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Abstract
A solution to a case of heterogeneous multirobot routing is presented using opportunistic collaboration, which draws on the concept
that robots are held responsible for completing tasks no other robots can. These robots
choose to complete tasks they are not responsible for (collaborate) when low-cost opportunities arise (opportunistically). The algorithm
is low-cost in both implementation and processing, it is able to operate with unreliable or
failed communications, and can be utilised dynamically with simple optimisation techniques.
The algorithm is designed for use in agents
with very limited processing capabilities. Its
performance benchmarked against a sequential
single-item auction, an efficient heuristic for
agents of higher intelligence. We also compare performance to other greedy solutions, illustrating that our algorithm can be used to
reduce task completion times.
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Introduction

Multi-robot systems (MRSs) have the potential to outperform single robot systems at completing tasks. This is
due to their spatial distribution, robustness through redundancy, improved versatility and scalability [Khamis
et al., 2015]. Many multi-robot systems use homogenous robots for ease of design. However, heterogeneous
robots can increase functional capabilities and improve
performance. In addition, robots that are initially homogeneous may become heterogeneous through sensor
failure or equipping tools. This paper deals with multirobot systems using heterogeneous robots that occupy
specialised roles within the team.
A fundamental challenge for multi-robot systems is
that of routing. Given a set of tasks with locations and
a set of robots, it is desired that the robots complete the
tasks according to the system objectives. These objectives may relate to completion in the shortest time, the

shortest distance travelled, the lowest energy usage, the
highest likelihood of success, or many other options. In
heterogeneous multi-robot systems, this problem is further complicated in that not all robots are capable of
completing all tasks. In fact, it is common for certain
robots to be specifically designed to accomplish certain
tasks. Some robots fly, some drive, and others have expensive sensors, actuators, or processors. There is no
robot that performs best in every scenario. Heterogeneous capabilities may also occur due to ownership of
contested resources. For example, a robot with a drill
must either perform the drilling or relinquish the drill.
We present a solution using the concept of opportunistic collaboration; a term used in work practices,
where employees or workplace divisions encounter opportunities to help one another. Research in workplace
management has shown how workplace collaboration enhances innovation and performance [Capdevila, 2015],
and has explored techniques to promote collaboration
[James et al., 2016]. If the collaboration is one-sided
(e.g. Party A requires knowledge that Party B already
has, so Party B helps Party A) parties must strike a
balance between completing their own work and helping
others. Clearly, optimal behaviour lies somewhere in between being purely selfish (refusal to help others) and
being purely selfless (delaying their own work).
In the multi-robot system investigated here, there are
tasks that each robot is responsible for completing. Few
other robots can complete these tasks. There are also
tasks that are common and can be completed by the
majority of robots. Robots aim to complete the jobs
they are responsible for, but in doing so may encounter
opportunities to complete common tasks at lower than
usual cost. The robots will complete these common tasks
provided they are within a selfless threshold, which dictates how far out of its way a robot is willing to go.
By adjusting this threshold, it is possible to complete
all tasks efficiently. This paper will illustrate that this
methodology is simple to implement, extremely quick
to execute, can outperform other algorithms of similar

complexity, and can operate in environments with no
available communication during operation. We will also
show that this method can adapt to task requirements
that change over time through the use of simple optimisation functions, exemplified in this paper by the use of
stochastic gradient descent [Saad, 1998], which converges
towards inputs producing minima/maxima, albeit local.
While it guarantees convergence for convex functions, it
can also be used for many non-convex functions [Bianchi
and Jakubowicz, 2013].
In this paper, we explore the use of opportunistic collaboration for 2D non-holonomic land vehicles. We assume that tasks are simple, in that they can be completed by a single robot. The tasks are given 2D locations that a robot must move to in order to be completed.
Section 1 introduces the paper, Section 2 reviews heterogeneous routing algorithms. Section 3 introduces
the algorithms executed by the mobile robots, acting as
agents. Section 4 describes the optimisation algorithm
for handling dynamic scenarios. Section 5 describes the
simulation platform, as implemented in MATLAB. Section 6 discusses the results obtained, and Section 7 concludes the paper.
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Related Works

Multi-robot routing is a fundamental problem in multirobot systems and is prevalent in robotics, computer science and mathematics. It has been modelled in a number of different ways, the most common being a multiple Travelling Salesman Problem (mTSP), and a MultiDepot Vehicle Routing Problem (MDVRP). This is a
non-deterministic polynomial-time (NP) hard problem
[Montoya-Torres et al., 2015], and can require a large
amount of time to solve optimally. These solutions can
be segmented into two categories: centralised, and decentralised.
Centralised solutions deal with minimising or maximising the objective functions of a system, and are often capable of finding optimal solutions in worst-case
exponential time. Examples of centralised solutions include branch and bound techniques, genetic algorithms
and simulated annealing [Khamis et al., 2015]. Research
in this area aims to improve performance of these algorithms [Kartal et al., 2016], or to apply them to realistic
scenarios, such as a genetic algorithm to optimise time
and fuel consumption for robots inspecting an industrial
plant [Jose and Pratihar, 2016], or how best to send data
mules to collect information in wireless sensor networks
[Lukic et al., 2015]. Typically, these solutions require
a large amount of communication in order to operate.
They often have a single point of failure and do not scale
well [Khamis et al., 2015].
Decentralised solutions are more common for multirobot systems. A highly efficient decentralised solution

uses auction-based task allocation [Khamis et al., 2015].
Tasks are locally sold or traded to nearby robots, and
the more capable robots are able to bid higher than the
less capable ones. Recent work in this area includes
altering the price of tasks in order to distribute tasks
amongst available robots evenly [Liu et al., 2014], using path-finding costs to ensure tasks can be completed
quickly [Öztürk and Kuzucuoğlu, 2015], and improving
solutions over time, which was experimentally validated
using the Robot Operating System (ROS) [Koubâa et al.,
2016]. Some algorithms include additional constraints
such as time windows for task completion [Nunes and
Gini, 2015]. Applications include using heterogeneous
robots in assisted living environments, where some tasks
require immediate prioritisation [Das et al., 2015]. These
solutions can be complex to implement and require reliable communications but are far more robust than their
centralised counterparts.
Solutions for low-intelligence agents have been explored for some systems. A dynamic task allocation for
multi-robot foraging has been designed with robots that
do not communicate and have limited planning [Lerman
et al., 2006]. There has also been a characterisation of
how computation power affects execution without global
coordination [DEmidio et al., 2016].
Recently, heterogeneous robots have also been considered, producing the problem known as the Heterogeneous Multiple Travelling Salesman Problem (H-mTSP)
and the Multi-Depot Heterogeneous Vehicle Routing
Problem (MDHVRP). In some cases, the heterogeneous
robots work in conjunction to access otherwise inaccessible areas, such as the firefighting robots and debris
clearing robots to reach as many fires as possible [Jones
et al., 2011]. A few use drones located on trucks to
leverage the long-distance capabilities of trucks with the
high-reaching capabilities of drones [Klauc̆o et al., 2016;
Mathew et al., 2015]. Others look at foraging, where
some robots gather information to find resources and
others perform the foraging to collect those resources
[Liemhetcharat et al., 2015].
There has also been work where heterogeneous robots
do not intrinsically require one another to operate but
still share the same environment. One solution is to
segment the environment to reduce redundancy [Pereira
et al., 2015], but is only applicable to situations where
different tasks appear in different segments. Other solutions deal with task allocation where certain tasks could
only be completed by certain robots, while other tasks
can be completed by any robot [Sundar and Rathinam,
2015]. An application for this includes dial-a-ride services, where some passengers require specialised cars
[Braekers et al., 2014]. An extension of this is where
tasks can be completed by a subset of robots, and these
robots can achieve more than one task [Chopra and

3

Figure 1: Examples of the compared agent algorithms.
A robot (large disk) must complete common tasks (small
disk, grey) as well as private tasks (small disk, red). (a)
The Selfless algorithm goes to the closest task. (b) The
Selfish algorithm goes to closest private task. (c) The
Distance Limiter aims for the closest private task, but
may detour if the extra distance is small enough. (d)
The Bearing Limiter aims for the closest private task,
but may detour if the bearing change is small enough.

Egerstedt, 2014]. This property is known as degeneracy
and has been shown to improve the robustness and evolvability of a system [Whitacre and Bender, 2010]. Other
papers have explored the idea of degeneracy without explicitly mentioning it, such as a paper that uses heterogeneous robots to search and identify humans [Nagy and
Anderson, 2016]. A concept that builds on this is that
of preparedness, where robots that have rare skills are
given fewer tasks in order to ensure they are available
for future tasks [Kim et al., 2012]. This has been implemented using an economy-based Gini-coefficient strategy
[Wu et al., 2017]. This has also been explored in warehouse distribution, where all robots are able to distribute
objects but have different levels of suitability for different
objects [Luo et al., 2015].

Agent Algorithms

This paper aims to use low-intelligence agents that are
simple to implement and able to decide quickly which
task to complete next. This leaves processing available for completing the task at hand. We use communicative and non-communicative model-based agents.
Model-based agents are able to store a representation of
their environment but do not perform long-term plans
in order to achieve their goal. In this paper, the communicative model-based agents will perform task auctioning
when more than one robot is interested in a particular
task. This allows robots to purchase common tasks so
that robots do not attempt to complete the same task.
The purchasing process is done through auction. When
a robot wishes to complete a task, it prompts nearby
robots to see if they are also interested in that task.
Each interested robot bids an amount based on ease of
completion. The bids value is the distance to the task,
i.e, a robot will always give away a task to a robot that
is closer than they are, provided they want to buy it. In
short, a single round auction is performed whenever a
robot wishes to complete a task, and other robots only
bid if they also wish to complete the task. No future
planning occurs, so this process is very fast.
If communication is not available, the robot will assume no other robot wishes to claim that task. This
means it is possible for multiple agents to attempt to
complete the same task. In this case, the first agent
to get to the location will complete the task. When the
task is completed, all other agents will observe that their
task is completed, and move on. This guarantees that a
solution will be found for both the communicative and
non-communicative case, robots will move directly to a
task until that task becomes completed.
The following robot algorithms will be compared:
• Selfless
– Goes towards the closest task it can complete
• Selfish
– Goes towards the closest private task it can
complete
– If there are none, it will go towards the closest
common task
• Distance Limiter
– Selects the closest private task it can complete

Current solutions for heterogeneous task allocation are
designed for intelligent agents with communication availability, and are unable to be applied to low-intelligence
agents that may not have communication. This paper
introduces the opportunistic collaboration algorithm as
a means to fill this gap.

– If there is a common task that is closer and the
detour multiplies the distance by less than D,
goes to that task instead
• Bearing Limiter
– Selects the closest private task it can complete

– If there is a common task that is closer and
changes the robots bearing by less than β ◦ , goes
to that task instead
A graphical example of these algorithms are presented
in Figure 1. These algorithms are greedy in that they
only consider the immediate state when performing task
allocation. Greedy solutions are often sub-optimal, but
are much faster to solve than optimal solutions [Neapolitan and Naimipour, 2010]. As mentioned in Section 1,
optimal solutions for this problem can take an enormous
amount of processing time. Optimal solutions also need
information about all robot and task locations, whereas
greedy solutions only need information about nearby
tasks. This allows them to operate in environments with
limited communication and limited knowledge. Greedy
solutions can therefore handle dynamic changes quickly.
The D and β variables specified for the opportunistic
collaboration algorithms are selected at the beginning
of each run. D and β both have minimum and maximum values which result in purely selfish or selfless behaviour. When D = 1, or β = 0◦ , robots will not go out
of their way to complete a common task. When D = 3,
or β = 180◦ , robots will complete the closest task they
can regardless of ownership. These values are standardised using a selfless ratio w that ranges from 0 (selfish)
to 1 (selfless),
D = 2w + 1
◦

β = 180 w.
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Figure 2: The simulation in MATLAB. The robots (large
disks) complete tasks (small disks) by moving to the task
location. Grey tasks can be completed by any robot,
while other tasks can only be completed by the robot
with matching colour.
function over n attempts,

(1)

n

Q(w) =

(2)

Learning Algorithms

The robots are provided with task details at the beginning of each run. When using an algorithm involving opportunistic collaboration, the selfless ratio for the robots
is also provided at the beginning of each run. The selfless ratio is used to decide if a common task is ’on the
way’, as shown in Section 3. The ratio is optimised using
stochastic gradient descent for a single variable. Gradient descent has guaranteed convergence for convex data
and semi-guaranteed for quasi-convex data [Saad, 1998],
where there is a single local minima or maxima. Each
run uses randomly generated task locations, therefore
the time of each run is stochastic. It has been found previously that stochastic gradient descent will not converge
to a point, rather it will move around within bounds that
represent the stochastic uncertainty [Hardy et al., 2016].
A short description of the stochastic gradient descent
algorithm is presented here. We wish to minimise the
time it takes to complete all tasks, represented by function Q. The input to the function is the selfless ratio,
w. The task locations are randomly generated each attempt, meaning that we wish to minimise the following

1X
Qi (w).
n i=0

(3)

The learning procedure is as follows. The input value
w is updated by adding the step size η (also known as
the learning rate) in the direction that decreases function
output.
w := w − η∇Q(w)

(4)

Taking batches of n function outputs before updating
the input value can improve convergence, as averaging
multiple outputs will increase confidence at that point,
represented as
n

w := w −

1X
η∇Qi (w).
n i=0

(5)

The value n can be adjusted, high values will make
convergence smoother but it will take longer to converge.
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Testing Platform

The testing platform is a 2D simulation for nonholonomic ground robots, implemented in MATLAB.
There are up to 40 markers, representing tasks, at random locations within the testing area. These tasks must
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be completed by all four robots in the system. Some of
these tasks can be completed by any robot. These are
referred to as common tasks. Other tasks can only be
completed by one given robot, known as private tasks.
The goal of the multi-robot system is to complete all the
tasks in as short a time as possible. An example image
of the simulation is given in Figure 2. It is assumed that
all tasks can be completed in the same amount of time
and that they are not inter-related.
At the beginning of each run, the robots are informed
of all task locations. When all tasks have been completed, they return home to log details and recharge.
Three scenarios are tested. Scenario 1 involves 28 common tasks and 3 private tasks for each robot, producing
40 total tasks. The task locations are within a 10x10 metre area. This represents a situation where robots operate within the same environment. In Scenario 2 there are
also 28 common tasks and 3 private tasks each. The task
locations are within a 20x20 metre area, and the private
tasks are located in the 10x10 corners. This represents a
situation where robots operate near one another, but not
strictly in the same environment. Scenario 3 involves 30
common tasks and 10 private tasks for one robot, producing 40 total tasks. The task locations are within a
10x10 metre area. This represents a situation where one
robot has greater functionality than the others, but they
all operate within the same environment.
Task locations were randomly generated each run according to the scenario rules. This produces some level
of unpredictability for each run, so that dynamic task
allocation is tested.
The robots are non-holonomic land robots in that they
can only move forwards or backwards in the direction
they are facing. They move at up to 0.5 metres per
second, and can rotate on the spot at up to 1 radian per
second.
We compare these solutions to those found from a sequential single-item auction [Lagoudakis et al., 2005].
One task is allocated per auction round, and robots create new bids based on the tasks that they have received.
Robots initially have no tasks allocated to them. They
then bid on each task. The overall best bid is the winner,
and a robot is allocated the task. For each remaining unallocated task, the robot calculates the cost of adding the
task to its tour, and bids accordingly. Another auction
round is held and the process repeats until all tasks are
allocated.
Sequential single-item auctions are expected to produce significantly better solutions over our introduced
methods, but our aim is not to outperform them.
Rather, our methods are designed for low-intelligent
agents with unreliable connectivity, where sequential
single-item auctions are unable to be used. We compare
results to sequential single-item auctions as a benchmark
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Figure 3: Time to complete all tasks for Scenario 1 as a
function of selfless ratio. There are 4 robots, 3 private
tasks each, and 28 common tasks within a 10x10 metre
area. Selfless ratio was tested in 0.025 increments, and
1000 tests were performed for each. The use of distance
limiter has an optimal selfless ratio of 0.175 resulting in
a time of 53.2 seconds (no-comms) and a selfless ratio of
0.15 resulting in a time of 51.5 seconds (comms). The
yaw limiter has an optimal selfless ratio of 0.45 resulting
in a time of 57.2 seconds (no-comms) and a selfless ratio
of 0.325 resulting in a time of 55.1 seconds.
to illustrate reasonable results if provided with full communication connectivity and path-planning.

6
6.1

Results
Scenario 1

Scenario 1 involved 4 robots, 28 common tasks, 3 private
tasks per robot. The tasks are randomly placed in a
10x10 metre area. Simulations are performed 1000 times
for each selfless ratio. This is a situation where each
robot is specialised to perform certain tasks, and there
are also basic tasks that any of the robots can complete.
Figure 3 shows that purely selfless robots (w = 1)
outperform the selfish robots (w = 0) in this scenario
for both non-communicative and communicative cases.
The opportunistic collaboration algorithms are capable
of outperforming the standard selfish and selfless algorithms for a wide range of selfless ratios. The performance functions have local minima, which can be found
using relatively simple convergence algorithms, as will
be shown later in this section. The Distance Limiter
outperforms the Bearing Limiter, and also has a single
local minimum, making it a better candidate for optimisation. Some selfless ratios cause the Bearing Limiter
to perform worse than the standard algorithms. This
can be attributed to the fact that at high selfless ratios (> 0.7) the robots are willing to make large bearing
changes (> 125◦ ) to complete a common task, but will
ignore close tasks that are behind them, acting as a blind
spot. It can also be seen that the non-communicating
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Figure 4: Time to complete all tasks for Scenario 2: 4
robots, 3 private tasks each, 28 common tasks within
a 20x20 metre area. Selfless ratio was tested in 0.025
increments, and 1000 tests were performed for each. The
use of distance limiter has an optimal selfless ratio of
0.400 resulting in a time of 82.1 seconds (no-comms) and
a selfless ratio of 0.400 resulting in a time of 73.8 seconds
(comms). The yaw limiter has an optimal selfless ratio
of 0.800 resulting in a time of 85.3 seconds (no-comms)
and a selfless ratio of 0.800 resulting in a time of 77.4
seconds.

Figure 5: Time to complete all tasks for Scenario 3: 4
robots, one robot has 10 private tasks each, 30 common
tasks within a 10x10 metre area. Selfless ratio was tested
in 0.025 increments, and 1000 tests were performed for
each. The use of distance limiter has an optimal selfless
ratio of 0.025 resulting in a time of 62.4 seconds (nocomms) and a selfless ratio of 0.00 resulting in a time of
60.9 seconds (comms). The yaw limiter has an optimal
selfless ratio of 0.075 resulting in a time of 62.5 seconds
(no-comms) and a selfless ratio of 0.00 resulting in a time
of 60.9 seconds.

opportunistic collaboration algorithms are able to outperform the communicating standard algorithms.
For this scenario, sequential single-item auctioning
completed tasks in an average of 28.6 seconds, which
is 56% faster than the best result.

harder tasks. The results are seen in Figure 5. In this
scenario, being selfish vastly outperforms being selfless.
This is due to the specialised robot with 10 private tasks.
If this robot selflessly completes common tasks then the
common tasks are completed quickly, but the private
tasks are delayed in their completion.
It can be seen that the opportunistic collaboration algorithms support this scenario where collaboration is not
beneficial. The collaborative aspect can easily be deactivated by using a selfless ratio of 0 or 1, making it no
worse than the standard solutions.
For this scenario, sequential single-item auctioning
completed tasks in an average of 35.2 seconds, which
is 58% faster than the best result.

6.2

Scenario 2

In this scenario, the tasks are spaced out into a 20x20
metre region, but all private tasks are within the 10x10
metre corners. There are 28 common tasks, and 3 private tasks for each robot. This acts as a scenario where
the robots work in nearby environments rather than the
same environment. The results are shown in Figure 4.
In this scenario, the results are similar to the previous
scenario. Local minima exist and the Distance Limiter
outperforms the Bearing Limiter. The optimal selfless
ratios are higher (more selfless) than for Scenario 1, and
the use of opportunistic collaboration has less of an impact. This makes sense, as the working environments are
spaced apart. Each robot should complete more tasks in
their area and collaboration is less applicable.
For this scenario, sequential single-item auctioning
completed tasks in an average of 34.9 seconds, which
is 47% faster than the best result.

6.3

Scenario 3

In Scenario 3 there were 4 robots, 30 common tasks,
one robot has 10 private tasks. The tasks are randomly
placed in a 10x10 metre area. This scenario represents a
system where three robots can perform most tasks, but
one robot has extra features and is able to perform the

6.4

Dynamic Scenarios

The optimal selfless ratio can be found dynamically in
changing scenarios using a simple feedback mechanism.
The multi-robot system is treated as a black box, and the
selfless ratio is altered depending on performance results.
For the scenarios discussed earlier, the optimal ratio has
local minima. Therefore, a simple optimisation process
known as stochastic gradient descent is used to periodically converge to local minima that change over time.
The technique is outlined in Section 4. Figure 6 shows
the convergence for n = 40 (samples) and η = 0.1 (step
size). These values can be adjusted to juggle between
rate of convergence and the precision of convergence.
Figure 6 shows three graphs. In each graph, the task
distributions change over time. The ideal selfless ratio
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of time completion (selfish and selfless) are shown by
dashed red lines. The actual selfless ratios used are
shown by a blue line with circles for each point, which
results in the corresponding time shown by red line with
circles for each point. We can see that a simple optimisation process is able to converge around the optimal
selfless ratio. There is some jitter that occurs around the
ideal ratios, this is because the learning system uses 40
samples, rather than the 1000 samples used previously.
Using less samples causes higher variance of completion
time, but significantly improves convergence time. Similarly, a higher learning rate will improve convergence
time at a cost of convergence precision. The process
shown here illustrates that even a simple optimisation
process on a black box is sufficient for good results.
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Figure 6: Learning the optimal selfless ratio using
stochastic gradient descent. The scenario changes after
a number of samples, causing a change in the optimal
selfless ratio. The system is able to alter the ratio over
time in order to reduce the completion time.

Conclusion

In this paper, we have presented a simple, robust solution
to a heterogeneous multi-robot task allocation problem
using opportunistic collaboration. The robots selfishly
aim to achieve the tasks that they are responsible for
and only perform common tasks when they can be completed at little cost. The acceptable cost is dictated by
the selfless ratio, which can be altered when robots return to recharge. We also present a learning process to
automatically optimise the selfless ratio over time.
Solving the multi robot routing problem optimally is
NP-hard, taking a long time to solve for even a small
number of tasks. In contrast, the opportunistic collaboration algorithm can be executed very quickly, leaving
the robot processors free for performing their intended
tasks. This makes it suitable for robots with little processing capability, such as those in swarms.
This algorithm is also suitable to improve the robustness of multi-robot systems operating in outdoor environments, as it can be executed with or without communication. In comparison, decentralised task allocation
algorithms require reliable communications in order to
perform, making them sensitive to environmental conditions.
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