This is an author submitted version of the paper.
For final version, please contact authors at

http://mrs.felk.cvut.cz

Plume Tracking by a Self-stabilized Group
of Micro Aerial Vehicles
Martin Saska, Jan Langr, and Libor Přeučil
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Abstract. A cooperative odor plume tracking approach designed for
use with groups of micro-scale, autonomous helicopters in GNSS-denied
environment is proposed in this paper. The designed method is based on
a particle swarm optimization enhanced for eﬃcient and fast cooperative
searching for gas sources. The possibility of MAVs deployment in GNSSdenied environment is enabled by employed visual relative localization
using onboard monocular cameras and identiﬁcation patterns. In addition to constraints given by the relative localization (necessity of direct
visibility and limited range of the system), MAV motion constraints and
non-colliding multi-robot coordination are satisﬁed in the method. The
developed method has been veriﬁed using a numerical model of smoke
plume in various simulations and real experiments with a ﬂeet of MAVs.
Keywords: chemical plume tracking, micro aerial vehicles, swarm intelligence, visual relative localization.
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Introduction

Recent progress in Micro Aerial Vehicle (MAV) platforms and light-weight gas
detectors allows us to consider utilization of multi-MAV systems driven by decentralized swarm principles for eﬃcient localization of gas sources. Employment
of simple swarm rules enables exploitation of swarm knowledge (information simultaneously gained by multiple MAVs equipped with on-board sensors) and
to solve the given task much more eﬃciently than using a single, even better
equipped, aerial vehicle. The decentralized swarm intelligent based approach signiﬁcantly increases system robustness, mainly the tolerance to failures of team
members, and substantially reduces communication requirements. Minimizing
communication demands stands important for large MAV groups due to generally limited bandwidth and in cases where communication is denied, not allowed,
or at presence of jamming. The proposed swarm stabilization approach relies on
an onboard visual relative localization of team members and therefore the system
is independent of external global positioning systems. This is beneﬁcial in environments with limited or spoiled GNSS signals (forests, caves, urban and indoor
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environment). Besides, under certain conditions the precision and reliability of
GNSS is insuﬃcient for stabilization of compact MAV groups. In our approach,
the swarm as a whole is driven by the measured properties of the environment.
It tracks the odor plume by a Particle Swarm Optimization (PSO) technique,
while the mutual coordination between the swarm entities is ensured by the relative visual localization. Therefore, knowledge about the exact global position of
swarm members is not necessary in this scenario. In the approach, each MAV is
represented by one PSO particle and the function being optimized by the PSO
is considered as the gas plume concentration. In the gas plume tracking, the
highest concentration is usually near the source of the gas, in which we are interested in. The designed method is ready for use in numerous applications, such
as localization of source of poisonous gases, pollutants, or ﬁres; all in outdoor
and indoor.
Various approaches for odor plume tracking and its source localization are
well studied in robotics and artiﬁcial intelligent oriented ﬁelds. In literature,
one can ﬁnd plenty of techniques designed for smart stationary sensory nodes
[4], for single mobile ground robots [7], [3], [12], for swarms of ground vehicles
[8], [13], for aerial vehicles [1], [2] and even for swarms of aerial vehicles [11],
which is the most related to this paper. The presented approach goes beyond
these works mainly in the possibility of deploying of closely cooperating teams
of MAVs based on onboard sensors only. Our swarming approach takes into
consideration real-world limitations of MAV swarms, which is in contrast with
the state-of-the-art methods, where these constraints given by real deployment
of multi-MAV systems are usually omitted, since these works are often designed
for holonomic dimensionless particles.

2

Particle Swarm Optimization

Let us ﬁrst brieﬂy describe the basic PSO method. The PSO technique is an
optimization method developed for ﬁnding a global optima of nonlinear functions
[5]. The method applies the approach of problem solving in groups, which is
especially appealing for the deployment of cooperative swarms of MAVs. In PSO,
each solution represents a point in multidimensional space (3D workspace of
MAVs in our case). The solution is called ”particle” and the group of particles
(population) is called ”swarm”.
PSO algorithm uses two kinds of information, which is available to all particles, to achieve the global convergence. 1) Each particle knows its own experience
- the best state found so far by the particular PSO swarm member. 2) A social
knowledge is shared within the swarm - the best state found so far by any particle
of the swarm.
In i-th PSO iteration, each particle is represented as a position vector xi (pose
of the corresponding MAV in our case) and has a corresponding instantaneous
velocity vector vi (it does not match to MAV velocity, which is controlled by a
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trajectory tracking mechanism separately). In each iteration, a velocity update
rule is applied on each particle in the swarm as follows:
vi+1 = wvi + c1 r1 (p − xi ) + c2 r2 (g − xi ).

(1)

The social knowledge (position of the best solution found so far - referred to as
a global best ) is denoted as g and the individual experience (position of the best
solution found by the particular particle - referred to as an individual best ) is
denoted as p. The parameter w is called inertia weight and during the optimization decreases linearly from wstart to wend . The constance c1 and c2 are weights
that inﬂuence preference of particles’ own experience and the social knowledge.
Variables rj , where j = 1, 2, introduce a desired uncertainty into the optimization process, which is crucial for escaping from local extremes, and are obtained
as
⎞
⎛
rj1 0 0
⎟
⎜
rj = ⎝ 0 . . . 0 ⎠ ,
(2)
0

0 rjD

where rjk , j = 1, 2, k = 1 . . . D, are random numbers from a uniform distribution
between 0 and 1. D is dimension of the problem being optimized, in our case
D = 3 since we consider MAVs ﬂying in 3D space.
If any component of vi+1 is less than a threshold −Vmax or greater than
+Vmax after applying the velocity update rule, the corresponding value is replaced by −Vmax or +Vmax , respectively. Finally, a position update rule is applied in each PSO iteration for all particles:
xi+1 = xi + vi+1 .

3

(3)

PSO Algorithm Adapted for Odor Plume Tracking

Let us now highlight the main diﬀerences of the proposed tangible PSO algorithm, in which each PSO particle represents a real MAV, with the basic PSO
using holonomic dimensionless particles. In the tangible PSO, we deal with the
following challenges:
– Collision avoidance within the MAV swarm and between MAVs and the
environment
– MAV motion constraints speciﬁed by the applied controller
– Fitness function evaluated based on measurement of smoke concentration in
current position
– Relative localization constraints inﬂuencing allowed mutual positions of
MAVs
– Unknown global position of MAVs, which inﬂuences knowledge of relative
position of best solutions (position of MAVs) found so far
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All these aspects negatively inﬂuence the performance of the PSO engine as
they introduce additional constraints to the given problem. Clearly, the necessity
of collision avoidance within MAV group limits the free space in which the PSO
particles may search for higher smoke concentration. The collision avoidance is
inﬂuenced by the size of the robots, but also by the mutual eﬀects caused by
airﬂow of MAV propellers.
Regarding the MAV motion constraints, we rely on trajectory tracking approach described in [6], but any available MAV control method can be used. The
performance of the applied method has to be considered in the motion planning
and swarm coordination to ensure that given PSO locations are reachable by the
real system.
The ﬁtness function, which is the core of the PSO technique, enables to select
the best solutions found so far (the global best ) and the individual best ). In this
application, it may be simply obtained as the gas concentration measured by onboard sensors of MAVs. Such an approach has one important drawback that has
to be considered in the method design. The measurement of gas concentration by
simple light-weight sensors is aﬀected by strong uncertainties and measurement
error. Beside the imprecise sensor ability of light-weight MAVs, the plume shape
is dynamically changing upon to wind condition and air turbulences appearing
close to the gas source that we are looking for. In addition to this dynamics
of the optimization problem (the cost function changes during the optimization
process), the swarm of MAVs itself signiﬁcantly inﬂuences the measured plume
to be tracked and therefore the PSO optimization methods inﬂuences the function being optimized. This behaviour may not be observed in standard PSO and
it brings another challenging aspect of the proposed method.
The algorithm performance is most signiﬁcantly aﬀected by the issues related
to the relative localization, which is employed for swarm stabilization and control (see Fig. 1 and 2 for comparison of performance of the method taking into
account the constraints of relative localization and a method considering utilization of a global localization without any constraints). During the optimization,
each MAV needs to be in a visual contact (in range of the onboard visual relative localization system) with at least one neighbor to ensure that its relative
position may be shared within the swarm. The possibility of such a relative localization is crucial for sharing information on position of the global best location
(potion of an MAV in which the best ﬁtness function was found so far). In case
the new global best (the highest gas concentration found so far) is obtained, the
relative position of this location is propagated through the swarm via the relative localization linkages. Therefore, all swarm members have to be connected
together all the time during the mission. Once the information on position of the
global best is updated, each swarm member may guess on vector to this position
from its position in future based on the dead-reckoning. Similarly, each swarm
member can remember position in which its individual best was obtained. The
dead-reckoning of MAVs (odometry) is achieved by integration of optical ﬂow
from down-looking camera via the PX4 Flow Cam Optical Flow Sensor and by
data from IMU (for further details on this method and related literature see our
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web http://imr.felk.cvut.cz/Swarm/Swarm). Such an approach introduces
an additional cumulative error of the dead reckoning, but since the individual
and global best positions are usually regularly updated in the PSO process, this
eﬀect may be neglected as was observed in experiments with real MAVs.
3.1

Smoke Source Location Prediction

Using the advantage of closely cooperating swarm of multiple MAVs equipped
with onboard sensors, the position of the global maximum (the location of gas
source) can be predicted and used for faster convergence of the algorithm. The
most straightforward approach is to employ current knowledge of gas concentration simultaneously measured by several MAVs and to compute gradient of
the gas concentration, which can be added simply added to PSO rule as the
sestimate in eq. (5). The main disadvantage of this approach is necessity to communicate the obtain measurements and also the relative positions of all team
members in each PSO step.
The approach proposed here, allows us to estimate the gas source location
using the stored history of global knowledge achieved during the optimization
process. The proposed algorithm uses the last n values of the global best. It signiﬁcantly increases robustness of the searching for the gas source location, which
may be negatively inﬂuenced by the above mentioned dynamics of the source
plume. Such an approach is not necessary if using classical PSO method with
dimensionless particles that may passively search in the environment without
direct inﬂuencing of the ﬁtness function. But in the proposed tangible PSO, it
enables to deal with the strong disturbances and rapidly changing shape of the
gas plume, which is considered as the employed ﬁtness function.
The vector pointing towards the estimated smoke source location, which takes
into account the history of the progress of the global best, can be then obtained
as:
sestimate = g1 +

g1 − gn
,
|g1 − gn |

(4)

where subscript 1 denotes the newest global best position. Taking into account
the longer history of the global knowledge, the disturbances in gas concentration
measurement may be ﬁltered out, which results in faster convergence, as shown
in the experimental part.
The PSO algorithm is then modiﬁed to contain the predicted location of the
smoke source as:
vi+1 = w · vi + c1 · r1 · (p − xi ) + c2 · r2 · (g − xi ) + c3 · r3 · (sestimate − xi ). (5)
3.2

Obstacle Avoidance and Relative Localization Constraints

As mentioned above, the key aspects that may diﬀerentiate the tangible PSO
with real MAVs from the classical PSO with dimensionless particles are the
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collision avoidance and constraints given by the visual relative localization.
For simpliﬁcation of the motion coordination of multi-MAV team, we suppose
that only one MAV is allowed to move at the same moment. Such an approach is
advantageous due to minimal communication required between the team members. In addition, only two simple procedures has to be done in each PSO step
to ensure feasibility of MAV movement:
– To ensure that the new position of MAV obtained by applying the PSO rules
is feasible (it is not colliding with neighbouring MAVs, it is in a safety distance from all whirlwinds caused by propellers, it does not inﬂuence other
MAVs by its own propellers, it does not break the visual localization - it
is still in range of the localization sensors of neighbours and it keeps the
required number of neighbours in range of its own sensor of relative localization)
– To ﬁnd a trajectory to the new proposed location, which is feasible for the
trajectory tracking. Each point on this trajectory must respect the same
constraints as the proposed new position of MAV (described in brackets in
the ﬁrst item of this list).
Let us now describe a basic structure of the overall PSO based algorithm
proposed for cooperative plume tracking by closely cooperating MAVs. In each
PSO iteration, each MAV consequently proceeds the following procedure:
1. Apply PSO updates rules, equations (5) and (3) to obtain new desired position based on current state of the particular MAV, social knowledge (position
of global best ) and its individual experience (position of individual best ).
2. If the new position is infeasible (there is a collision or the visual relative
localization is interrupted in this position), shorten the vector obtained by
the velocity update rule, eq. (5), in such a way that the new position is
feasible and it is as close as possible to the position proposed by the PSO
rules.
3. Find a collision free trajectory to reach the new feasible position. Here, any
trajectory planning approach satisfying constraints of the trajectory tracking
method from [6] can be employed. For the veriﬁcation experiments presented
in section 4, we have employed trajectory planning originally designed by our
team for control of a virtual leader of a formation of MAVs [10].
4. Follow the trajectory using the method presented in [6].
5. Regularly check the range of localization sensors and if the limit is reached
stop your motion.
6. Make a measurement of the gas concentration in the new reached location.
7. If the measured concentration exceeds the value obtained in the current
individual best location, remember this position as your new individual best.
8. If the measured concentration exceeds the value obtained in the current
global best location, send a notice to all team members that a new global
best was found.
9. Send a message to the next MAV in the ring that it may start its movement
and wait for a permit to continue with the next PSO iteration. Once the
permission is received, start again with point (1).
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It is obvious that the necessity of moving MAVs one by one signiﬁcantly
increases the overall time needed for the source plume tracking. We have presented an approach that enables simultaneous swarm control, and therefore faster
achievement of the desired equilibrium, in [9], but this method is hard to be decentralized and it requires more intensive communication between the swarm
members.

4

Experimental Results

The main purpose of simulations presented in Fig. 1 and 2 is to verify functionality of the proposed algorithm, to show its convergence into the source smoke
and to present inﬂuence of the collision avoidance ability and the constraints
given by the visual relative localization on the algorithm performance. In the
ﬁrst basic simulations in Fig. 1, MAVs are considered as dimensionless particles
that cannot collide with each other and constraints of the relative localization
are not considered during the optimization. The snapshots of the simulation are
taken after 1st, 12th and 18th PSO iteration. One can see that the entire swarm
is located in the proximity of the gas source after the 18th PSO iteration.
The second simulation shows performance of the complete system with the
collision avoidance and the constraints of visual relative localization considered
in the optimization process. Although the convergence of the algorithm is significantly slower than in the previous experiment (snapshots are taken after 3rd,
8th, 29th PSO iteration), the swarm also achieved proximity of the gas source
relatively fast.
The aim of the experiment presented in Fig. 3 is to verify the ability of the
onboard vision system to keep the relative localization linkages between the
neighboring MAVs, if following trajectories between states found by the proposed
tangible PSO algorithm. In the experiment, the entire MAV group is represented
by the PSO swarm with ﬁtness function corresponding to a virtual concentration
of a simulated smoke plume. The same actual map of the smoke concentration in
the 3D workspace is used for planning of the movement of all MAVs. Each PSO
rule is decomposed to independent motion primitives of separate helicopters in
the experiment as suggested in the sketch of the method presented in section 3.2.
MAVs are subsequently moved into new positions required by the PSO process.
In each subsequent movement, a quadrocopter approaches into the new location, while the remaining robots keep constant pose and only their Yaw angle is
changed to track the moving MAV and to realize the required relative localization. The control feedback of MAVs in this experiment is realized by the Vicon
motion capture system, which is also used as a ground truth for evaluation of
the performance of the relative localization system in real-ﬂight conditions. The
trajectories, obtained by the proposed PSO based method prior this experiment,
satisfy constraints given by the range of the relative localization, viewing angle
of the on-board cameras, mutual MAVs heading and movement constraints during the deployment of the system. Snapshots from the experiment together with
pictures taken at the same moment by the onboard cameras employed for the
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Fig. 1. Simulation of cooperative tracking of smoke plume to ﬁnd its source by a
closely cooperating swarm. Particles are considered as dimensionless and constraints of
the relative localization are not considered. In each snapshot of the simulation, three
diﬀerent views are shown (x-y plane, z-y plane and z-x plane).
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Fig. 2. The same experiment as the one presented in Fig. 1, but the constraints of the
relative localization and obstacle avoidance are considered during the movement. In
each snapshot of the simulation, three diﬀerent views are shown (x-y plane, z-y plane
and z-x plane).

Plume Tracking by a Self-stabilized Group of Micro Aerial Vehicles

(a) Initial position of the swarm
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(b) Swarm after the ﬁrst PSO iteration realized by the ﬁrst MAV

(c) Swarm after the ﬁrst PSO itera- (d) Final position of the swarm
tion realized by the second MAV
around simulated source of the plume
Fig. 3. 3 MAVs following trajectories obtained oﬀ-line by the proposed PSO-based
algorithm. The experiment was realized in GRASP laboratory, University of Pennsylvania thanks to kind support of professor Vijay Kumar and his team. Special thanks
go to Justin Thomas and Giuseppe Loianno.
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(a) Comparison of relative distances
between MAVs captured by the onboard
vision system and by data obtained by VICON as a ground truth

(b) Comparison of relative distances
between MAVs captured by the onboard
vision system and by data obtained by VICON

(c) Positions of MAVs captured by VI- (d) 3D view of positions of MAVs captured by VICON during the experiment
CON during the experiment
Fig. 4. Experimental data obtained during the experiment presented in Fig. 3.

visual relative localization are presented in Fig. 3. Fig. 4 shows that the guess
of relative positions of neighbouring vehicles is continuously provided during the
ﬂight and that the given limit on the relative position between the robots of the
team (3.5m) is kept. The values of PSO parameters used for these experiments
were empirically set as w = 0.4, c1 = 0.4, c2 = 0.55, c3 = 1 and k = 4.

5

Conclusions

The aim of this paper was to show possibility of using a single optimization
method for control of swarm of closely cooperating micro aerial vehicles. It was
veriﬁed that the cooperative deployment of the ﬂeet of MAVs is an eﬃcient
tool for such a speciﬁc scenario as is the gas plume tracking and its source detection. The presented experiments have shown the advantage of simultaneous
gas measurement by cooperatively working quadrocopters with minimal requirements on communication. In addition, a possibility of the swarm stabilization
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in GNSS-denied environment using only onboard sensors of relative localization
was veriﬁed. In fact, the environment itself (the gradient of gas concentration)
may steer the entire self-stabilized group and information on global position is
not needed in this application.
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