better from a guiding perspective. But
the robot would have to change its course to make the final path resemble the guided path. No significant loss
due to this phenomenon was however observed.
The major problem with the probabilistic roadmap was that the higher priority robots took the best suited paths
centrally located in case of narrow passages. This made the other robots need to deviate largely from their
optimal paths and thus increasing their path lengths by a large amount. A general expectation was that this
method would have the robots spread out in the map. Two paths (say I and II) may be nearly optimal at a global
level for a couple of robots (say A and B). Planning individual robot’s paths may make one path (say I) likely for
both robots. However in case robot B is planned after robot A, robot B knowing the presence of robot A at path I,
may now chose path II. In case of proposed approach both would however use path I. This was however not
experimentally observed. The reason is that the approach works on a graph sampled from the configuration
space and not the actual graph. Hence the path costs are only approximately known, to which the presence of a
robot does not carry a significant difference.
6.3 Convergence
While it was intuitively said that all trajectories merge to some equi-potential point, which is the optimal travel
plan, it is important to experimentally study the same. A path cost metric was devised which was taken as the
average time of journey for robots, and if the robots did not reach their goal, a penalty was added equal to
tracing the rest of the trajectory by 1/4th of the maximum speed. The path cost for different number of iterations
is shown in figure 7(a), which shows that the trajectories indeed converge. The oscillatory nature at the start is
due to conflicting intentions. A robot in attempt to avoid one robot, may in turn find another one, which can
only be resolved once a consensus is reached regarding the manner of avoiding each other.
The only important parameter of the algorithm is the maximum deviation that can be made in a trajectory per
iteration of the algorithm. Lower values mean slow motion of trajectories and slow convergence. A higher value
has the risk of overstepping the optima. The minimum number of iterations needed for convergence is shown in
figure 7(b). For experiments the value was specified as 10, which is not very large from an algorithm
perspective. The minimum number of iterations was of the order of 10 to 30. The highly oscillatory nature in no
obstacle scenario is due to the kind of stochastic nature of the algorithm in different runs. In symmetrical
scenario different robots may assume different ways to avoid each other. If all the robots are in consensus
initially, very little iterations may be required; which is better than the case of not having any 2 robots in
consensus for which larger number of iterations is required; which is still better than having no pair of robots in
consensus.
6.4 Scalability
It is worthy to note the effect of increasing the number and robots on the algorithm performance. The planning
happens at two levels, the single robot motion planning to get the initial trajectory, and the multi-robot
coordination. For single robot motion planning, the complexity is O(n) for n robots, since all robots are planned
independently one after the other. In terms of the number of robots, the complexity of the coordination step is

O(n2), although the algorithm is anytime in nature, wherein the solution keeps improving with time. So the
number of robots cannot be increased to the order of hundreds due to this complexity. However, it is widely
accepted that in case of a very large number of robots, only the neighbouring 3-6 robots account for the
immediate motion. Hence the variant with communication may be used with only neighbouring few robots, in
which case the complexity reduces to O(n log n) with a drop in optimality and completeness. In this paradigm
the algorithm can be used like any other reactive navigation algorithm scalable to a very large level.
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Fig. 7 Algorithm Analysis. (a) Convergence of the algorithm along with iterations. (b) Effect of increasing
maximum deviation to trajectory in a single iteration to the number of iterations required for convergence.
Increasing the factor decreases convergence time, but increases the risk of overstepping optima.

Similarly the effect of increasing the number of obstacles is assessed. The single robot motion planning has the
same complexity with respect to the number of obstacles as a standard Probabilistic Roadmap approach. Large
number of obstacles and obstacles with narrow corridors affect the performance. For coordination, the increased
number of obstacles partition the environment and do not let the trajectories of multiple robots affect each other.
This greatly simplifies the problem. So the more be the number of obstacles, the easier is the problem. There is
still a problem when multiple robots get scheduled through the same narrow corridor, having not enough space
for the robots to pass by from different directions. In such a case significant trajectory modifications and replanning at the single-robot level will be required.
7 Conclusions
If all the robots choose to take their optimal paths, there is likely to be a collision. The aim of a good
coordination strategy is to direct the robots so that no collision happens while the robots take a near-optimal
trajectory. This paper proposed a very strong coordination strategy that gives near-optimal results, while taking
a small computation time. The problem was converted into a new space, called as the trajectory space, wherein
every robot trajectory is a point. The problem of multi-robot coordination was hence converted into the problem
of finding the equi-potential point in this space that can be done very quickly using heuristics. This is a new
concept in the literature of motion planning and gives a new fundamental look at the problem. When operating
without communication, the robots could guess the intent of the robots to judiciously make a move, which
imitates the natural human walking wherein humans plan their moves in anticipation of the moves of the people
around. Experimental results confirm that the robots could coordinate with each other while taking near-optimal
trajectories and driving with high speeds. The approach was adjudged to be better than the popular approaches
of artificial potential field, guided artificial potential field and probabilistic roadmap.
One of the wonderful attributes of human walking is the ability to predict regions that may have high density,
and to avoid the regions when deciding the route. The robots, being connected to each other, should be able to
display the same skills in a much better manner. For the case of vehicles in a traffic scenario, the same concept
was used in [53], wherein vehicles could judiciously schedule themselves based on road usage known before
time due to communication. The same capability needs to be given to the robots in the experimented scenarios.
For the case of no communication, anticipative techniques may be made. Instead of starting from a single
trajectory, multiple trajectories from different homotopic groups could be considered. Better anticipative
techniques to guess the robot’s intent can be very helpful to improve the performance for the case of no
communication. Since there are multiple robots, a distributed version of the algorithm is of a lot of benefit.
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