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Abstract—Chemical gas dispersion can represent a severe
threat to human and animal lives, as well as to the environment.
Constructing a map of the distribution of gas in a fast and
reliable manner is critical to ensure accurate monitoring of at-
risk facilities and coordinate targeted and swift rescue missions
when an emergency occurs. In recent years, robots have been
endowed with gas sensing capabilities, and several algorithms to
generate gas maps have been studied, often producing a 2D map.
Two of the major drawbacks of these studies are concerned with
the fact that the robot’s path is often fixed to a predefined route,
and that the tridimensionality of the gas dispersion phenomenon
is not captured by the final gas maps. In this paper, we study
the effect of a random walk and an adaptive path planning
approach based on informative quantities to gas mapping in a 3D
environment using a micro aerial vehicle with severe flight time
constraints. We also introduce a clustering strategy to enhance
the exploration of the environment. The strategies are compared
to a lawnmower movement and evaluated against a ground truth
map of the environment, both in simulation and with physical
experiments, in order to assess which ones are able to provide
an accurate gas map, while simultaneously achieving satisfactory
coverage of the desired volume under time constraints.

Index Terms—Aerial Systems: Applications, Environment
Monitoring and Management, Reactive and Sensor-Based Plan-
ning

I. INTRODUCTION

THE uncontrolled dispersion of chemical compounds in
warehouses, chemical plants and during environmental

emergencies can pose a considerable threat to both human
lives and the environment. Research in the field of Gas
Distribution Mapping (GDM) aims at constructing a map of
the gas distribution in a given environment, drawing important
conclusions about the presence of leaks, their location and
the identification of areas presenting higher gas concentration.
These techniques are also useful when monitoring sites where
contamination of the air is unavoidable, to prevent exposure to
excessive amounts of hazardous substances. Recent advances
in the fields of embedded systems and chemical sensing allow
GDM to be performed by robotic platforms, reducing the
exposure of humans and animals to dangerous gases. Robotic
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GDM has been carried out primarily using ground robots [1]–
[3] or flying vehicles whose movement is constrained to a 2D
plane [4], [5]. However, since gas dispersion is inherently a
3D phenomenon, a recent research direction aims at extending
the coverage to a tridimensional space, in order to increase the
amount of information provided by the final map.

Unmanned Aerial Vehicles (UAVs), equipped with sensing
capabilities, are employed for the tasks of GDM and Gas
Source Localization (GSL) [5]–[9]. The biggest challenge
when using UAVs arises from the turbulence generated by their
propellers, called wake, which hinders gas detection [10], [11].
Nano Aerial Vehicles (NAVs, up to 15cm according to [12])
maintain similar flight dynamics properties to bigger drones,
but the smaller propeller size generates a narrower wake,
which does not hinder gas detection as much, particularly
in indoor applications [4], [13], [14]. However, NAVs suffer
from severe flight time constraints, a limitation that must
be accounted for when planning gas detection missions with
them.

One of the earlier works in the domain of GDM is reported
in [15] and uses concentration grid maps with mobile robots
to model the gas distribution. Plume mapping strategies based
on Hidden Markov Methods (HMM) were proposed by Farrell
et al. in [16]. Blanco et al. propose an approach based on a
Kalman Filter for GDM [17]. Gaussian Processes (GP) have
also been used for GDM [18], [19]. Additionally, a Gaussian
Markov Random Field (GMRF) method has been proposed
in [20], giving promising results. This method is suitable for
cluttered environments, but is computationally expensive and
does not scale well with larger maps.

The Kernel DM+V method presented in [21] aims at learn-
ing a statistical 2D gas distribution model from a sequence of
localized gas sensor measurements. The method provides the
mean of the gas distribution as well as its variance, and it offers
a much less computationally expensive alternative compared
to GP or GMRF methods. This method was used to create gas
distribution maps with flying vehicles moving on a 2D plane
in [5] and [22].

The Kernel DM+V was extended to provide 3D gas maps
in [1], using a ground robot equipped with three sensors at
different heights for the experimental validation. Later, the 3D
Kernel DM+V/W method was implemented on a Micro Aerial
Vehicle (MAV), namely a quadrotor of 50 cm of diameter,
in [8]. Although this work pioneers the creation of a 3D gas
distribution map with a UAV, the approach requires the path of
the robot to be planned ahead. Moreover, a lack of in-depth
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experimental analysis makes it hard to assess the quality of
the results. The drone performed two sweeps at 30 and 100
cm of height without stopping, due to flight time constraints.
The fact that long stops to gather information are not strictly
needed is also supported by [4], where a method is presented
to localize the gas source from a gas map in a short time with
measurements acquired in motion by a NAV.

Informative Path Planning (IPP) consists in designing path
planning algorithms that aim at maximizing the amount of
information gathered about a phenomenon, given some budget
constraints. IPP strategies have been used, among other fields,
to provide effective navigation strategies while estimating
environmental quantities [23]. UAVs have been employed, for
example, in [24], where IPP strategies based on entropy and
mutual information improved the estimation of a temperature
field, while [25] presented an IPP framework for UAV-based
terrain monitoring.

In the field of GDM, path planning is usually done in
a non-adaptive way following a predefined trajectory, often
consisting of a sweeping motion path coupled with long stops
at each measurement location [4], [5], [8]. An IPP approach
was used for GDM in [22], where a comparison between a
map constructed using a predefined sweeping strategy and
one using an adaptive sensing strategy based on Artificial
Potential Fields (APF) was carried out. Results show that the
latter approach creates a meaningful map more quickly, which
constitutes a big advantage given the limited flight time of a
UAV. The biggest drawback of this IPP strategy is that its
outcome depends greatly on the choice of coefficients for
the APF, which have to be tweaked for each platform or
environment, making this approach hard to generalize. IPP
strategies for gas mapping have also been discussed in [26].
However, they have only been tested in a simulated 2D map.

Applying IPP algorithms to GDM presents some peculiar
challenges due to the stochastic and time variant nature of the
phenomenon, and the direct interaction between the robotic
platform and the gas plume. Additionally, when employing a
UAV, the wake of the propellers hinders sensing and provides
less precise information for the IPP algorithms to use. The
bounded flight time of a quadrotor is also an important limiting
factor because it imposes additional constraints on the pace
at which the map is composed and on the total information
gathered.

In this paper, we couple three path planning strategies to
a GDM algorithm and we compare their performance to a
baseline widely used in literature. Two of these strategies are
based on IPP, while the third consists of a type of random
walk called Lévy flight. Subsequently, we apply a clustering
method to the environment, with the objective of enhancing
exploration, and we evaluate its effect on the three strategies.
Due to its light computational requirements and good real-time
performance, the 3D Kernel DM+V/W was used to create a
3D gas map. The resulting maps are evaluated by comparing
them to the ground truth gas map of the environment. An
NAV moving continuously in the environment is used to sense
gas particles. The continuous movement allows the vehicle
to fully take advantage of its mobility within the flight time
constraints, while still producing meaningful results. While

all the approaches presented in this paper are tested only in a
quasi-laminar flow regime, they make no assumptions about
the number of gas sources or their location and can therefore
be employed in a wide variety of scenarios. The contributions
of the paper are the following:

• The implementation of adaptive path planning techniques
based on IPP to 3D GDM;

• The accurate evaluation of these techniques based on the
ground truth gas map of the environment;

• The introduction of a clustering method to improve
exploration of the environment, and the study of its effects
on the mapping performance.

II. APPROACH AND ALGORITHMS

This section presents the algorithms used for GDM and for
path planning, as well as the method used for ground truth
acquisition. Moreover, it briefly introduces the reader to the
robotic platform employed for this work. For all the strategies
presented below, the experimental area is divided into a grid
map of N cells.

A. Gas Distribution Mapping

The 3D Kernel DM+V/W algorithm introduced in [1] was
used to produce a gas map of the environment. This algorithm
uses a multivariate Gaussian weighting function to construct
a map with the gas samples coming from the NAV. Addition-
ally, the algorithm uses wind information from an on board
anemometer. For this work, the wind information was provided
a priori, since the intensity and direction of the wind are known
throughout the experiments. For each cell k ∈ N , the weights
are computed by evaluating a Gaussian kernel at the distance
between the location of the measurement µi and the center
x(k) of cell k:

w
(k)
i = N (|x(k) − µi|, σ0) =

1

(2π)
3
2 |Σ| 12

e−
1
2 (x

(k)−µi)
TΣ−1(x(k)−µi)

(1)

The covariance matrix Σ dictates the shape of the kernel and
depends on the kernel width σ0 and the stretching coefficient
γ (they determine the amount of extrapolation on individual
readings and the uncertainty related to the wind estimate,
respectively), as well as on the wind velocity. For more
information, please refer to the original 3D Kernel DM+V/W
paper [1].

Additionally, the 3D Kernel DM+V/W algorithm provides a
confidence map, indicating high confidence for a cell if a large
number of readings was taken near its center. This feature was
not used because the confidence value was consistently very
low, since the navigation strategy of the NAV consists of a
continuous movement, preventing a large amount of samples
to be gathered in each grid cell. The quality of the map is
instead evaluated against a ground truth after the experiments.

1) Ground truth acquisition: The ground truth data was ac-
quired using an array of static sensors mounted on a traversing
system (a 3-axis robotic manipulator present in many wind
tunnels). The type of gas sensor mounted on the static sensors
is the same one used by the NAV. The sensors sample at 10
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Hz for a duration of 2 seconds at the center of each grid cell.
After eliminating the outliers, the data obtained is averaged to
produce the ground truth.

Even though the same type of sensor was used for ground
truth acquisition and for experiments, calibration was neces-
sary due to the small manufacturing differences introduced by
each sensor. A linear regression model was used to describe the
relationship between the data coming from each sensor node
and the data coming from the NAV’s sensor, while moving on
a predefined path which traverses the plume.

2) Kernel parameters selection: In order to minimize the
estimation error of the 3D Kernel DM+V/W algorithm, the key
parameters σ0 and γ have been optimized with a randomized
search consisting of 1000 iterations in predefined intervals for
the two parameters. To achieve this, the ground truth data was
fed to the 3D Kernel DM+V/W algorithm in order to produce a
map, and the parameters that minimized the Root Mean Square
Error (RMSE) of the generated map were chosen to be used
during experiments.

B. Path Planning
Given the flight time limitations of the platform employed

for this work, navigation strategies that rely on stopping at
each waypoint to gather data are not feasible. Moreover, only
one Volatile Organic Compounds (VOC) sensor is mounted
on the NAV, allowing it to obtain information about the distri-
bution that affects only a small area around the robot. This
prevents the mapping algorithm from drawing conclusions
about the gas distribution in parts of the map that are far from
the NAV’s path. For these reasons, strategies that focus on the
continuous movement of the robot are essential.

Two strategies based on informative quantities have been
implemented. The first one is based on entropy, an information
theoretic quantity widely used in IPP. The second one is
based on the Kullback-Leibler Divergence (KLD) [27]. The
third strategy consists of a type of random walk called Lévy
flight. These three strategies are evaluated with and without the
addition of the clustering method described in Section II-C.
The lawnmower movement is used as a baseline.

1) Baseline: The lawnmower movement was previously
used in several GDM papers [4], [5], [8] as a non adaptive
path planning strategy. In this work, we reconstruct a gas map
on five layers in the Z axis. In order to allow the lawnmower
movement to cover the whole volume in the X direction within
the time budget limits, the zig-zag trajectory is carried out
only on three out of five planes (top, middle and bottom).
Nonetheless, the 3D Kernel DM+V/W algorithm is able to
extrapolate the value of the gas map at a maximum distance
rco from the locations where the measurements are taken, thus
estimating the value of the gas concentration on the two layers
where the robot does not directly navigate.

2) Lévy Flight: The Lévy flight is a type of random walk
commonly used in robotics applications. This walk was chosen
because the probability of returning to the previous position
is smaller compared to other random walks [28].

3) Entropy Strategy: Entropy is an information theoretic
quantity which measures the uncertainty in a random variable.
For a given discrete random variable, entropy is computed as:

H(X) = −
Nb∑
n=1

P (X = xn)log(P (X = xn)) (2)

where H is the entropy and xn are the possible outcomes,
in this case gas concentration values, which occur with prob-
ability P (X = xn). To compute the entropy for each grid
cell, the gas sample values, previously normalized during the
mapping step, are discretized by dividing them into Nb bins
in order to ease computation.

The IPP strategy based on entropy proposed in this paper
sets as next goal for the drone the unvisited grid cell with
the maximum entropy to distance ratio, hence maximizing the
following objective:

rH =j∈N

(
H(X)j
dij

)
(3)

where i is the current position. Since all grid cells are
initialized with a uniform probability distribution, whose en-
tropy value is equally high among the unvisited ones, dividing
the entropy by the distance can privilege shorter movements,
forcing the drone to proceed gradually and preventing a zig-
zag trajectory throughout the whole map. This behavior should
be avoided given the flight time constraints of the drone and
the additional turbulence caused by multiple passages in the
same zone.

4) Kullback-Liebler Divergence Strategy: The KLD is an
information theoretic quantity that measures the difference
between two probability distributions, P and Q [27]. It has
already been employed in literature as part of reward functions
for gas sensing tasks [29]. It is computed as:

DKL(P ||Q) =
∑
i

P (i)log2

(
P (i)

Q(i)

)
(4)

For each grid cell, the KLD strategy compares the proba-
bility distribution P , obtained by the samples gathered in that
grid cell, and the estimated probability distribution of the next
step Q. All cells are initialized with a uniform probability
distribution, which gets updated by the 3D Kernel DM+V/W
algorithm. The distribution Q is obtained by adding one
virtual sample i, corresponding to the current expected value
of the distribution, to P and computing the new probability
distribution. The larger the KLD, the more P and Q differ,
indicating that the samples taken so far are not homogeneous
in value. Therefore, the NAV should further explore the area
and gather more samples to increase the confidence of the
estimation. This strategy consists in setting as next goal the cell
that has the highest value according to the following criterion:

rKLD =i∈N (KLDi) (5)

This strategy does not require a normalization by distance
because it inherently does not exhibit a zig-zag behavior.

C. Clustering Strategy

Mapping the gas distribution throughout an entire volume
requires the whole space to be thoroughly visited. In particular,
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when relying on IPP quantities, the stochastic nature of the
phenomenon often hinders exploration and can lead the robot
to proceed slowly and get stuck in areas of high gas variability,
which often corresponds to high gas concentration. Moreover,
employing a vehicle with propellers makes gas detection
more difficult, affecting the performance of approaches based
on quality and quantity of information gathered. To address
these shortcomings, we developed a clustering strategy which
divides the space in clusters and allows the drone to visit
each cluster subsequently in a pre-planned order. Within
each cluster, the drone is driven by the planning strategies
mentioned in Section II-B.

Initially, the volume is divided into K clusters using the K-
Means algorithm. This is achieved by randomly initializing
the centroids of the K clusters, then repeatedly assigning
each grid cell to the closest cluster using the L2 distance and
recomputing the centroids of each cluster. This operation is
repeated until the centroids of the clusters do not change.

A Dynamic Programming (DP) algorithm is used to opti-
mize the path between the centroids of the clusters, described
as a Travelling Salesman Problem. This algorithm can find
the globally optimal path and has complexity of O(2K ∗K2),
requiring more computational effort and more time with a
higher number of clusters. The order in which the drone will
go through the clusters is decided a priori, to minimize time
spent on transitions from one cluster to another.

For the Lévy flight, the algorithm will pick the first destina-
tion cell in each cluster at random and will subsequently use
the Lévy flight to navigate within the cluster. For the Cluster
Entropy and KLD methods, the first cell is picked using the
rH criterion, while the following cells are picked using rH and
rKLD respectively. The same criterion is employed to select
the initial cell because it allows the robot to exploit informative
quantities when available, while privileging shorter steps.

The time allocated to the exploration of each cluster, Tc,
is computed as the remaining flight time divided by the
number of unvisited clusters. When the time spent in the
current cluster t is greater than 0.8 ∗ Tc, if the proportion
of updated cells containing gas falls below a threshold, the
robot is prompted to choose a new cluster. This exit strategy
allows for allocating more time to clusters containing more
gas, while still maintaining a good exploration of the whole
volume. If the percentage of updated cells containing gas
continues to be above the threshold, the drone will continue
exploring the cluster until the allocated cluster time elapses.
This exit strategy is not based on informative quantities in
order to extend its application beyond IPP approaches.

D. NAV Platform

The NAV used in this paper is a Crazyflie V2.1 (CF2,
Bitcraze AB, Malmö, Sweden) equipped with a custom Printed
Circuit Board (PCB) which provides gas sensing capabilities
(see Figure 1). The PCB hosts a MICS-5521 CO/VOC sen-
sor [30] and an STM8L151F3U6TR ultralow power micro-
controller used to convert the analog data coming from the
sensor to a digital format with a sampling frequency of 10
Hz. Previous work [13] has shown that placing the gas sensor

Fig. 1. Crazyflie V2.1 equipped with a custom PCB for gas sensing at the
bottom.

at the bottom of the NAV enhances its sensing capabilities.
This was the configuration chosen throughout this paper.

Localization is achieved with a Motion Capture System
(MCS) from Motion Analysis1 consisting of 13 Kestrel 1300
cameras. Five passive markers with an 8 mm diameter are
placed on the CF2. The total weight of the payload is 6.5 g,
which includes the custom PCB and the five MCS markers.
Throughout all the experiments, the NAV is moving at a
constant velocity of 0.15 m/s for a total flight time of 4 minutes
and 30 seconds for each experiment. These values were chosen
in accordance to the properties and limitations of the NAV.
Additionally, the velocity was chosen to allow the CF2 to
gather enough samples within a grid cell while guaranteeing a
reasonable speed for exploration. The CF2 communicates with
the ground station (a PC equipped with a USB antenna) over
the 2.4 GHz ISM radio band. The position data is acquired by
the MCS software and sent to the CF2 through the radio link.
Algorithmic computations are also performed off-board.

III. PERFORMANCE EVALUATION

We first evaluated the strategies in a high-fidelity simulation,
and then with physical experiments with the CF2 in our wind
tunnel facility. This section describes the evaluation metrics
used, the parametric choices carried out for the experiments,
and the simulation and experimental setups.

A. Evaluation Metrics

Three metrics are used to quantify the performance of the
different strategies presented in this paper: RMSE, coverage
and shape coverage.

The RMSE was used to quantify the difference between
the final gas map obtained with the 3D Kernel DM+V/W
algorithm in combination with the IPP strategies and the
ground truth. It is computed as:

RMSE =

√
ΣN

i=1(di − gi)2

N
(6)

where di is the obtained gas value of each grid cell, gi is the
corresponding ground truth value and N is the total number
of grid cells.

The coverage metric evaluates how much exploration was
accomplished by each strategy. It is defined as the number of

1https://www.motionanalysis.com/
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cells whose gas value has been updated over the total number
of cells:

C =
# updated cells

# cells
(7)

In this paper, we introduce the shape coverage metric, which
represents the probability of an updated cell to be identified
correctly as containing gas or not according to the ground
truth, and is computed as:

SC = p(di ≥ thd|gi ≥ thg||di < thd|gi < thg) ∀i ∈ Nu

(8)
where thd and thg are the thresholds used to determine

whether or not a cell contains gas and Nu is the number
of updated cells. In simulation, thd = thg and can be
determined easily, since cells with no gas have a value close
to 0. For the real experiments, since the sensitivity of sensors
varies significantly due to environmental factors, thresholds
are different for each map and are determined by considering
areas with the lower 15 percent of the gas map readings as no
gas zones and the upper 85 percent as gas zones. In fact, the
stochastic nature of gas dispersion coupled with the propeller
perturbation makes it hard to establish a threshold that is valid
for all runs.

To ease the comparison between the different methods, the
metrics are combined in one overall metric:

M = SC ∗ C ∗ |1−RMSE| (9)

Higher values of this metric indicate better performance of the
algorithm.

B. Algorithmic Parameters

The parameters chosen for the 3D Kernel DM+V/W map-
ping algorithm can be seen in Table I. Parameters σ0 and
γ were computed with a random search, as described in
Section II-A, after fixing the value of rco to 0.3m. This is
the radius within which the cells are affected by a gas sample.
Coincidentally, the relationship between σ0 and rco is the same
as the one reported in [1]. Additional parameters reported in
Table I are the total number of cells, N and the size of each
cell, which is the same in all three dimensions.

TABLE I
PARAMETERS FOR THE 3D KERNEL DM+V/W ALGORITHM

N cell size σ0 γ rco
7000 0.1m 0.1 83 0.3m

These parameters were found using real data and are also
used in simulation, since they were giving good results.

The choice regarding the number of clusters was taken using
simulated data and is described in the next section.

C. Simulation Setup

Webots [31], a high-fidelity open-source simulator, was used
for the simulation experiments. An odor dispersion plugin [32]
was used to provide an acceptable simulation of the wind

and gas fields. A simulated Crazyflie equipped with a gas
sensor was also used in the simulation. For each strategy, 10
experiments were run, each lasting 4 minutes and 30 seconds.

The biggest drawback of the simulator is that it does not
take into account the effect of the wake of the propellers on the
gas dispersion. In our previous work in [13], we demonstrated
that the propeller to gas plume ratio of our setup allows
for good gas detection. For this reason, we decided to use
simulation to test our algorithms and draw some important
conclusions about our methods that would require a too high
volume of physical experiments otherwise. However, because
of the difficulties in perfectly modelling the stochastic gas
dispersion together with the wake effect, we always validate
our simulated data with real experiments.

D. Wind Tunnel Setup

The experiments were carried out in a wind tunnel of
volume 18x4x2 m3. Inside the tunnel, the wind speed can be
adjusted and is laminarized by a dedicated honeycomb filter.
The volume of the tunnel effectively used for experiments is
7x2x0.5 m3. Constraints on the volume are caused by the
limited flight time of the experiments. Given the size and
capabilities of the drone, this volume is comparable to the ones
previously used in literature for GDM. The wind speed is kept
at 0.7 m/s throughout all the experiments. Limitations in the
testing regime employed in this paper could yield different
results from experiments done in environments with higher
turbulence or different gas dispersion rates.

The gas used during the experiments is ethanol, released
by a stationary electric pumping device. The source release
rate is set to 0.5 L/min, and corresponds to a mix of air and
ethanol released by the pump. The environmental conditions
chosen for this work are the ones that provided the best sensing
results in the 3D GSL experiments presented in [13]. The
initial position of the robot is the same for all approaches
and corresponds to the right corner of the volume opposite
to the source. For each strategy, ten experiments were carried
out, each lasting 4 minutes and 30 seconds.

IV. RESULTS

This section presents and comments on the simulation and
experimental results.

A. Simulation Results

The simulation results are presented in Figure 2. The
lawnmower has remarkably consistent performance and out-
performs the three other strategies when the whole area is
considered to be one cluster, which is equivalent to saying
that no clusters are used. Additionally, in this configuration,
the Lévy flight outperforms the informative strategies.

When clusters are introduced, we can see that Lévy flight,
Entropy and KLD outperform the lawnmower and their perfor-
mance keeps improving the more clusters are used, plateauing
at 15 clusters. It seems that adding more clusters beyond 15
helps to decrease the variability of the results.

Table II shows that all runs perform well in terms of shape
coverage, which is explained by the good quality of the data
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Fig. 2. Simulation results for the lawnmower baseline and for the three
strategies with increasing number of clusters.

captured in simulation coupled with the effectiveness of the
interpolation carried out by the 3D Kernel DM+V/W algo-
rithm. The introduction of clusters improves the performance
by greatly impacting the coverage metric, without significantly
impacting the RMSE.

Based on the results from simulation, we decided to carry
out real experiments with 15 clusters. This is the best trade-off
between good performance in simulation, fast computation of
the optimal path between clusters with the DP algorithm, and
no excessive constraints on the navigation by having too small
clusters.

TABLE II
EVALUATION METRICS - AVERAGE OF 10 RUNS IN SIMULATION

Strategy RMSE C SC M
Lawnmower 0.0509 0.5150 0.8369 0.4090
Lévy flight 0.0591 0.5136 0.8124 0.3925

Entropy 0.0536 0.4196 0.8228 0.3973
KLD 0.0539 0.4761 0.8178 0.4347

Lévy flight + 15 Clusters 0.0565 0.7235 0.8128 0.5554
Entropy + 15 Clusters 0.0530 0.6618 0.7909 0.4966

KLD + 15 Clusters 0.0542 0.6923 0.7973 0.5220

TABLE III
EVALUATION METRICS - AVERAGE OF 10 RUNS IN THE REAL WORLD

Strategy RMSE C SC M
Lawnmower 0.0735 0.5471 0.5597 0.2837
Lévy flight 0.0749 0.4844 0.7595 0.3448

Entropy 0.0783 0.3777 0.6495 0.2263
KLD 0.0738 0.4924 0.6399 0.2932

Lévy flight + 15 Clusters 0.0624 0.7471 0.7775 0.5442
Entropy + 15 Clusters 0.0621 0.7550 0.7775 0.5505

KLD + 15 Clusters 0.0637 0.7346 0.7736 0.5322

B. Experimental Results

The results obtained with real experiments are presented in
Figure 3. The real experiments present a general trend similar
to the one outlined in simulation. The lawnmower outperforms
the entropy strategy when the whole volume is considered to
be one cluster. However, in real experiments, the KLD and

Fig. 3. Real experiment results for lawnmower and for the three strategies
with 1 and 15 clusters

Lévy flight strategies with one cluster perform similarly to the
lawnmower. More insights to understand this performance can
be gained by looking at Table III. Lawnmower, KLD and Lévy
flight with one cluster have similar average RMSE, and lawn-
mower provides better coverage of the volume. However, the
shape coverage is significantly worse for the lawnmower, not
only compared to KLD and Lévy flight with one cluster, but in
general. We can attribute this loss in performance to the effect
of the propellers, which can be isolated in this instance thanks
to the comparison to simulation, coupled with the movement
of the drone, which is continuous and perpendicular to the
plume. Other methods are more robust to this interference
because they can compensate for the loss of sensitivity due
to the propellers by not exclusively moving perpendicularly to
the plume. It is worth highlighting that having the lawnmower
move perpendicularly to the plume is consistent with the
usage of this path planning method in literature. Additionally,
KLD seems to outperform the entropy strategy on all metrics
when only one cluster is used. This suggests that, in real
experiments, the informative strategy based on KLD allows
the robot to explore well, while delivering good quality of
data.

Similarly to simulation, when clusters are introduced, an
overall increase of performance can be observed. The break-
down of the metrics in Table III highlights that the introduction
of clusters causes a consistent decrease in RMSE and increase
in coverage and shape coverage, emphasizing a consistent
improvement across all metrics due to increased exploration
of the map. No significant differences are found among the
performance of the three strategies coupled with clusters,
suggesting that, given the difficulty of sensing gas with an
NAV, adding a clustering method is what has the greatest
impact on enhancing the final result.

The best maps obtained for each strategy according to the
metric M, as well as the ground truth map, are displayed
in Figure 4. The black areas indicate the parts of the map
that were left unexplored. It can be clearly seen that the
approaches coupled with clustering produce the best maps.
Single cluster strategies also produce meaningful maps, but for
a smaller area. This suggests that, with a higher time budget,
the whole area would have been covered in a satisfactory way
and with a high quality final map. The map produced when
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Fig. 4. Examples of maps produced by the 3D Kernel DM+V/W algorithm in real experiments, coupled with different path planning strategies. The ground
truth map and the baseline are also depicted in the same scale. The source of the gas is marked with a red circle in each map. The dark blue areas indicate
unexplored zones whose grid cells never got updated, while areas with no gas appear in light blue. All values are normalized against the maximum and
minimum concentration values used for the 3D Kernel DM+V/W.

the robot follows the lawnmower movement clearly shows the
limitations of the baseline. In fact, the resulting map consists
of a sequence of stripes corresponding to the areas around the
path of the robot. The size of the stripes is limited by the
rco of the 3D Kernel DM+V/W algorithm. One could obtain
a smoother map by taking smaller steps in the X direction,
but this would prevent from covering the whole volume. This
map suggests that the lawnmower path does not scale well
with larger volumes and produces patchier maps compared to
other methods. Moreover, as suggested by the shape coverage
metric, the shape of the plume is not well identified and there
is less contrast between areas of gas and no gas compared to
other approaches.

Pseudocolor plots of the gas maps at the inlet height ob-
tained using the Lévy flight strategy with and without clusters,
as well as the corresponding ground truth map, are shown in
Figure 5. The cluster strategy allows for encompassing the
whole shape of the plume more accurately and highlighting
gaseous zones through the whole plane.

One interesting phenomenon can be observed in the maps
for all approaches in Figure 4: significant gas patches are
detected in the highest layer, in a stark contrast with the
ground truth data. This could be an artifact of the 3D Kernel
DM+V/W algorithm, coupled with the plume dispersion effect
generated by the NAV’s propellers. A similar phenomenon can
also be noticed in Figure 5, where the reconstructed maps have
slightly wider shapes compared to the ground truth. Further
studies should investigate this phenomenon, as it might be an
important aspect to factor in when producing 3D gas maps

Fig. 5. Pseudocolor plots of the gas maps obtained with Lévy flight with and
without clusters at z = 0.7 m, beside the corresponding ground truth map.

with the aid of a vehicle equipped with propellers.

V. CONCLUSIONS AND OUTLOOK

In this paper, we evaluate the use of IPP and random
walk strategies coupled with clustering to plan the 3D route
of an NAV, while the robot performs a gas mapping task.
The algorithm used to generate the gas map was the 3D
Kernel DM+V/W algorithm, a widely used approach in GDM
literature. The experimental evaluation was conducted with an
NAV flying for 4 minutes and 30 seconds inside a wind tunnel.



8 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED JANUARY, 2022

GDM using drones is affected by difficulties in sensing due
to the effect of the propellers on the plume, and by time con-
straints. Moreover, the stochastic nature of the phenomenon
can lead traditional IPP strategies to focus too much on
exploration of areas with high gas variability, while neglecting
a sizeable portion of the environment. The comparison with
simulation was able to highlight that the baseline lawnmower
approach is not able to grasp the shape of the plume as
well as other methods in physical experiments, because of the
coupling of the impact of the propellers during data detection
with its perpendicular movement to the plume. Strategies
based solely on entropy and KLD, as well as the usage of
Lévy flight, were able to provide high quality maps of a
rather small area, since they do not favour exploration enough
to achieve satisfying coverage under strict time constraints.
Adding a clustering strategy delivers a reasonably accurate
3D map of a sizable environment compared to the size of the
vehicle by greatly enhancing the exploration component of the
gas mapping mission and increasing the quality of the gathered
data.

Future work will focus on further improving the clustering
strategies. Moreover, multi-robot strategies should be explored
in order to improve coverage of all algorithms. Finally, these
approaches could be employed in the development of a strat-
egy that simultaneously localizes and maps the source.
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