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Abstract—In time-critical situations such as rescue missions,
effective exploration is essential. Exploration of such unknown
environments may be achieved through the dispersion of a
swarm of robots. Recent research has turned to biology where
pheromone trails provide a form of collective memory of visited
areas. Rather than the attractive pheromones that have been the
focus of much research, this paper considers locally distributed
repellent pheromones. Further, the conditions for maximising
search efﬁciency are investigated.

I.

I NTRODUCTION

When environments are inhospitable or time is critical,
autonomous robots can be deployed to assist in search and
rescue operations [1]. In such situations, the purpose of the
robots is to discover points of interest as efﬁciently as possible.
As such, redundant exploration should be avoided i.e. more
than one robot exploring the same area. Further, the area needs
to be fully searched i.e. achieving maximum global coverage.
Approaches to achieving coverage of an environment include both static and dynamic approaches [2]. Static approaches require convergence to a static solution where a
conﬁguration of robots is achieved, ensuring that as many
points in the environment as possible are within a robot’s
sensor range i.e. coverage is maximised. Coverage is thus
the area of the environment currently observable, given the
number of robots in the environment and their individual
coverage. Such an approach requires that the number of robots
available and their locations is sufﬁcient so as to provide
coverage for a given environment. Thus the critical number
of robots required for full but efﬁcient coverage, increases as
the size or complexity of the environment increases, where
complexity may be interpreted with respect to the obstacles
in the environment. If the environment is unknown, then
selecting such a critical number of robots can be difﬁcult or
impossible and further such a critical amount of robots may
not be available. In dynamic approaches, as in the work herein,
coverage of the environment is achieved due to the movement
of robots around the environment and measured over a period
of time. Efﬁcient solutions need to minimise the overlapping
movements of the robots i.e. overlapping exploration paths;
whilst ensuring maximum coverage in the minimum time.
Inspiration to meet the efﬁcient search challenge may
be taken from the indirect communication of social insects:
pheromones. Pheromones are chemical compounds that may
be released and observed by the individuals of a swarm.
When an ant ﬁnds food, it releases its pheromone on its
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way home and thus leaves a pheromone trail. Other ants can
follow this trail and amplify it with their own pheromone to
attract even more ants [3]. Such a pheromone trail is termed
an attractive pheromone and has received much attention in
swarm robotics. In [4]–[6] attractive pheromones have been
investigated, incorporating a central server storing pheromone
data.
To avoid centralised storage, local pheromone solutions
have been proposed [7], [8]. In both works, virtual pheromones
are transmitted through infra-red emitters and receivers in a
relay type fashion. At each transmission, the virtual pheromone
is modiﬁed e.g. a hop counter associated to the pheromone
is decreased. The gradient of the virtual pheromone is then
computed locally by each based on all messages received.
Within this approach the precision of the gradient is dependent
of the number of robots involved and the number of messages
exchanged. Alternatively, the use of chemicals to represent
pheromones has been studied in [9], intended for environments
where inter-robot radio communication is either infeasible
or undesirable. In the tasks challenged by local pheromones
solution the robots should reach one speciﬁc area, which
leaves the problem of rapid dispersion in the environment as
unaddressed.
In biology, a further solution is repellent pheromones.
In [10], such repellent pheromones were released during exploration, maximising the distance between robots so as to enforce
an even distribution of robots in the environment. Thus a
static solution was sought, again requiring a critical number of
robots for a given environment. In [11] a dynamic solution was
investigated, reducing the critical number of robots required.
However, the repellent pheromone data was stored in internal
maps that were distributed globally between all robots, again
raising the global communication challenge and its inherent
scalability issues. Moreover, the effect of the size of the
environment and the number of robots on the performance
of this approach were not investigated.
In this work, a dynamic approach to repellent pheromones
is proposed. Further, the efﬁciency of the approach is investigated with respect to different environments and available
number of robots. Further, the affect of the evaporation rate of
the pheromones is investigated. Section II provides details on
the robot architecture, followed by details on the pheromone
model used in section III. In section IV the experimental setup
is presented, followed by the results obtained. Finally, the
conclusion and discussions for further work are presented in
section VI.

II.

ROBOT I MPLEMENTATION

The simulated robot architecture applied in this work is
based on the ChIRP robot [12], extended with 4 pheromone
sensors and is simulated using the Roborobo! robotic simulator [13]. Each robot has a round body, 5 pixels in diameter
and can move at a maximum velocity of 1 pixel/timestep. 2
actuators are connected to the wheels. By slowing down either
actuator the robot will turn in the corresponding direction at an
angle proportional to the difference in actuator speeds. There
are eight evenly distributed proximity sensors as well as 4
pheromone sensors — see ﬁgure 1. Each proximity sensor
has a range of 30 pixels, thus able to measure the distance
to obstacles within this range. Each pheromone sensor is
positioned 20 pixels from the robot center and measures the
intensity of pheromone directly beneath it.

robots) is prioritised over pheromone avoidance. 2 proximity
sensors on each side (total of four) are coupled to an actuator
providing inhibitory signals i.e. a stronger signal translates to
a reduction in speed of the actuator. The front sensor connects
to both actuators, ensuring that the robot slows down when
approaching obstacles head-on.
A further priority is that of pheromone stagnation. Since
robots are continuously secreting pheromones, when such secretion is not suppressed, then the robots are highly susceptible
to their own trail. Figure 3 depicts a situation where a robot
is caught in a spiral of its own pheromone trail.

Fig. 3: Robots can become temporarily trapped by their own
pheromone trail

(a) Proximity Sensors

(b) Pheromone Sensors

Fig. 1: Sensor placement of robots
The architecture of the controller is based on Brooks’
subsumption architecture [14], as shown in ﬁgure 2.
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Fig. 2: Robot controller architecture
The pheromone avoidance layer implements the repellent
pheromone process. At any given time, arbitration of the four
pheromone sensor signals, selects the sensor with the highest
reading. If either sensor on one side of the robot has a higher
reading than the sensors on the other side, a signal is sent
to the connected actuator, dampening the speed proportional
to the concentration. The higher the concentration the more
abrupt the turn. Otherwise the robot continues in its current
direction.
As shown in ﬁgure 2, obstacle avoidance (walls, other

To prevent such a situation, the pheromone stagnation level
employs two counters — one for left movements and one
for right movement, both initialised to 0. These counters are
incremented to reﬂect the changes in movements caused by the
pheromones concentration. However, when no change in direction is enforced by the pheromone avoidance layer, the corresponding counter decrements. Whenever one of the counters
is greater than a Rotation Threshold , pheromone avoidance is
suppressed for a period of time (termed Pheromone Inhibition).
Wall stagnation, on the other hand, is detected based on the
robot’s lack of movement in the environment. Throughout the
simulation Cartesian coordinates of the robot’s positions are
recorded. Only the ones within a time window are conserved.
The length of this window is termed Stagnation Observation.
Standard deviation of the x and y values are calculated respectively and if less than a Stagnation Threshold then the robot is
considered in stagnation. Stagnation resolution is carried out
in two steps. The ﬁrst step is to reverse for a short duration.
Next, the robot will stop and rotate to face the direction with
the least obstruction. This direction is decided by querying
each distance sensor along with its two adjacent sensors.
The collection of sensors that yields the lowest accumulated
distance value determines the most desirable orientation. When
the robot has rotated to face the correct direction, control is
restored to the other layers.
III.

R EPELLENT P HEROMONES

The pheromones are modelled as a cellular automaton [15].
The cellular space of the pheromone model is deﬁned as a twodimensional grid where every cell corresponds to one pixel of
the environment. Each cell may take values from the range
[0 − 255] which represents the pheromone intensity level of
that cell. A cell with a value of 0 is in its quiescent state.
Robots secrete pheromones by setting the value of a single cell,

directly beneath it, to 255. Visually the transparency channel of
each pixel is directly mapped to the potency of the pheromone.
A pixel with an alpha value of 255 is completely opaque,
while a pixel with an alpha value of 0 is fully transparent.
Figure 4 illustrates the visual movement of a robot, given this
pheromone model. As shown, the pheromone path closest to
the robot is the most opaque (darkest) and the furthest part
of the path shown is almost transparent (lightest).The path
transition from dark to light (representing the pheromones
potency) is controlled by an evaporation factor whereas the
breadth of the path from narrow, close to the robot to wider,
further from the robot, is controlled by diffusion.

pheromone[x][y] = max(cell[x+1][y],
cell[x-1][y],
cell[x][y+1],
cell[x][y-1])
* Evaporation Factor
Fig. 5: Transition rule of cellular automata pheromone model
Parameter
Rotation Threshold
Pheromone Inhibition

Value
50 time steps
10 time steps

Stagnation Observation
Stagnation Threshold

100 time steps
10

Δt
Slow evaporation rate (tc )
Fast evaporation rate (tc )

25 time step
2000 time steps
250 time steps

TABLE I: Parameters for experiments.

positions and rotations (generated randomly for the experiment pair). Further, despite the experiments being based on
a physically available robot, ChIRP robot [12], a simulation
environment was chosen for these initial experiments. The
possibility to transfer this work to the physical robots is
discussed in section VI.

Fig. 4: Illustration of the pheromone model
The evaporation factor, given in (1) is inspired by the work
of [4] for attractive pheromones. The two key parameters are
the number of time steps between every pheromone update,
Δt, and a constant tc which determines the time allocated for
the pheromone to evaporate completely.

Evaporation F actor = exp

log( 12 )
Δt
tc


(1)

As the pheromone model uses a Von Neumann neighbourhood, pheromones will diffuse by one pixel in each of the four
cardinal directions every time step, as shown in the transition
rule of ﬁgure 5. Diffusion can be controlled by modifying
the pheromone update interval Δt. Lower values of Δt will
cause the pheromone intensity to be updated more frequently,
affecting the evaporation factor which further affects the
pheromone update to every cell in the neighbourhood, given
by the transition rule. Further, an averaging ﬁlter is applied
to smooth out rough edges produced by the transition rule.
The averaging ﬁlter is applied after the transition rule to all
cells across the CA space. The pheromone value of each cell
is adjusted to reﬂect the average value of each cell in its eight
surrounding neighbours.
IV.

E XPERIMENTAL S ETUP

Table I provides an overview of the parameters applied
for the experiments herein. The experiments are conducted as
pairs of experiments, with or without repellent pheromones.
Each such experiment pair are initialised with the same initial

As stated, the goal of this work is to maximise the
coverage achieved where coverage measures how much of
the environment has been visited collectively by the robots,
over time. Whenever a robot is within the bounds of a tile,
that tile is marked as visited. The coverage at any given time
step of the simulation is the total number of tiles that are
marked as visited. Coverage is thus measured as shown in
equations 2. The number of tiles that need to be visited in
order to achieve full coverage, naturally depends on the size of
the environment. The environments applied herein vary in size
between 1000 × 1000 and 2000 × 2000. Since all experiments
are performed with a tile size of 50 × 50, maximum coverage
of these environments will be achieved at 400 and 1600 tiles
covered, respectively.
Coverage =

#T iles V isited
#T otal T iles

(2)

As stated, it was chosen to present two unknown environments to the robots: a smaller environment with few
obstacles and a larger environment with many obstacles.The
environments applied and their setup parameters are illustrated
in ﬁgure 8. A key issue in the generation of these environments
was to ensure that there was no bias introduced i.e. providing
obstacles that are less or more challenging. The algorithm applied was inspired by an algorithm for modelling street patterns
[16]. Rather than creating an interconnected network of roads,
as in the original algorithm, the principles were applied to
generate obstacles composed of multiple line segments.
The ﬁrst step of the revised algorithm is to initiate a
set amount of points at random positions throughout the

Parameter
Height
Width

Value
1000
1000

Points
Seeds
SearchRadius
maxJumps

500
20
300
5
(a) Small environment

Fig. 6: Graphical representation of coverage. Highlighted tiles
are covered

Parameter
Height
Width

Value
2000
2000

Points
Seeds
SearchRadius
maxJumps

5000
50
150
50
(b) Large environment

environment. A given number of these points will be marked
as seed points and the remainder labelled as regular points,
where the number of seed points is a user speciﬁed variable.
For every seed point, vectors are drawn to all regular points
within a speciﬁed radius, as depicted in ﬁgure 7(a). These
points are removed and the average of these vectors constitute
a line that acts as an obstacle in the environment (in bold in
ﬁgure 7(b)), starting where the seed point was given and ending
in the furthest regular point. At the end position of the newly
created obstacle (line) an additional seed point is spawned.
This seed point is then treated similarly to the one before,
extending the obstacle (line). The maximum number of times
the line will be extended is determined by a random number
in the range [1, maxJumps], where maxJumps is a user
speciﬁed variable. If this threshold is exceeded or no points
are detected within range of the speciﬁed search radius, the
process is repeated for the next seed point among those initially
spawned until all spawned seed points result in obstacles.

(a) Vectors are drawn from a seed (b) These points are deleted and
point to all points within the thresh- the average vector form an obstacle
old radius
as well as a new seed point. This
repeats until no points are in range.

Fig. 7: Random environment generator

Fig. 8: Environments used in experiments

V.

R ESULTS

The experiments performed investigate the viability of the
introduction of repellent pheromones to improve collective
exploration in unknown environments. Further, the efﬁciency
of this technique is investigated in the light of the density
of robots required and the evaporation factor applied. The
parameters applied in these experiments are described in
table I.
A. Repellent Pheromones with a slow evaporation rate
A small environment (see ﬁgure 8) was applied in the initial
investigation to see whether repellent pheromones provided
improved coverage compared to the coverage achieved without pheromones. Figure 9 depicts the difference in coverage
achieved, where 40 runs were performed with 3 robots and
a slow environment rate. The non-dotted lines depict the
results obtained without pheromones and the dotted lines, with
pheromones. The center lines represents the average coverage
and the lines above and below represent the standard deviation.
The initial coverage exhibited in both cases is the same.
This is to be expected — their initial locations are the same and
when no pheromones are being detected, their behaviours are
the same. Since practically any movement at the start of a run
leads to the exploration of a new tile, the coverage increases
very rapidly. As tiles start to be re-visited, the increase in
coverage slows and deviation increases. This larger deviation
is due to the relative location of objects and starting locations
of the robots in the individual runs and the effect thereof
on the movement of the robots. Further, some robots may
be initialised at locations of close proximity, causing them
to retrace covered ground. In the case of the pheromones, as
the experiments continue the pheromones diffuse throughout

Fig. 9: Coverage: small environment, 3 robots and slow
evaporation rate

Fig. 11: Coverage: small environment, 24 robots and slow
evaporation rate

the environment and counteract this challenge, as shown —
maximum converge of 400 tiles is achieved at 35,000 steps.

illustrated in ﬁgure 11. While there is still a small advantage in
coverage when using pheromones, it is apparent that the beneﬁt
decreases as the number of robots increase, for such a small
environment. Complete coverage is achieved after just 4,000
time steps, irrespective of whether pheromones are applied
or not. It is clear that the large number of robots provide
a redundancy that all but cancel the positive effect of the
introduced pheromones. With a sufﬁcient number of robots,
then the issue of location of the individual robots, discussed in
section V-A, is all but removed. There is a sufﬁcient number
of robots such that some robots will be initialised in such
difﬁcult areas, each time. Thus the pheromones which support
movement to difﬁcult areas become redundant.

The presence of pheromones in the environment provides
dynamic inﬂuences on the robots, making them more likely
to reach the ﬁnal unexplored areas. To study such behaviour,
ﬁgure 10 provides a trace of the movement of the robots from
a single run in each of the 2 cases investigated.

(a) Without pheromones

(b) With pheromones

These results raise the question of what will happen when
the environment enables signiﬁcant breathing room for the
robots to be further inﬂuenced by the pheromones. Once again
using pheromones with a slow evaporation rate, ﬁgure 12
shows the coverage exhibited by 3 robots in an environment
four times the size of the former experiments — see ﬁgure 8(b).

Fig. 10: Movement traces and covered tiles: small environment,
3 robots and slow evaporation rate)
Figure 10(a) shows that when pheromones are not being
used, the robots may have difﬁculty exploring certain areas.
None of the tiles in the bottom left corner are covered. In a
given run, a robot may start within this region, causing the
tiles within to be covered effortlessly. However, in other cases
these locations can be difﬁcult to reach, as shown. Thus as
described, coverage of the environment may be highly inconsistent between runs. Figure 10(b) depicts the same simulation
setup including robot initial locations, but with the inclusion
of pheromones. The robots can be seen to achieve complete
coverage. The pheromones enable the robots to reach all areas
of the environment irrespective of their starting position. While
many tiles are still covered multiple times, the coverage of
the environment becomes much more even and thus may be
considered as a more efﬁcient coverage.
B. Density of Robots
To consider the effect of an increased density of robots,
the experiment of section V-A was repeated with 24 robots, as

Fig. 12: Coverage: large environment, 3 robots and slow
evaporation rate
Due to the vast size of the environment and the few
robots applied, the maximum coverage of 1600 tiles was
not reached in either case. However, the advantage of the
repellent pheromones is clear and exceeds that seen in the
experiments in the small environment. After 50,000 time steps,
where pheromones are applied, the robots have covered an

average of 1194 tiles. This accounts for approximately 75%
of the environment. On the other hand, the robots without
pheromones have covered an average of 944 tiles, or 59%
of the environment. After 200,000 time steps the simulations
are terminated. At this point, the robots have achieved an
average coverage of approximately 91% when pheromones
are applied and 84% without pheromones. Since the distances
in the environment are so large, a turn towards a previously
explored location will negatively affect the overall coverage to
a much higher degree than before.
(a) Without pheromones

(b) With pheromones

Fig. 14: Heat maps: large environment with 24 robots

effect on their movement, robots can lock themselves into
repeated patterns of movement, as shown by the signiﬁcant
patches of darker tiles in the lower part of ﬁgure 14. When
using pheromones the redundant coverage of tiles reduces
signiﬁcantly — note the lighter tiles of the similar area.
C. Effect of Evaporation
Fig. 13: Coverage: large environment, 24 robots and slow
evaporation rate.
Again, the number of robots were increased, this time
for the large environment — see ﬁgure 13. As expected,
the difference in coverage is indeed diminished. However,
after 10,000 time steps there is still a noticeable difference
in coverage. At this stage, robots using pheromones have
covered an average of 1533 tiles, or approximately 96% of the
environment. At the same time, robots without pheromones,
have covered an average of 1388 tiles i.e. approximately 87%
of the environment. Recall that when 24 robots were deployed
in the smaller environment (ﬁgure 11), complete coverage
was achieved by both types of robot after only 4,000 time
steps. In this larger environment, the coverage exhibited by
the two types of robots does not start to converge towards the
optimal until after 40,000 time steps, where the robots with
pheromones have reached almost complete coverage already
at 15000 time steps. However, maximum coverage is not
achieved, in the absence of pheromones.
Since the measure of coverage makes no distinction between the various tiles of the environment, it is difﬁcult to
determine why maximum coverage is not achieved without
pheromones in this case. In order to get a non-binary representation of how tiles are covered across a collection of
simulations, heat maps were created to highlight which tiles
of the environment the robots are more frequently revisiting.
The heat maps were created by keeping individual counters
for each tile. Whenever a robot is within the bounds of a tile,
its counter increments. These values are normalized over the
global minimum and maximum, before each tile is coloured
from light to dark according to the increasing time spent in
each tile. The heat map of the simulation with 24 robots in
the large environment is depicted in ﬁgure 14.
It is apparent that when there is no additional guidance
provided by pheromones and thus the obstacles have a stronger

Fig. 15: Evaporation Rate effect on Coverage: small environment, 3 robots with pheromones
Changing the evaporation rate (tc) affects the evaporation
factor and thus the updated pheromone intensity of each tile.
The effect of a faster evaporation rate was investigated, as
shown in ﬁgure 15. The results show that the faster evaporation rate does not improve coverage. Maximum coverage
is achieved faster with a slow evaporation rate where the
pheromones diffuse further before evaporating completely.
Thus the effect of the pheromones secreted are more far
reaching which would seem to be beneﬁcial when few robots
are covering the environment.
Increasing the number of robots in the environment provides a different picture of evaporation rates, as shown in
ﬁgure 16. Here it is clear that the previous advantage of the
slow evaporation rate is lost when 24 robots are moving in the
environment. The far reaching effect of the longer pheromone
trail has less of an advantage when more robots move around
the area. As such, the longer pheromone trail may be regarded
as an excess of pheromones in the environment i.e beyond that
which is needed. However, as shown, these longer trails have
not disadvantaged the results in this case.

Ultimately, the inclusion of pheromones does not only increase
the speed at which the environment is covered, but also enables
exploration of areas that could otherwise be unreachable.
Results showed a decrease in the advantage of pheromones as
the density of robots increased. On the other hand, the results
indicated that the addition of pheromones enabled fewer robots
to cover the same area or in some cases, enabled a coverage
that was otherwise not possible, without pheromones.

Fig. 16: Evaporation rate effect on Coverage: small environment, 24 robots with pheromones

Slow evaporation rates can, however, provide a worst
case scenario where the pheromones no longer effect robot
movement. As stated, the longer trail can leave an excess of
pheromones in the environment. In the worst case, this excess
is such that the pheromone intensity in the tiles of the environment will all be around maximum. Thus the pheromones no
longer provide cues to the robots that support distribution. Thus
although the pheromones are in use, the robots have to operate
as wall avoidance robots i.e. the case of no pheromones.
To limit the effect of such a situation, a pheromone stagnation mechanism was implemented which exploits the fact
that close to any robot, where maximum phenotype potency is
secreted, there is also a faster decay, due to the logarithmic
nature of the decay process. Thus even when the tiles are
covered by high phenotype intensity there are still variations
close to any robot.
These results show that the setting of evaporation rates is
a key to achieving the advantage as well as maximising the
advantage that a slower evaporation rate can achieve. Further,
that such an evaporation rate choice needs to take into account
the relative number of robots with respect to the area of the
environment. However, the effect of evaporation is not only
based on the secretion of the pheromones but also on the
controller’s interpretation of such values and thus the controller
itself should be designed carefully so as ensure maximum
coverage. One such example is the incorporation of pheromone
stagnation solutions.
VI.

The experiments also showed a consistent improvement
in coverage as the rate of evaporation was reduced. Since
pheromones are only perceived locally they will inherently
have no effect until robots uncover them. If pheromones evaporate too quickly they will only be able to affect those robots
in a closer vicinity. Additionally, their ability to discourage
robots from revisiting the same areas will be limited.
Future research is envisioned along two main axes: improving the efﬁciency of the model and applying the model to real
robots. While the pheromones shows signs of improvement, the
rate at which the environment is covered is not optimal. Situations can arise where the pheromones actually counteract the
advancement of the swarm. Due to diffusion and evaporation
such delays in the system are only temporary. Regardless, time
is still wasted. Investigation is needed into mitigating these
effects so as to further improve efﬁciency.
An obvious limitation of pheromones is the difﬁculty in
representing them for physical robots. The robot controller
relies on sensors that are currently 20 pixels distant from
the main robot centre. Such a feature is certainly has limited
feasibility in the real world. Further, the robot controller of
this study relies heavily on differences in intensity values.
These variations are created by the transition rule followed
by the average ﬁlter applied to the pheromones. Since this
operation is delimited by walls, it effectively creates gradients
toward open areas and locations not recently visited by other
robots. Achieving this effect in a real world setting could
be a challenge. Furthermore, the variations created by the
average ﬁlter are often very small. Outside of controlled
environments where sensors are susceptible to noise, reliably
detecting similarly small variations can be a difﬁcult task.
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C ONCLUSION AND D ISCUSSION

The work herein presents an implementation of repellent
pheromones for the exploration of unknown environments for a
swarm of robots. The implementation proposed focuses on the
use of local information and the viability of the approach has
been studied along with the conditions in which it is beneﬁcial.
The experiments performed show that the inclusion of
repellent pheromones can indeed reduce the redundancy in
search. When robots are basing their movement almost entirely
on static obstacles, the location of these obstacles dictate
how the robots will move. In some cases the robots can be
forced to continuously retrace their own steps. Pheromones
add a dynamic inﬂuence to the movement of the robots that
makes them less dependent on the structure of the environment.
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