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Abstract
Inspired by sorting behaviors of social insects, we are interested in
sorting by robot swarms using only local information and hence achieving high degrees of robustness and scalability. In this work, we propose
a gossip-based sorting method which allows two swarms of simple homogeneous autonomous robots to sort themselves in two not pre-assigned
areas. Key feature of this method is the estimation of cluster sizes based
on communication that allows to determine the local majority. In a series
of simulation experiments, we show the effectiveness of the approach and
investigate the influence of different swarm sizes.
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Introduction

Recent research shows that social insects sort their brood in sophisticated patterns. These well-organized brood sorting patterns emerge spontaneously from
dynamic interactions during the process of depositing and removing brood. During this sorting process, no specified spatial plans or any global representation
is required, nor any hierarchical decisions are made [1]. By interacting among
other individuals and with the environment, individuals act following their own
goals and knowledge about the environment. The collective behavior on the
group level emerges from the sum over all individual decisions, actions, and
the interactions among individuals and the environment. The sorting system
of social insects has many attractive features such as scalability, flexibility, and
robustness. Abstract models based on sorting behaviors of social insects have
been applied in many areas such as search, collective sorting, data mining, numeric data analysis, and graph partitioning [7]. Inspired by how ants and honey
bees sort their broods, we are interested in how to implement these natural
sorting behaviors and strategies in a swarm of robots. We simplify the sorting
task to sorting robots instead of objects. This preliminary work aims at sorting
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robots of different classes which can be considered as robots carrying objects of
different types. Hence, our algorithm still aims to sort objects.
Object sorting by swarm robots is a complex task which involves mechanism
such as self-organization, collective decision making, and pattern recognition.
Abstract models of sorting objects by a group of minimalist homogeneous robots
were proposed by Deneubourg et al. [1]. These models are based on simple rules
which are used to determine the probabilities of picking up and dropping down
objects. The major drawback of these models is the complexity of the procedure
to obtain the local object density. Being limited to the minimal sensors of real
robots imposes a challenge in achieving sorting similar to that observed in ants.
This method was extended to sort more than three types of objects [11]. Inspired
by [1], an approach using an overhead camera to identify robots, object positions
and orientations, and global data about the entire arena was proposed [8]. It
is unclear how this approach could be transferred to use local sensors only.
This approach was extended by adding a forward-facing camera on each robot,
which not only allows robots to share image data with their neighbors, but also
allows robots to estimate cluster sizes [12]. Both approaches [12, 8] achieve
good sorting results while it is hard to apply these approaches to real robots, in
particular swarm robots, due to the applied complex and sophisticated sensors.
In this paper, we describe a gossip-based sorting method which aims to sort
different robots by using only local information and simple onboard sensors.
Similar to previous studies, our algorithm is based on simple behavioral rules.
In addition, we examine how the system performance changes with different
swarm densities (different swarm sizes on a constant area).
This paper is organized as follows. Sec. 2 describes the scenario and objective
of this work. A global approach is proposed in this section. Sec. 3 focuses on
the proposed sorting algorithm. In Sec. 4, we report the experimental setups
and the simulation results. We conclude the paper and outline the future work
in Sec. 5.
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Scenario Description

In a given space as shown in Fig. 1a, the ground is divided into three areas: two
black areas and one white area. Green and red robots are initially randomly
distributed in the white part of the arena. These two groups of robots have to
sort themselves in the two black areas using only local information (shown in
Fig. 1b).
In this scenario, the allocation of the two black areas to the two robot groups
is not predetermined. The robot swarms decide collectively on this allocation
at runtime during the sorting process by interacting with other robots and
the environment. Each agent’s individual decision is based on local information only. The mechanism is implemented as a self-organizing system which
requires no global information like spatial plans, hierarchical decisions, or message broadcasting. We investigate how swarm robots can make correct decisions
and self-organize themselves to achieve this complex sorting task under these
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(a) initial setup (red and green
robots positioned within the white
area)

(b) expected result (green robots
share one black area and red robots
share the other black area)

Figure 1: Initial setup and expected result of the simulation experiment.
strict constraints.
The two groups of robots are randomly distributed in the white area initially
as shown in Fig. 1a. At the beginning, all robots walk randomly in the white
area by avoiding obstacles, especially other robots. When a robot detects a
black ground, it stops while continuing to communicate with other robots in its
neighborhood. At the same time, each stopped robot identifies other stopped
robots in its neighborhood based on a unique robot identity (UID). They communicate and transfer the UIDs of stopped neighbors to other stopped robots
and count the number of stopped robots of both groups at the boundary. When
one group of stopped robots represents the majority at this boundary, then the
minority robots leave this boundary and search for an unoccupied boundary.
With time going on, the number of robots representing the majority is expected
to increase at this boundary. Robots position themselves in a line formation at
the boundaries to form, what we call a robot barrier. It allows the same robots
to pass and prevents the passage of other robots. For example, if the barrier is
composed of a certain number of red robots which is above a threshold, then
the red robots are allowed to cross this barrier. They hence allocate this black
area and stay inside of it. In contrast, green robots are not allowed to pass this
barrier. The control algorithm is organized in several modules as follows:
• Count robots: Stopped robots count the number of different robots staying
at the boundary by communicating with each other.
• Minority robots leave: After counting the number of different robots at a
boundary, the robots know whether they represent the minority. If they
are the minority, they leave this boundary for a random walk in the white
area.
• Barrier formation: When a moving robot reaches the communication
range of a stopped robot of the same color, it moves on a circular trajectory around the stopped robot in order to position itself in a neighboring
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position at the boundary. It stops once a black ground is detected, and
consequently becomes a part of the robot barrier. The circular trajectory
enforces a certain distance between robots in the robot barrier.
• Pass robot barrier: When the number of majority robots on the boundary
exceeds a threshold, robots of the same color are allowed to pass the barrier
and position themselves at an appropriate spot within the black area.
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Gossip-based Sorting Algorithm

In this work, the gossip-sorting method is based on gossip communication to
count the number of robots in a swarm. The idea of gossip communication
is that robots exchange their local knowledge in pairs when robots reach the
communication range of each other. Each robot that is stopped at a boundary
and that is in the communication range of other robots, communicates with
each neighbor, and they mutually exchange their local knowledge. In this work,
robots exchange information about the number of robots of each group at the
boundary that the robot either can perceive itself or about which it has received
information via past gossiping. After several gossip communication iterations
between robots, every robot knows the number of different robots at the same
boundary.

Figure 2: Robot barrier under construction.

Table 1: Example of the gossip-based communication.
Fig. 2 is an example of the gossiping method which shows a robot barrier
under construction. This robot barrier consists of two groups of robots: green
labeled with UIDs G1, G2, etc., and red labeled with UIDs R1, R2, etc. We
assume that the communication is robust (subject to future work, see Sec. 5).
Robots are assumed to communicate only with neighbors in the line of sight,
that is, messages are neither addressed to a particular robot (i.e., no multi-hop
communication) nor sent through obstacles including other robots. In Fig. 2,
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robot G1 cannot communicate with robot G2, because they are not in each
others communication range. Robot G2 cannot communicate with robot R1,
because multi-hop messaging is not available (robot G3 would need to serve as
relay).
Table 1 shows how robots exchange messages based on gossip communication. As shown in Fig. 2, robot G1 is isolated. Similarly, Robot G5 and R4 cannot communicate with each other. In consequence, the robot barrier shown in
Fig. 2 consists of three sub-groups: S1 = {G1}, S2 = {G2, G3, R1, R2, G4, R3, G5},
and S3 = {R4, G6, G7}. Obviously, sub-group S1 will consider itself as majority robot until the approach of other red robots. Each robot in sub-group S2
knows about all other robots from the same sub-group after the gossip-based
communication. Each robot has a counter for red robots nr and a counter for
green robots ng . In this case, green robots are the majority (ng = 4, nr = 3).
Consequently, red robots leave the barrier and start a random walk into the
white area until they find another place to stay. Similarly for sub-group S3 ,
green robots are the majority and hence red robot leaves the barrier. In this
case, all red robots leave the boundary and there are only green robots left. In
the sequel, other green robots have a higher probability to stop at this boundary
compared to red robots, even before the green robots have formed a complete
barrier. If a red robot tries to stop at this boundary, it detects the green majority and leaves. Similarly, the probability of forming a barrier at another area is
increased for the red robots. We set a threshold to determine the length of robot
barriers (The threshold is set to 5 for all experiments in this work). Once the
majority group size at a barrier reaches this threshold, other robots of that kind
are allowed to pass the barrier through two robots of the same color. Hence,
this robot group claims the respective black area.
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Simulation Environment and Results

In this section, we give a brief description of our simulation environment. Results
of our sorting method for different swarm densities are shown. Videos of our
simulations are available online1 .

4.1

Simulation environment

Experiments were conducted using the foot-bot robot [14] in the ARGoS simulator [13]. ARGoS is designed to simulate complex experiments involving large
swarms of robots of different types. It allows to transfer robot controllers from
the simulation directly to real robots without any modification [13].
In the following simulation experiments, we use an arena of 3 meters by
3 meters, divided to three areas (two blacks, one white). Two groups of robots
(green and red) are randomly distributed in the white area. The communication
range of each robot is set to 60 cm, which is the minimal communication range
required to allow a robot to pass between two robots in communication distance
1 see

https://www.youtube.com/user/SortingRobots
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(requirement for passing barriers). With this communication range the robot
covers 12.6% of the total arena. We use only basic onboard sensors: IR sensors,
range and bearing sensors.

4.2

Simulation results

Second swarm as disturbance. In this experiment, our sorting method is
tested for different swarm sizes N ∈ {10, 16, 20, 26, 30, 40} (i.e., different swarm
densities because the area is constant) forming groups of red and green robots
in the following way: (nr , ng ) ∈ {(2, 8), (4, 12), (5, 15), (6, 20), (8, 22), (10, 30)}.
The swarms are composed of approximately 25% of red robots and 75% of green
robots. Initially, both red and green robots are uniformly positioned in the white
area. For each parameter setting, 10 runs were done. The simulation ends when
either all robots have stopped in black areas or one group of robots has stopped
in black areas while the other group of robots moves in the white area. We
define the sorting rate as the percentage of robots sorted in black areas (i.e.,
robots positioned correctly in the neighborhood of their own kind). When both
kinds of robots are found within the same black area, we consider the group of
robots which represents the majority as sorted. Fig. 3a shows the sorting rates
and the required time for the different swarm sizes.

5000

total

60

4000
3000

40

time
red

20
0
10

16

20

26

2000
1000

30

5000

80

4000

60

3000

time

40

swarm size
(a) 25% red robots, group ompositions

10

(nr , ng ) ∈ {(2, 8), (4, 12), (5, 15), (6, 20),
(8, 22), (10, 30)}

green

80

total

16

20

26

30

swarm size
(b) 50% red robots

1000

40

0

3000

simulation time steps

sorting per entage

100

2000
total
red
green
time

20
0

0

40

6000

100

sorting per entage

simulation time steps

sorting per entage

80

6000

simulation time steps

green

100

2000

60

time

40

1000

20

red

0
5

10 15 20 25 30 35 40 45 50

red swarm per entage
( ) varied swarm ratios

0

Figure 3: Results of the simulations, sorting rate and simulation time (mean
values of 10 runs, error bars give standard deviation).
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From Fig. 3a, we can see that the disturbance from approximately 25% of
red robots has no significant influence on the sorting results of green robots,
while the low sorting rate of red robots decreases the total sorting rate. The
relatively small numbers of red robots induce a small probability to occupy any
boundaries. However, the total sorting rate is still bigger than 75%.
As seen in Fig. 3a, the swarm size has little influence in these experiments.
Only the required time indicates a trend to increased times for bigger swarms.
Furthermore, there is a trend indicating that a swarm size of N = 20 might be
optimal in terms of the system’s convergence time.
The total sorting rate is influenced by several conditions. The total swarm
density is too low to guarantee a good cooperation among robots. The sizes of
the two robot groups are of importance. The green robots are enough to occupy
both boundaries, hence, the red robots have a limited chance to occupy any
boundary. Many of the experiments end with the red robots being trapped in
the white area. Therefore, the red robots have a small chance to sort themselves.
The curve of required time decreases at first, probably because the low swarm
density provides insufficient opportunities for cooperation among individuals.
The robots spend much time searching or waiting for other robots. We therefore observe a tradeoff between positive effects of interference and obstructive
interference which has commonly seen in swarm intelligence [?]. This indicates
the existence of an optimal density for this scenario.
Two swarms of equal size. In this experiment, we keep the same simulation setups except the composition of two swarms. 10 runs were done for
swarms composed of N ∈ {10, 16, 20, 26, 30, 40} robots. Each robot swarm is
composed of 50% of red robots and 50% of green robots.
Fig. 3b shows the results for these settings. Both robot swarms sort themselves efficiently for different swarm sizes. In the worst case, the total sorting
rate is still higher than 85%. The required time clearly increases with the swarm
size. Comparing to the experiments with only 25% red robots, this experiment
achieves a better sorting rate, while the required sorting time relative to the
same swarm size is longer. This seems mainly because both swarms have the
same probability to occupy any boundary. The self-organized collective decisionmaking process about which group is occupying which black area takes time.
Optimal ratio for two swarms. Given the previous results, we are interested in how the swarm behaves with different proportion for two swarms. What
is the optimal proportion? The total swarm size is fixed to N = 20 robots. For
each series of runs, the number of red robots is increased by one robot and the
number of green robots is reduced by one robot (5% of the total swam size).
The results are given in Fig. 3c. When the red swarm size is nr ≤ 20% · N ,
red robots are not able to sort themselves at all. For ratios of nr > 20% · N ,
the sorting rate for red robots increases until reaching 100%.
In contrast to the red robots, the number of green robots reduces from 95%·N
to 50% · N . For all the cases ng > 50% · N , they represent the majority, hence,
they have a bigger probability to occupy one of the boundaries to sort themselves
well. The case for both swarms having the same quantity (nr = ng = 10) has
the same result as shown in Fig. 3b for N = 20: a 100% sorting rate.
7
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Conclusion

Sorting by swarm robots is a complex task. Recent research in sorting by swarm
robots relies often on sophisticated sensors and complex image processing methods. We have proposed a gossip-based sorting method based exclusively on local
information without using any sophisticated sensors. Our method allows different robot swarms to sort themselves efficiently by using the mechanism of selforganization. Comparing to previous research, we use a smaller communication
range and simpler sensors to achieve sorting. The relationship between system
performance, swarm size, and different compositions of competing swarms are
studied in this work.
We plan to extend this work to the actual task of sorting objects by considering the two kinds of robots as robots carrying different types of objects.
Instead of having the robots stop at the black areas they drop the carried object,
pick a new one, and try to find the appropriate black area for it. Our findings
about the influence of ratios of robot types will be applied, for example, by trying to guarantee that both kinds of objects are carried by two robot groups of
approximately equal size at all time. The influence of our assumption of robust
communication will be investigated by simulating unreliable communication.
This might introduce difficulties for the gossiping method which might require
additional methods. We also plan the obvious follow-up work to implement this
method on real robots.
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