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Abstract—Multi-robot systems (MRS) are becoming more popular
due to advancements in artificial intelligence (Al), as well as their
ability to resolve task complexity. One of the most challenging
problems with the use of MRS is the allocation of tasks to robots. This
paper proposes a methodology for structuring bid formulation within
distributed, auction-based Multi-Robot Task Allocation (MRTA). A
fuzzy inference system (FIS) is proposed as a means of evaluating the
suitability of robots for a given task by considering objective factors
such as their load history, distance to the task, and the total distance
travelled. The suitability of a robot is combined with its capability and
put forth as a bid in the auctioning process. An adaptive neuro-fuzzy
inference system (ANFIS) was developed as a custom implementation
within Keras to extract a higher dimensional relationship between
the input variables and to leverage parallelized computation. The
previously designed FIS was used as a data generator, and the ANFIS
was trained to perform regression between the objective parameters of
a robot and its suitability. The results from this were a 9.8x decrease
in inference time, down from 0.315 seconds to 0.032 seconds. Future
work involves exploring using an artificial neural network (ANN)
to better approximate the FIS while maintaining the parallelized
computation, as well as deploying and evaluating the methodology
in simulation and on real robotic agents.
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[. INTRODUCTION

Mobile robotics have become more popular in recent years
due to several key technological advancements, namely the
rampant development and implementation of artificial intel-
ligence (AI). This, in turn, has resulted in their demand
increasing dramatically [1]. With the technological capabilities
of robots increasing, the complexity of their use cases also
increases. To counter this rise in complexity, researchers have
turned towards using multi-robot systems (MRS), creating one
of the most extensive research domains in robotics [2]. An
MRS consists of a group of robots that have been designed so
that they may achieve or perform some collective behaviour
or task. Deployment of a single robot to perform complicated

tasks is often time-consuming and energy exhaustive, and
many robots may be required to accomplish complex or
dangerous tasks.

MRS have seen numerous applications within a variety of
fields such as manufacturing, construction, mining, inspection,
warehouse scheduling, exploration, and agriculture, among
others [3], [4]. The benefits of MRS include resolving task
complexity, decreased task completion time, and increased
reliability and overall simplicity in design [5]. MRS can
therefore be used to perform complex tasks faster than a
single robot, and do so in a distributed manner. This inherently
imbues them with an innate sense of flexibility and robustness.

One of the most challenging problems relating to the use of
MRS is the optimal assignment of tasks to robots in a manner
that optimizes system performance subject to some set of
constraints. Within the literature, this has been described as the
Multi-Robot Task Allocation problem (MRTA), a classic topic
of research for several years within the robotics community.
The MRTA problem seeks to address the difficulty associated
with finding which task should be assigned to which robot
within an MRS, such that the overall system goals may be
achieved. This process is further abstracted when dealing with
heterogeneous robots equipped with different capabilities, as
well as when the tasks must be assigned in real-time as they
appear within the environment [5], [6].

Coordinating teams of heterogeneous robots each equipped
with different sensory and locomotive capabilities therefore
proves to be quite a challenging endeavour, requiring the use of
arobust yet flexible system to model, coordinate, and exchange
robot skills and behaviours [7]. Existing methodologies can
be broken down into two important main groups: auction-
and optimization-based approaches [5]. While many of these
strategies have been implemented within the literature, they
both lack validation through real-time experimentation, as
they are often implemented in simulation only. Furthermore,



these strategies suffer from difficulties in formulating multi-
objective functions to adequately capture the design require-
ments due to the complexity of the search space [2], [3],
[5]. As such, within recent years, there has been interest in
alternative methods for formulating the MRTA problem, such
as the use of fuzzy logic as a method of task allocation, or
the use of machine learning (ML) techniques such as artificial
neural networks (ANNSs) [6], [8]-[11].

Considering these points, this paper serves as a prelim-
inary investigation into an alternative methodology for bid
formulation within auction-based task allocation. This research
specifically examines the usage of a fuzzy inference system
(FIS) to infer a robot’s suitability for a given task based on a
set of objective parameters that are queried from the robot
during task allocation. An adaptive neuro-fuzzy inference
system (ANFIS) is examined as a means to augment this
approach by improving allocation time through leveraging
parallelized computation, allowing for faster inference times.

II. PROBLEM FORMULATION

This research has been performed under the assumption that
robots can locate themselves within the environment by using
localization techniques. It is assumed that a framework like
the Nav2 stack for ROS2 is used to manage each robot’s path
planning and navigation. The focus of this work is therefore
on the dynamic nature of task allocation, where tasks emerge
over time after robots have already been deployed within an
environment. No prior information is available regarding the
requirements of the task, its location, or its time of appearance.
All robots are informed of the location of a task within the
environment once it appears.

A task can be defined by both its position within space
and its requirements. For a task to be considered complete, a
robot with a capability that matches the requirement of the task
must arrive at the task site. It is assumed that tasks can have
more than one requirement, which would therefore require
more than one robot for completion. Conversely, a robot is
defined by its position within space, its capability, and a set
of objective parameters that contextualize it within the task-
allocation framework. These objective parameters are the load
history of the robot, the distance that the robot is from the
current task, as well as the distance history of the robot, which
represents the total distance travelled by the robot thus far.

Figure 1 illustrates a sample scenario of four robots and one
task. For simplicity, it is assumed that this scenario is a simple
industrial inspection task, but the proposed methodology is
not limited to such. In this scenario, robots can have either
one of two capabilities, imagery or measurement, meaning
that some robots are responsible for taking images and
some are responsible for collecting measurements. As such,
tasks can either require an imagery robot, a measurement
robot, or both. This requirement is not known to the robots
beforehand. This problem can be considered as an instance of
the ST-MR-IA sub problem [12], as each robot can complete
at most one task at a time, tasks can require more than one
robot for completion, and there is no prior knowledge about
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Figure. 1. Task allocation sample scenario with two distinct robot classes.

the scheduling of tasks.

Let it be assumed that blue robots represent those with the
imagery capability, and red robots represent those with the
measurement capability. Beneath each robot is a vector that
contains the objective parameters describing a given robot
r;. The value d;; represents the distance that robot 7 must
travel to get to task j, and the values of [; and h; represent
the load history and the distance history of a given robot,
respectively. The goal of this research is therefore to design
a bid formulation strategy for distributed, auction-based task
allocation that amalgamates the objective parameters of a given
robot into a bid that is representative of their suitability for a
given task. More specifically, this research seeks to develop a
methodology that:

1) Correctly allocates robots to tasks, matching capabilities

to requirements,

2) Formulates bids without the usage of an objective or cost

function,

3) Distributes tasks evenly among agents within the MRS,

and

4) Minimizes the sum of distance travelled across agents in

the MRS.

III. PROPOSED METHODOLOGY

To encapsulate both a robot’s suitability for a given task
based on its objective parameters (load history, distance to the
task, and distance travelled), as well as its capability for the
task at hand (the tasks that it is able to complete), this research
proposes a bid given by Equation 1.
ey

Bid — [ Capabzlzty}

Suitability



A robot’s capability is based on the robot’s type, i.e.
what it was designed to achieve, and is required to ensure a
strict matching between task requirement and robot type. This
ensures that for every task 7', there is a robot with a capability
that matches the task requirement. In terms of the example
scenario presented within Figure 1, the available capabilities
are Imagery or Measurement.

Similarly, the value of suitability is a scalar metric that
defines how suitable a given robot is based on its objective
parameters and is inferred through the use of a fuzzy inference
system. The FIS is used to combine the objective parameters
into a single scalar metric and therefore factors in the inter-
connectivity between objective parameters and their overall
contributions to how suitable a robot is for a given task. The
following objective parameters were selected, and as these
objective parameters increase in value, a robot’s suitability
therefore decreases:

a) Load history was selected to distribute the tasks evenly
among robots.

b) Distance to the task was chosen to prioritize robots that
are closer to the task, to help minimize the total distance
travelled by members of the MRS.

c) Finally, a distance history was chosen to also help in
distributing tasks.

If two robots have similar load histories and distances to
the task, the task should be assigned to the less travelled
robot.

A. FIS Design

A conventional Type 1 Mamdani FIS was designed for
the task allocation scenario. Fundamentally, a fuzzy inference
system represents a static nonlinear mapping between its
inputs and outputs, where crisp (non-fuzzy) inputs are mapped
to crisp outputs using fuzzy logic as the mapping modality.
The inputs are typically represented as linguistic variables,
each subdivided into linguistic values based on their degree
of membership, such that they can be used within rules for
reasoning. Within the context of the task allocation scenario
presented in Figure 1, the input linguistic variables to the
FIS were selected to be the objective parameters defined
previously: distance to the task, load history, and distance
history, while the output represented the suitability of a robot.

There are five important components within a FIS:

1) The rule-base, where the rules used in the mapping of
inputs to outputs are held,

2) The data-base, which contains the membership functions
of the fuzzy sets that are used within the rules,

3) A fuzzification interface, where crisp inputs are converted
to fuzzy sets to be used by the inference mechanism,

4) An inference mechanism, where expert-level decision
making is emulated, and

5) A defuzzification interface, where the fuzzified output
of the inference mechanism is turned back into a crisp
output.

The fuzzy inference system is therefore governed by two
important components: the membership functions as well as
the rule-base.

1) Membership Function Design: Each of the input linguis-
tic variables is associated with a set of membership functions,
which define the degree to which an input belongs to different
linguistic values. These membership functions are used within
the fuzzification process, where crisp input values are mapped
to fuzzy sets. The design of these functions therefore directly
influences the reasoning and decision-making capabilities of
the system. The input variables can be represented as the
following:

a) load history, denoted by z1,
b) distance from the task, denoted by xo, and
¢) distance history, denoted by x3.

For each input variable, the linguistic values low (L),
medium (M), and high (H) were selected. The output of the
FIS is the linguistic variable suitability, denoted by y, and
the linguistic values very low (VL) and very high (VH) were
selected in addition to the previously mentioned three values
for the output. The membership functions for each of these
linguistic values, for both the input and output variables, were
chosen to be triangular membership functions.

Triangular membership functions were employed due to
their simplicity, computational efficiency, and effectiveness
in representing gradual shifts in membership as the input
values change. These membership functions are defined by the
parameters a, b, and ¢, and have a form given by Equation 2.
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This therefore meant that the parameters a, b, and ¢ had to
be chosen for each membership function corresponding to each
linguistic term, for both the input and output variables. These
values were generally selected to balance the membership
functions across the universe of discourse, or range of crisp
values that a given variable can take. The only exception to
this was that the membership function for the linguistic value
high for the linguistic variable distance to task begins slightly
earlier than it does relative to the other linguistic variables, to
add a slight bias towards robots with a lower distance from
the task. This was done to help better distribute tasks among
robots. Regardless, the overlapping nature of the membership
functions allows for smooth interpolation between the different
input states.

2) Rule-base Design: The actual mapping of inputs to
outputs within a fuzzy system is based on the rule-base of
the system. For a system with n inputs, and m membership
functions for every input, a fully defined rule-base consists of
m™ rules. Therefore, the rule-base for this inference system
consisted of 27 rules, as there were 3 inputs with 3 member-
ship functions per input.



These rules represent every combination of membership
values across all inputs. The rule-base was not designed with
any specific preference between rules and instead was created
based on the input level of the linguistic variables. The variable
combinations and their corresponding output values are shown
in Table I. As an example, if the load history of the robot is
low, the distance to the current task is low, and the travel
history of the robot is low, then the suitability of that robot
for the given task is very high, as three variables reading low
corresponds to a very high suitability.

TABLE. 1
RULE COMBINATIONS USED WITHIN THE FIS RULE-BASE.

Input Variable Set Output Variable

{3L} VH
{2L, 1M} H
{2L, 1H}, {1L, 2M}, {1L, 1M, 1H} M
(1L, 2H}, {3M}, {2M, 1H} L
{1M, 2H}, {3H} VL

B. Implementing the FIS

To conceptualize how the FIS operates, it is best to give an
example of its implementation and use. The FIS was designed
using scikit-fuzzy, a fuzzy logic toolkit for Python that provides
users with a robust array of fuzzy logic algorithms and allows
for the creation and usage of fuzzy inference systems. This
package allowed for the definition of the membership functions
for each linguistic value, the instantiation of the rule-base, and
the development and deployment of the FIS itself.

Development of the inference system first began by creating
the input linguistic variables, which involved defining the
linguistic variable itself, the universe of discourse for each of
the variables, and the a, b, and ¢ values for each membership
function for each linguistic value. The universes of discourse
were chosen to be [0, 10], [0, 25], and [0, 50] for the load
history, distance to task, and distance history respectively. As
mentioned, the membership functions for low, medium, and
high were generally split evenly across these universes of
discourse.

Following this, the output linguistic variable was created,
which involved defining the linguistic variable, its universe of
discourse, and the values of a, b, and ¢ for each membership
function for each linguistic value. The universe of discourse for
suitability was selected to be [0, 10], meaning that the value
of suitability is a scalar metric that ranges from 0 to 10, with
the most suitable robot being represented by a suitability of
10, and the least suitable robot therefore being represented by
a suitability of 0. The five membership functions for suitability
were split evenly across this universe of discourse.

The rule-base was created based on all m" rule combina-
tions and was defined using the relationship shown in Table I.
Intrinsic to the scikit-fuzzy toolbox, a control system was then
defined, which effectively creates a fuzzy inference class from
the rule-base, which initializes the system and populates it

with the fuzzy rules. Utilizing the FIS is simple, as it just
needs to be provided the crisp values of each input linguistic
variable and the crisp, defuzzified output is returned. The
scikit-fuzzy toolbox handles the entirety of the fuzzification,
rule evaluation, aggregation, and defuzzification, allowing for
a simple, easy-to-use implementation of the FIS.

As an example of its usage, consider the following four
robots, given within Table II. This scenario is representative
of the one shown within Figure 1, where two classes of robots
are bidding to head to the task location. Each robot has a
capability (C), which can be either imagery (I) or measurement
(M). The robots are also defined by their objective parameters,
such as load history (LH), distance to the task (D), and distance
history (DH). The parameters relating to distance are measured
in meters. These values are then fed into the FIS, which
amalgamates them into a scalar value of suitability (S). The
bolded values of suitability represent the robots from each
class that won this round of the auction.

TABLE. 1I
AN EXAMPLE OF A TASK ALLOCATION INSTANCE USING THE FIS.

D C LH D DH S
1 I 2 14.024 34.047 4.11
2 I 0 35.213 0 5.00
3 M 1 15.374 18.783 5.53
4 M 1 14.620 11.881 6.32

As can be seen, Robot 1 has been to the task site twice and
has travelled roughly 34 meters already. As such, its suitability
value is lower than the other robots. Conversely, while Robot
2 is quite far from the task site, it has not yet been to the
task site, and therefore receives a suitability value of 5.00,
meaning that it is more suited than Robot 1 for this task, but
overall has a medium-suitability value. If there were a robot
that was closer to the task than Robot 2 while still having
not been to the task site, it would receive a higher suitability
and would therefore win for the imagery robots. Similarly, for
the measurement robots, Robot 4 is closer to the task and has
travelled less thus far, and therefore has a higher suitability
for the task at hand than that of Robot 3. The inference time
for the system to infer the suitability of all four robots was
0.315 seconds.

This value of suitability would then be placed within the bid
structure shown in Equation 1, and sent forth to the auctioneer,
who would select the robot with the highest suitability and
matching capability to that of the task requirement. This sim-
ple but important scenario shows how the objective parameters
of a robot can be used to infer how suitable a given robot is
for the task at hand in a manner that is easy to understand and
intuitive. Together with the capability of a robot, the value of
suitability can be used to describe both what a robot is capable
of doing and how well poised it is to achieve the task.
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Figure. 2. Architecture of an ANFIS with two inputs,

IV. ANFIS DESIGN

While the current methodology employs the use of a FIS,
the focus of the research then turned towards the use of
machine learning to perform regression between objective
parameters and the suitability of a given robot. The represen-
tation of a FIS using the structure of a neural network offers
benefits in the form of parallelized computation and the ability
to learn and extract a higher dimensional relationship between
the input variables, providing a further mapping between the
objective parameters and the suitability of a given robot, all
while leveraging parallelization to decrease inference time.

Figure 2 shows the basic architecture of an ANFIS with
two inputs, four membership functions (two per input), and
four rules. As can be seen, there are five key layers to this
architecture. The square nodes are adaptive nodes, in that
they have their values updated through training the network,
whereas the circular nodes are fixed. Let the output of each
node in each respective layer be given by Oy, where k is the
kt" node of layer j.

The first layer represents the membership layer, where the
crisp input values are fuzzified using Equation 3. This layer
effectively determines the degree of membership of an input
to a membership function. x; and x5 represent the crisp values
of the input variables, and 1 4,(z1) and pp,(x2) denote the
membership functions of the linguistic values A; and B;,
respectively, for i 1,2. The parameters of this layer are
called the premise parameters and represent the defining vari-
ables of the membership functions. For triangular membership
functions, these would be the a, b, and ¢ parameters.

O), = pa, (1) ; O} = pp,(x2) 3)

The second layer calculates the accumulated firing strength
of the rule antecedents, meaning that it calculates the degree
to which a rule fires based on the membership values of the
inputs. This is achieved using a f-norm operator, such as in
Equation 4, where wy, is the firing strength.

“4)

Of, = wi, = pa, (x1) X p, (2)

two membership functions per input, and four rules.

The third layer calculates the normalized firing strength, iy,
using Equation 5.

Wk
Dk Wk

The fourth layer calculates the output of each rule based
on a linear function of the inputs, which is then weighted
by the normalized firing strength of that rule. This is done
using Equation 6. Linear systems are used to describe the local
dynamics of each rule. The parameters in this layer are called
consequent parameters, and are given by py, q, and 7.

(&)

O} =wp =

(6)

Finally, the output of the network sums the linear combina-
tions of each consequent output, and is given by Equation 7.

0; = Z@kfk
3

Each layer was designed and implemented using Keras,
the high-level API for TensorFlow within Python. Custom
layers were defined by subclassing the default Keras layer,
ensuring that the developed model could be implemented using
the Keras functional API. The FIS that had been designed
previously was utilized as a data generator by randomly
sampling between the universe of discourse of each linguistic
variable and using the FIS to infer suitability from these
values. This was done to generate a dataset of task allocation
mappings, which was then used to train the ANFIS.

The premise and antecedent parameters were updated in
training using gradient descent, which was handled using
TensorFlow’s automatic differentiation algorithm. Due to the
custom nature of the ANFIS implementation, it was designed
such that it could handle any number of inputs, membership
functions per input, and type of membership function, pro-
vided that they were continuous and piecewise differentiable.
After performing a hyperparameter sweep, the model that
approximated the FIS the best had a structure defined by five
generalized bell membership functions per input, trained with
a learning rate of 0.0005 for 500 epochs using a batch size of
128.

Op = Wi fr. = Wr(pr21 + qra2 + 15)

(7



This model was then trained and saved using Keras’ implicit
support for saving and redeploying models, which was done
so that the model could be deployed and tested. The model
was then tested in a similar task allocation scenario as done
with the FIS in Table II. It was found that the ANFIS model
was able to perform the inference for all four robots in
0.032 seconds, representing a reduction in inference time by
a factor of almost ten. The model did not produce the exact
same output of suitability, but still preserved the relationship
between the objective parameters and the suitability of each
robot. The outcome of the auction was the same, with Robot
2 being selected for the imagery robots, and Robot 4 being
selected for the measurement robots, as shown in Table III.

TABLE. III
ANFIS TASK ALLOCATION RESULTS.

R‘I’B"t c LH D DH S
1 1 2 14024 34.047 433
2 1 0 35213 0 4.79
3 M 1 15374 18783 5.36
4 M 1 14620 11.881 591

V. CONCLUSIONS & FUTURE WORK

Within this paper, a unique methodology was presented
for formulating bids within auction-based task allocation for
the MRTA problem. A fuzzy inference system was used to
infer the suitability of a given robot based on its load history,
distance to the current task, and the distance that they have
travelled thus far. This scalar value of suitability is then
combined with the capability of the robot and put forth in
a bid. By utilizing an FIS to intuitively reason how suitable a
robot is for a given task, complex combinatorial optimization
solutions are avoided. To augment this approach, an adaptive
neuro-fuzzy inference system was developed using a custom
implementation within Keras, and trained on the FIS data.
This resulted in comparable inference in terms of the ANFIS’
ability to replicate the FIS results, but the ANFIS was able
to do this 9.8x faster, achieving a blindingly fast inference
time of 0.032 seconds. This ready-to-use model can now be
deployed on robotic agents for inference.

However, this work is not without its limitations. This
methodology requires a robust communication framework to
ensure bidirectional communication between the auctioneer
and the participants of the auction, as is the case with all
auction-based solutions to the MRTA problem. Moreover,
when the objective parameters of a robot exceed their universes
of discourse, the suitability calculation will suffer. A proposed
method of alleviating this is to have robots return to a
charging or rest station to have their parameters reset when
they approach a certain threshold, to prevent their objective
parameters from ever exceeding their universes of discourse.
Future work would involve exploring the use of a traditional

artificial neural network trained on the FIS data. This would
be done to keep the parallelization and fast inference time
but hopefully extract a deeper relationship between objective
parameters, such that predictions better reflect the performance
of the FIS. Furthermore, this methodology needs to be evalu-
ated first through simulation, and then through experimentation
on real robotic agents using ROS2. High-fidelity simulations
are to be conducted using a physics engine such as Gazebo
or Unity3D. Finally, this methodology needs to be compared
against existing methods of task allocation to validate its
applicability and efficiency.
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