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Micro-Drone for Wind Vector Estimation and Gas
Distribution Mapping
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Abstract—This paper presents the development and validation
of an autonomous gas-sensitive micro-drone, which is capable of
estimating the wind vector in real time using only the on-board
control unit of the micro-drone and performing gas distribution
mapping. Two different sampling approaches are suggested in
order to address this problem. On one hand, a predefined
trajectory is used to explore the target area with the microdrone in a real-world gas distribution mapping experiment. As an
alternative sampling approach we introduce an adaptive strategy,
which suggests next sampling points based on an Artificial
Potential Field (APF). Initial results in real-world experiments
demonstrate the capability of the proposed adaptive sampling
strategy for gas distribution mapping and its use for gas source
localization.
Index Terms—anemometric sensor, autonomous Micro UAV,
chemical sensing, gas distribution modeling, gas source localization, gas sensors, mobile sensing system, quadrocopter, sensor
planning, artificial potential field.

I. I NTRODUCTION
At present, the release of hazardous and greenhouse gases is
an acute threat and mainly responsible for extensive problems,
both global (ozone hole and global warming) and local (pollution, poisoning hazards caused by accidents). Gases may be
released in many different ways for various reasons: as exhaust
gases from traffic or industry, as flue gases from fires, or as
a consequence of incidents with chemicals. A fundamental
requirement for emission control of, e.g., geodynamically
active regions, waste disposals, landfills, Carbon Capture &
Storage areas (CCS), industrial sites, and contaminated areas
is the availability of measurements of relevant gas concentrations in the area of interest with high spatial and temporal
resolution. In order to obtain a truthful representation of the
gas distribution, it is essential to collect spatially distributed
concentration and wind measurements. For economical and
deployment-related reasons, a stationary sensor network is
in many cases not a viable solution. Accordingly, a quickly
deployable, mobile measurement device is needed.
Micro Unmanned Aerial Vehicles (MUAVs), especially
quadrocopters, are suitable for gas distribution mapping as
they can be controlled precisely and equipped with a variety
of sensors. Furthermore, quadrocopers have the ability to
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hover over a certain position, which allows more informative
gas concentration measurements with slowly responding and
recovering chemical sensors in comparison to, e.g., a plane.
Blimps, on the other hand, have a worse size-to-payload ratio
and are more affected by the wind.
In this paper we first describe a gas-sensitive micro-drone
and present an approach to estimate the wind vector (wind
speed and direction) without a dedicated anemometer. Next,
we exemplify how to address environmental monitoring tasks
with the micro-drone and compare two sampling approaches to
model gas distribution: sampling along a predefined sweeping
trajectory and a recently developed adaptive approach where
the next sampling location is selected based on the continuously updated gas distribution model. Finally, we present realworld experiments and observe that the predictive variance
model often provides a more accurate estimation of the gas
source location than the modeled concentration mean.
In the remainder of this paper, we first describe the related work (Sec. II) and propose a gas-sensitive micro-drone
(Sec. III). Then, we introduce and validate a wind vector
estimation approach that uses the existing on-board sensors of
the micro-drone only (Sec. IV). In Sec. V we summarize the
gas distribution mapping algorithm used in this paper. Finally,
we present and evaluate two different sampling strategies
to model the gas distribution with the micro-drone using
predefined trajectories and adaptive sampling (Sec. VI and VII,
respectively), draw conclusions and identify directions for
future work (Sec. VIII).
II. R ELATED W ORK
Statistical Gas Distribution Modeling - Probably the
most straightforward statistical gas distribution modeling approaches use a grid of stationary sensors and discretize the
model at the same resolution. In [1], each grid point is assigned
with the average measurement, and in [2], instead, with the
maximum value over the sampling period.
An alternative to a network of stationary sensors is to use
a single mobile sensor that consecutively collects samples at
predefined locations. Under the assumption of a stationary gas
distribution, consecutive sampling is theoretically equivalent
to simultaneous distributed measurements. Pyk et al. [3] interpolate the sensor measurements at locations other than the
measurement using bi-cubic or triangle-based cubic filtering,
depending on whether the measurement locations formed an
equidistant grid or not. A disadvantage of this method is
that no spatial averaging is carried out and that fluctuations
therefore appear directly in the map. Hayes et al. [4] use a
group of mobile sensors to create a histogram representation of
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the distribution. The histogram bins collect the number of odor
hits (these are measurements above some threshold) received
by all sensors in the corresponding area while they performed
a random walk behavior. This method requires even coverage
of the environment and discards potentially useful information
by using only binary information.
The Kernel extrapolation Distribution Mapping (Kernel
DM) algorithm introduced by Lilienthal and Duckett discretizes the available space into grid cells and computes an
estimate of the distribution mean for each cell by using a
symmetric Gaussian kernel [5]. The Gaussian kernel weighs
the importance of each sample to estimate gas distribution
at each grid cell based on its distance from the respective
measurement point. Kernel DM does not rely on even coverage
of the environment. Lilienthal et al. [6] extended this approach
in the Kernel DM+V algorithm, which estimates the local
variance in addition to the mean of the gas distribution model.
In this paper, we use a micro-drone equipped with a
gas sensor and capable of measuring the local wind vector.
To estimate the gas distribution model, we use the Kernel
DM+V/W algorithm [7], which is an extension of Kernel
DM+V that also considers wind information to compute the
gas distribution model. The algorithm is described in more
detail in Section V.
Sensor Planning - Having a limited number of sensors,
time, and power to monitor spatial phenomena, it is critical
to plan sampling locations that provide most informative
samples to build an accurate model of the environment. Several
publications on spatial monitoring address this problem. The
selection of sampling points is typically based on different
criteria such as the expected accuracy of estimated measurements and resource constraints, e.g., mobility, time, power, and
wireless communication.
To monitor spatial phenomena with a sensor network,
Krause et al. [8] apply Gaussian Process (GPs) and use
Mutual Information (MI) between explored and unexplored
areas to optimize sensor placements. Based on temperature
and precipitation data sets, Krause et al. show that maximizing
the MI between explored and unexplored areas performs better
(in terms of prediction accuracy) than entropy or geometrical
criteria.
To explore the area with one mobile sensor, where prior
information about distribution and environment is not available, one straightforward solution is to sample in predefined
locations. We have applied this sampling method for gas
distribution mapping in an experiment in the geochemically
active Tuscany Region. The results are presented in Sec. VI.
To consider resource constraints, an alternative to predefined
sampling strategies is to adaptively select sampling locations
using information about sampling locations and measurement
values. Most of the previous work on informative path planning has either dealt with nonadaptive approximation algorithms [9], that plan and commit to the paths before any
observations are made, or with adaptive (often myopic, i.e.,
limited look-ahead) heuristics, that update and replan as new
information is collected [10]. Partially Observable Markov
Decision Processes (POMDPs) have been used to perform
adaptive path planning in complex environments [11]. Singh
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et al. [12] extend a non-myopic approach to perform adaptive
informative path planning by addressing a tradeoff between
exploration and exploitation.
In this paper, we introduce an adaptive sampling method
with path planning for a gas-sensitive micro-drone which
accomplishes a tradeoff between exploration and exploitation
by using an Artificial Potential Field (APF) approach. The
proposed APF approach combines three criteria to select the
next sampling locations: maximizing the coverage area by
using information about previous sampling locations, targeting
areas with high predictive mean and high predictive variance
in current statistical gas distribution model.
Artificial Potential Fields in Mobile Robotics - APF
methods are used in a number of robotic applications including
local navigation and obstacle avoidance. APF approaches have
also been used for the spatial formation of a set of sensors,
spatial monitoring, and coverage problems.
In [13], an APF approach is used to deploy a decentralized
mobile sensor network in an unknown environment. Each
sensor is repelled from obstacles and other sensors and a
viscous force is applied on the sensor to reach an equilibrium
state. The spatial configuration of sensors is affected by
changes in the environment (e.g., movement of obstacles) that
can shift the equilibrium state.
To direct sampling locations, we use an APF which combines the repulsive and attractive forces on a single mobile
sensor; the attractive term directs sensor towards areas with
high values of predictive mean and variance and repulsive
term applies a repulsion force to previous sampling locations.
Samples are collected consecutively and APF changes at each
iteration based on the measurement values and locations,
therefore, there is no unique equilibrium state to which the
mobile sensor tends to achieve in contrast to the method
introduced in [13]. For simplicity, we assume that there is
no obstacle in the environment.
Environmental Monitoring using Gas-sensitive UAVs
Previous work on environmental monitoring using gassensitive Unmanned Air Vehicles (UAVs) addressed the problems of measuring the spatial distribution of chemical plumes
and searching for the emission source.
Kovacina et al. [14] developed a rule-based, decentralized
control algorithm that relies on constrained randomized behavior. The algorithm respects UAV restrictions on sensors,
computation, and flight envelope and was validated in a simple
simulation environment with an UAV swarm searching for and
mapping a chemical cloud within a region.
The use of a blimp based gas-sensitive UAV for demining
tasks including chemical mapping strategies based on a behavioral and a neuronal model of the moth is investigated by
Bermúdez i Badia et al. [15]. The chemical mapping strategies
were tested in simulations and real world experiments.
Bamberger et al. [16] developed a Stigmergic Potential Field
(SPF) based approach to coordinate movement, transient acts,
and task allocation among cooperating UAVs. Experiments
were performed with a single UAV, which was deployed
to a simulated plume (using simulated sensors). The UAV
conducted an autonomous search of the designated area and
characterized the spatial extent of the plume successfully.
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An expert system for contaminant mapping based on a
genetic algorithm with physical reasoning using the wind
vector, online concentration measurements, and estimates of
the source location to perform path planning for UAVs is
presented by Kuroki et al. [17]. The method was tested in
simulations using the Gaussian plume / puff model.
In the project AirShield (Airborne Remote Sensing for
Hazard Inspection by Network Enabled Lightweight Drones)
an autonomous swarm of MUAVs was developed to support
emergency units and improve the information basis about disasters. Within this project, two steering strategies of a swarm
of MUAVs to efficiently cover a region of interest in order
to achieve a spatial 3D coverage for aerial plume detection
were compared: the Self-repelling Random Walk (SRW) and
the Cooperative-repelling Random Walk (CRW) [18]. These
steering strategies were evaluated in simulations with respect
to the 3D coverage.
Our developed APF approach is also a self-repelling strategy. However, a 2D version of the SRW presented in [18]
is not considered within this work as it does not incorporate
sensor data.
Real-world experiments with MUAVs in outdoor environments are rarely available in the literature, especially in the
area of gas source localization and gas distribution mapping.
Almost all of the related work is validated in simulated
experiments only. However, a gas dispersal simulation does
not capture all relevant real world effects and it is therefore
unclear how the obtained results extend to realistic environments. A key contribution of this paper is that several realworld experiments were performed in uncontrolled outdoor
environments.
Wind Vector Estimation using MUAVs - Kroonenberg et
al. present in [19] the adaption of a pitot tube for winged small
size UAVs. A pitot tube is the state-of-the-art flight speed
determination method for aircrafts. But for a quadrocopter,
a pitot tube is hardly applicable because of the inconsistent
flight direction and low flight speeds (≤ 12ms−1 ). Furthermore additional hardware would be needed to compensate the
micro-drone’s inclination angle and turn the pitot tube nearly
in flight direction. This extra weight would reduce the available
payload and the flight time of the micro-drone drastically.
There are other methods which consider wind information in
the control of MUAVs. In [20], a mathematical model is used
to estimate the aerodynamic and speed stability of a microdrone using real-time measurements.
Instead, we present an approach to estimate the wind vector
based on the on-board sensors of the micro-drone, which
makes additional anemometric sensors superfluous.
III. G AS -S ENSITIVE M ICRO -D RONE
The Federal Institute for Materials Research and Testing
(BAM), in cooperation with Airrobot GmbH, has developed
a mobile and flexible aerial-based measurement system as
part of an R&D project funded by the Federal Ministry of
Economics and Technology (BMWi) [21]. One result of the
project is a gas-sensitive sensor module (approx. 200g) for the
Airrobot AR100-B micro-drone (Fig. 1).
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(a)

(b)
Fig. 1. (a) The Airrobot AR100-B micro-drone and (b) the gas-sensitive
payload.

A. Robotic Platform
The Airrobot AR100-B micro-drone (in this article mostly
referred to as micro-drone) has a diameter of 1m and is
driven by four brushless electric motors. The micro-drone can
precisely navigate to a certain region of interest for remote
sensing without endangering persons in critical areas. The
maximum payload mass amounts to 200g with a total flight
mass of about 1.3kg. The maximum flight time is about 20
- 30min. The micro-drone can withstand a maximum wind
speed of 8ms−1 . The flight control relies on an on-board
Inertial Measurement Unit (IMU), which also provides the
basis for the wind vector estimation presented in Sec. IV. It
consists of a three axis accelerometer and a three axis rotation
rate sensor. Magnetic field sensor (compass) and GPS improve
the accuracy of the IMU, and are used to compensate for the
sensor drift. A barometric pressure sensor is used to control the
altitude of the micro-drone. Communication with the ground
station is established by a wireless radio link. Data packets can
include control instructions or data coming from the microdrone’s on-board sensors. The operating distance of the remote
control and communication link is 1km. The micro-drone can
be operated manually or in GPS mode, e.g., by autonomous
waypoint following.
B. Integration of Gas Sensors
A commercially available gas detector (Dräger X-am 5600),
which is originally designed as a handheld device for personal
safety, is the base unit of the gas-sensitive payload. It features
low mass and compact design. The modular concept allows
application and ad hoc exchange of the four gas sensors, which
enables users to customize the device for specific scenarios.
The Dräger gas detector can measure many combustible gases
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and vapors with a catalytic sensor as well as different (toxic)
gases with electrochemical and infrared sensors.
An additional electronic board with the dimension of an AA
battery controls the communication between the gas detector
and the micro-drone via an integrated microcontroller and
appropriate device interfaces (IrDA, RS232, and I2 C). A temperature and humidity sensor (SHT15, Sensirion AG, Swiss)
was also integrated as both factors may affect the measurement
data (however, no compensation for varying temperature or
humidity was applied in the experiments presented in this
work). The casing of the gas detector is protected against water
and dust and therefore capable of working outdoors.
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Fig. 2.
Comparison of the gas transport approaches: Measured CO2
concentration at stable environmental conditions with micro-drone in flight.

C. Gas Transport to the Sensors
Gas transport to the sensors is a critical process due to the
induced disturbance by the rotors of the micro-drone, which
basically dilutes and disperses the surrounded gas-air mixture.
This could be problematic for scenarios where punctual gas
sources are present or the gas sensors work at the lower
limit of detection. We showed in [21], that measurements of
gas concentrations in a large volume is feasible for the gassensitive micro-drone.
To improve the measurement capabilities for small plumes,
three different design approaches that lead to less diluted gasair mixture at the gas sensors were implemented and analyzed
with respect to their functional performance: the passive, semiactive, and active gas transport approach. When applying the
passive gas transport approach, no artificial airflow is used to
bring the gas to the sensors. When applying the semi-active gas
transport approach, the gas-air mixture is conveyed through a
carbon fiber tube using the suction effect of one rotor. The
tube of the active gas transport approach protrudes from the
radius of the micro-drone by nearly 0.3m. Here, an axial fan
was mounted inside the tube to draw in the gas-air mixture.
Sensor response and decay can be sped up to some degree
by an artificially generated airflow to achieve faster and
more accurate gas concentration measurements with shorter
residence time of the micro-drone as shown in [22].
Experimental Setup - Reproducible environmental conditions
are needed in order to compare the different gas transport
approaches. We used a gas source with a constant release rate
and stable airflow conditions. An experimental setup to create
such a controlled environment was build up at BAM. A CO2
gas bottle was used as the emission source. A fan generated
the stable airflow conditions and dispersed the gas additionally.
A defined measuring position was chosen for all experiments
approx. 1m downwind from the fan in the height of the gas
flow. A second Dräger X-am 5600 gas detector was used as
reference system to provide reference measurements. In these
experiments we used a CO2 infrared sensor [22].
One experiment for each gas transport approach was performed. At the beginning of each trial, the gas concentration
was adjusted so that the reference sensor measured a stable value of 0.5% by volume. Afterwards, the micro-drone
equipped with the gas-sensitive payload and one of the three
gas transport mechanisms was flown to the measuring point
to perform CO2 measurements in flight for approx. 100s.

Fig. 3. Micro-drone flying below a visualized plume in a wind tunnel at a
flow speed of 2ms−1 .

Results - The results of the experiments are shown in Fig. 2.
Clear differences can be seen between the different gas transport approaches. In contrast to measurements in a large volume
of the same gas concentration, none of the approaches is
capable to measure the reference gas concentration of 0.5%
by volume. The highest measured concentrations (peaks) lay
around 0.32 (passive), 0.30 (semi-active), and 0.39 (active)
% by volume, which is 64, 60, and 78% of the reference
measurements. The averaged measurement results, after the
sensor responded were 0.18±0.02 (passive), 0.26±0.01 (semiactive), and 0.33 ± 0.02 (active) % by volume, which is 36,
52, and 66% of the reference measurements.
The reason for the generally lower measurements compared
to the reference sensor is the rotor movement of the microdrone. The active gas transport method can avoid this dilution
effect best with the long carbon fiber tube. The disadvantages
of this method are, however, the additional weight (approx.
76g), the position of the tube inlet, which strongly dictates
the measurement results as well as the enlarged drone size
that is exposed to wind. A tradeoff between the applicability
and sensitivity is given by the semi-active payload (approx.
26g). Using the semi-active gas transport it turns out that flying
rather below the plume is advantageous. In Fig. 3 it can be
seen that the plume in front of the micro-drone is still intact,
while the rotors redirect the plume completely downwards.
The semi-active gas transport approach was used in the
real-world experiments as it offers high applicability and
reasonable sensitivity.
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Fig. 4. The wind triangle defined by the flight vector ~v , the ground vector
w,
~ and the wind vector ~
u.

IV. E STIMATION OF THE W IND V ECTOR
The local wind vector is important for many existing gas
dispersion models [23] to characterize the dispersion properties of the plume, as well as for gas source localization,
plume tracking [24] and for gas distribution modeling (Sec. V).
Wind measurements are furthermore important since high
wind speeds and strong wind gusts in the target area may
also limit the use of the micro-drone presented in Sec. III-A,
which can only resist wind speeds of up to 8ms−1 .
The response of many gas sensors is caused by direct
interaction with the chemical compound and thus represents
only a small area around the sensor surface. Additionally, a
single gas sensor does not provide directional information. In
order to mitigate these limitations, directional information in
form of the wind vector is useful. Consequentially, the onboard measurement of the wind vector in real-time is crucial.
In the following section a new approach introduced in Neumann et al. [21] is described and validated, which estimates
the wind vector based on the existing measurement data of the
micro-drone’s on-board sensors (IMU). This approach makes
additional anemometric sensors superfluous and is, to the best
of the authors’ knowledge, unique.
A. Theory
The wind vector estimation presented in this section is based
on the wind triangle (Fig. 4). The wind triangle is commonly
used in navigation and describes the relationship between the
flight vector ~v , the ground vector w,
~ and the wind vector ~u.
Here, we can consider the 2D case since the knowledge of
the gravity vector is available. Two of the three vectors or
four of the six parameters of the wind triangle (flight speed
|~v |, ground speed |w|,
~ wind speed |~u|, drift angle α, and the
angles β and γ) are needed in order to derive the remaining
parameters. However, only the ground vector is directly given
by the GPS receiver of the micro-drone.
We estimate the flight vector ~v based on the roll and pitch
angle of the micro-drone as well as on the orientation of
the system with respect to the magnetic north pole using a
compass. The micro-drone’s IMU provides the corresponding
angles φ (roll) and θ (pitch). Fig. 5 shows the local coordinate
system of the micro-drone.




0
cos θ

0
~eroll =  cos φ  , ~epitch = 
(1)
sin φ
− sin θ

Fig. 5. Micro-drone with local coordinate system. The viewing direction
of the micro-drone is considered as the inverse normal vector −~
nY Z =
(−1, 0, 0).

The inclination angle of the micro-drone ψ is calculated
from the cross product of the rotated unit vectors from Eq. 1
and the normal vector ~nXY = (0, 0, 1) from the XY -plane
parallel to the ground (Fig. 5) using Eq. 2. Finally, the angle ψ
can be used to calculate the flight speed. The relation between
ψ and the flight speed |~v | was determined experimentally (see
Sec. IV-B).


~nXY · (~epitch × ~eroll )
ψ = cos−1
(2)
|~nXY | · |~epitch × ~eroll |
To calculate the flight direction vdir , we first need to
compute the angle λ between the viewing direction of the
micro-drone, considered as inverse normal vector −~nY Z =
(−1, 0, 0), and the projection of the vector ~epitch × ~eroll onto
the XY -plane using Eq. 3. To decide whether the vector
~epitch × ~eroll is located on the left or right of the micro-drone
with respect to the viewing direction, Eq. 4 can be solved. This
distinction is required as the result of Eq. 3 will be within
the interval [0, 180]◦ . The flight direction vdir is calculated
by using the angle λ and the compass angle of the viewing
direction of the micro-drone δcompass .


~nXZ · (~epitch × ~eroll )XY
λ = cos−1
(3)
|~nXZ | · |(~epitch × ~eroll )XY |


< 0 , if ~epitch × ~eroll is left
~nXZ · (~epitch × ~eroll )XY = > 0 , if ~epitch × ~eroll is right


= 0 , otherwise
(4)
The flight direction vdir is calculated using the angle λ and
the compass angle of the viewing direction of the micro-drone
δcompass .

vdir

(
(360◦ − λ + δcompass ) mod 360◦ , if Eq. 4 < 0
=
(λ + δcompass ) mod 360◦ , otherwise

(5)
Finally, the wind vector ~u is calculated with the estimated
flight vector ~v and the measured ground vector w
~ using the
wind triangle (Fig. 4) and the law of cosines. The drift angle
α is the result from the difference of wdir and vdir .
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|~u| =

p

|~v |2 + |w|
~ 2 − 2|~v | · |w|
~ · cos α

β = cos−1



|~v |2 − |w|
~ 2 − |~u|2
−2|w|
~ · |~u|

6

(6)



udir = (wdir + 180◦ ± β) mod 360◦

(7)
(8)

Eq. 6, 7, and 8 are used to get the wind speed |~u| and
direction udir for 0 < α < 180◦ . The cases α = 0◦
and 180◦ , respectively, have to be considered separately.
The sense of rotation of β in Eq. 8 depends on the flight
direction vdir , i.e., if the flight direction is within the interval
[wdir +180◦ , wdir ] mod 360◦ , then rotation is clockwise (+β)
otherwise anticlockwise (−β).

(a)

B. Experimental Study
Setup - The experiments took place in a Göttingen-type wind
tunnel [25] (TU Dresden, Germany). The tunnel has a flow
diameter of about 3m and an almost 4.5m long test section,
which provided sufficient space for the experiments. The speed
of the airflow in the wind tunnel can be set precisely with a
relative error less than < 1%. The reference was measured
using pressure sensors in the prechamber and in the free jet
of the wind tunnel. Finally, the Bernoulli law [25] was used
to calculate the flow speed v in the wind tunnel.
Different series of measurements were performed in the
wind tunnel in different radial orientations of the micro-drone
and with different payload configurations. The wind tunnel
was adjusted to speeds from 1.0 up to 8.0ms−1 with an
increment step of 0.5ms−1 . For each step, data were collected
from the micro-drone’s IMU for about 60s.
Results - Fig. 6(a) shows the results from the wind tunnel
experiments. A relationship between the inclination angle ψ
and the flight speed |~v | based on different series of measurements has been achieved. A quadratic function was derived
by interpolation using the method of least squares (Fig. 6(b)),
which can be used to directly calculate the flight speed |~v |
from the inclination angle.
Further results show that different radial orientations and
payload configurations of the micro-drone (Fig. 6(a)) do not
introduce substantial differences and can thus be summarized
in a single interpolation function. In all cases the RMSE is
≤ ±0.74◦ resulting in an average RMSE of 0.56◦ ± 0.23◦ .
The RMSE for calculating the wind speed is 0, 10ms−1 .
C. Validation Experiments
Setup - The validation experiments took place on an open area
at the Örebro University (Sweden). An ultrasonic anemometer
(Young 81000, R. M. Young Company, USA) was positioned
in a height of approx. 2m. It has an operating range from
0 up to 40ms−1 with a resolution of 0.01ms−1 (0.1◦ ) and
an accuracy of ±1% (±2◦ ). Therefore, it provides a highly
precise reference to the wind vector estimation using the
micro-drone.
The experiment started while the micro-drone was manually
positioned in a distance of 2 - 5m to the anemometer in

(b)
Fig. 6.
Inclination angle ψ at different flow speeds v: (a) comparison
of different radial orientations of the micro-drone with standard payload
container (approx. 200g) and without payload and (b) the reference function
determined using the available measurement data. The error bars indicate the
standard deviation ±σ.

a height of 2m. The position was chosen based on the
actual wind data in a way that the generated airflow of the
micro-drone’s rotors should not influence the anemometer.
Measurements with the IMU, GPS, and anemometer were
recorded at a frequency of 24Hz, 4Hz and 1Hz, respectively,
for about 20min. The position was controlled automatically
using only the on-board GPS of the micro-drone.
For the evaluation of these results we have to make the
assumption that the wind vector measured at the anemometer
and the micro-drone are comparable, i.e., that the wind field
does not change drastically over the distance between the
reference measurement with the anemometer and the position
of the micro-drone.
Results - A qualitatively and quantitatively good match between the wind speed and direction measured with the microdrone and the wind speed and direction measured with the
anemometer was observed, see Fig. 7(a) and 7(b), respectively.
Exceptions in form of small variations can be seen, e.g.,
between 150 and 200s, and 1100 and 1150s. Reasons for these
variations can be inaccuracies of the GPS receiver or a problem
with the position holding system of the micro-drone (e.g.,
oversteering). Regarding the reference, the calculated RMSE
for the wind speed is ±0.6ms−1 (moving average of 20s),
and ±14◦ (moving average of 20s) for the wind direction
using directional statistics [26]. Here, the uncertainties are
most likely introduced by the assumption of a homogeneous
wind field, the imprecise synchronization of measured GPS
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(a)
Fig. 7.
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(b)

Validation of the (a) wind speed estimation and (b) the wind direction estimation.

and IMU data and a given packet loss of the data transmission
in the downlink of the micro-drone.
The results presented in this section are promising. In this
form, the wind vector estimation is of great importance and
represents a major improvement over existing systems (e.g.,
pitot tube) for a quadrocopter. No additional pitot tube or
anemometric sensor has to be mounted in order to obtain the
wind vector and valuable payload capacity is saved for other
sensors. Based on the fact that the micro-drone already runs a
Kalman filter to obtain less noisy data from the IMU and GPS
receiver, averaging the calculated wind data over the last 20s
seems to be sufficient in order to obtain a good estimation of
the wind vector.

V. S TATISTICAL G AS D ISTRIBUTION M ODELING (GDM)
For gas distribution modeling with the gas-sensitive microdrone we use the Kernel DM+V/W algorithm introduced
by Reggente and Lilienthal [7]. The input to this algorithm
is a set D = {(x1 , r1 , v1 ), . . . , (xn , rn , vn )} of gas sensor
measurements ri and airflow measurements vi collected at
locations xi . The output is a grid model that computes an
estimate of a confidence, as well as the distribution mean
and variance for each cell. The confidence estimate depends
on the scaling parameter σΩ and indicates whether a large
number of measurements is available in the close vicinity of
the respective cell (confidence close to 1) or not (confidence
close to 0). We use the 2D version of the Kernel DM+V/W
algorithm to avoid the higher computational complexity of the
3D Kernel DM+V/W algorithm [27] and because the limited
battery capacity of the micro-drone does not permit a full 3D
search. In the experiments, the micro-drone was kept at an
approx. constant height in a single 2D plane.
The Kernel DM+V/W algorithm models the information
content of each measurement with a two-dimensional, multivariate Gaussian kernel N . The shape and orientation of this
kernel depends on the local airflow vector v and on two metaparameters σ and γ. If no wind is measured (or if no wind
information is available), the Gaussian kernel has a circular
shape that extends according to a spatial scale σ. In case of
a non-zero wind measurement the kernel takes the shape of
an elongated ellipse with the semi-major axis rotated in wind
direction and stretched according to the strength of the wind
and the wind scale γ.

Fig. 8.

Pre-programmed flight trajectory of the micro-drone.

VI. GDM WITH P REDEFINED T RAJECTORY
Experimental Setup - Real-world gas distribution mapping
experiments were conducted in the geochemically active Tuscany Region close to Mount Amiata. A sweeping trajectory of
the micro-drone over an area of 5×20m2 in the riverbed of the
Ambra river in Italy was pre-programmed and uploaded to the
micro-drone before the experiments. The step size of the measurement points was set to 2.5m in x and 4.0m in y direction.
The trajectory is shown in Fig. 8. Four runs were performed
in which the gas measuring device was equipped with a CO2
sensor. Measurements were recorded at a frequency of 1Hz.
The red dots in Fig. 8 show the positions where the microdrone stopped to take gas concentration measurements for
20s, which corresponds roughly to the response times of the
sensors used. The position was controlled using the on-board
GPS of the micro-drone. The flight speed of the micro-drone
between the stops was set to 1ms−1 . Because of the low
flight height of about 0.5m, the height of the micro-drone
was corrected manually during the experiments. Take-off and
landing were also performed manually. Each run took about
10min to complete. A naturally bubbling CO2 area source
with a size of approx. 3.0 × 3.0m2 was within the upper onethird of the experimental area with the center located approx.
around x = 4.5m and y = 20.0m.
Results - Four sets of maps were created using the Kernel
DM+V/W algorithm with γ heuristically set to 0.2s, a cell
size of 0.25m and a kernel width σ of 1.0m. The wind
speed measured by the micro-drone was rather low during
the experiments (around 0 − 2ms−1 ). The predictive mean
maps resulting from the four runs are shown in Fig. 9. In the
first trial (Fig. 9(a)) the position of the maximum in the map
corresponds approx. to the position of the emission source in
the map. Figs. 9(b), (c) and (d) show results of the subsequent
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Fig. 9. Mean map of the gas distribution of the (a) 1st, (b) 2nd trial, (c)
3rd and (d) 4th trial. The center of the area source is denoted by a ⊗. The
concentration value of CO2 is given in % by volume.

trials where the maximum of the predictive mean appears
approx. in the middle of each map. Since the time between
the experiments was only 5min, a likely explanation is that
the first run has caused an alteration in the gas distribution
due to the effect of the rotors of the micro-drone, which act
like a mixer that destroys the original gas dispersion pattern.
This finding is supported by the observation that the maximum
concentration decreased steadily over the four trials. Further
experiments were performed in other parts of the Tuscany
Region with similar results.
VII. GDM WITH A DAPTIVE S AMPLING
Using sweeping trajectories to build detailed gas distribution maps over large areas is time consuming. However, the
batteries of the micro-drone (equipped with payload) only
provide power for approx. 20min. With the micro-drone
taking samples for 20s at each measurement position, the
battery restricts the drone to a total of ≤ 60 measurement
positions while a minimum of 100 measurement positions is
needed to cover an area of 5 × 20m2 with a resolution 1m,
for example.
Basic Sensor Planning Approach - To arrive at a truthful
gas distribution model more quickly, we present an adaptive
sampling strategy based on the sensor planning approach
in [28]. The basic sensor planning algorithm in [28] uses
information about the target area, previous sampling locations,
and the current statistical gas distribution model and combines
several objectives in an APF approach. In particular, three
objectives are used that direct the sensor towards areas of
(1) high predictive mean, (2) high predictive variance, while
maximizing the coverage area (3). The first two objectives implement exploitation of the information in the gas distribution
model. They are realized with an attractive potential generated
by charges placed in each grid cell center. The strength of
these charges is given by the corresponding predictive mean
(k)
and variance. Accordingly, two APF contributions AP FM
(k)
and AP FV are computed for each cell k. The third objective that corresponds to exploration is implemented by a
repulsive potential generated by placing charges at all previous
measurement locations, resulting in a third APF contribution
(k)
AP FC . In the current implementation, we assign the same
repulsive force to all previous measurements. Finally, the APF
contributions are additively combined with importance factors
βM , βV , and βC for each objective.
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Ultimately, a total of nsp suggested measurement points
are identified by selecting in each iteration the location at
which the total APF takes its maximum and updating the APF
by temporarily placing an additional measurement charge at
the selected location. Theoretically it could happen that the
attractive forces towards an increased mean and an increased
variance in the opposite direction cancel themselves out. In
practice, it is unlikely that the attractive forces are completely
balanced at the position of the sensor. Even if they would be,
the sensor would be directed towards one of the directions and
in the next step the symmetry would be broken.
In the proposed approach, we do not use any form of
gradient descent to navigate; therefore, the micro-drone does
not get trapped in a local minima as in common potential
field approaches to local obstacle avoidance. In addition, there
are repulsive terms in our approach at all previous sampling
locations and these terms help to escape local minima.
Locality Constraint Sampling Strategy - The previously
described sensor planning approach distributes its suggestions
over the target area without any spatial order. Moving the
mobile gas sensor directly to these locations tends to create
a seesaw movement, which empties the batteries sooner,
resulting in fewer measurements. Therefore, we add a locality
constraint by selecting out of the nsp suggestions from the
basic sensor planning approach, the most often suggested
close-by measurement location. This is implemented by a
matrix S that has the same discretization as the gas distribution
model. For each grid cell k, S (k) counts how often the cell was
suggested since it was actually visited the last time. The next
measurement point is ultimately selected as the one with the
highest ratio S (k) /d(k) , where d(k) is the distance between the
current position of the sensor and grid cell k. Thus, a location
far away from the current position will only be selected if it
was suggested frequently. In the current implementation, we
increase not only the counter for a suggested cell but also the
counter of neighboring cells within a radius of 0.5m. A radius
of 0.5m corresponds to the area directly below the micro-drone
(the diameter of the micro-drone is 1m).
Path Planning Algorithm for the Micro-Drone - The initial
measurement location is chosen randomly in the target area.
Then the following steps are iteratively performed:
- collect gas sensor and wind measurements while keeping the
micro-drone at a fixed position for a prolonged time;
- average the wind measurements over the measurement time;
- compute the gas distribution model using Kernel DM+V/W
(see Sec. V) – the input to the algorithm are the positions, gas
sensor readings and averaged wind measurements;
- derive an estimate of the source location from the predictive
gas distribution map (detailed below),
- determine the nsp suggested sampling locations with the APF
based sensor planning component (Sec. VII),
- update the matrix S and select a sampling location that
maximizes the ratio S (k) /d(k) ;
- fly the micro-drone autonomously to the selected sampling
location and continue with the first step. (Measurements in
between two sampling locations are not used to decrease the
influence of a memory effect in the sensor response due to the
slow sensor recovery.)
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The algorithm terminates either if the battery runs out or the
confidence map α(k) is above a defined threshold for each cell.
Experimental Setup - All experiments were carried out in
an 8 × 12m2 outdoor area with the micro-drone equipped
with electrochemical CO sensors. Gas concentration and wind
measurements were recorded with a frequency of 1Hz. The
measurement time was set to 20s. Next, the wind vector
was averaged over all the measurements collected at the
measurement point. Each gas sensor measurement was then
included into the gas distribution model as if it was acquired
together with a measurement of the average wind vector, i.e.,
the average wind vector was used for all individual gas sensor
measurements acquired at the measurement position.
The parameters of the Kernel DM+V/W algorithm were
heuristically set to c = 0.15m (grid cell size), σ = 0.40m
(kernel width), σΩ = N (0, σ = 0.4) ≈ 1.0, and γ = 0.2s, and
equal importance factors for the APF contributions. The flight
speed of the micro-drone between the measurement positions
was set to 1ms−1 . Because of the low flight height of about
1m, the height of the micro-drone was corrected manually
during the experiments. Each run took around 14 - 19 minutes
to complete depending on the battery consumption of the
micro-drone. A barbecue filled with burning coal and fresh,
damp wood was used as a pollution source and was placed
approx. in the middle of the experimental area (at approx.
(6.3, 3.8)m from the bottom left corner). The micro-drone was
set to autonomous waypoint mode directly after take-off.
Results - The results presented in Fig. 10, 11(a), and 11(b)
demonstrate the suitability of the proposed algorithm for gas
distribution mapping and its use for gas source localization.
A total number of 16 runs were performed within this experiment. Fig. 10 shows for all 16 runs the distance between
the true gas source location and six different estimates after
the last measurement. The first three estimates are derived by
selecting grid cells in which the predictive mean, predictive
variance, or the product of mean and variance are maximum.
The forth estimate is derived by selecting grid cells in which
the predictive mean is larger than 90% of the maximum. The
center of this area is taken as the source location estimate.
In the same way the last two estimates are computed using
the variance (fifth result) or the product of mean and variance
(sixth result). The true source location was within the mean
estimation area only in four trials and within the variance
estimation area in six trials. This is in line with previous
observations that the concentration variance often provides a
better indication of the gas source location [29] than the mean.
Fig. 11(a) shows the final snapshot of run number 3 after
31 measurement points. The top row shows the previously
visited sampling locations (left) and the corresponding mean
distribution map r(k) (middle) and variance distribution map
v (k) (right) produced by the Kernel DM+V/W algorithm with
σ = 0.4, c = 0.15m and γ = 0.2s as meta-parameters. The
bottom row shows the visualization of the APF with βM =
βV = βC (right), the area with the next suggested sampling
points and source location estimate, which are indicated by
green and red dots, respectively (middle), and the matrix S,
where the white cells are the previously selected cells and
the darkest cells correspond to the most often suggested ones.
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Fig. 10. Box-plot of the distance between the gas source location estimate
and the true source location of the 16 runs after 24 - 35 taken measurements:
A peak mean, B peak variance, C peak mean·variance, D mean, E variance,
and F mean·variance. The box shows the lower/upper quartile and the line
denotes the median. The mean is denoted by the small . The × stands for
outliers.

Fig. 11(b) shows exemplarily the trajectory produced by the
path planning algorithm in run 3 with starting position (x, y) =
(11.0, 7.0)m (compare with Fig. 11(a)).
Initial results from these runs indicate the potential of adaptive sampling in combination with gas distribution mapping in
providing a good estimate of the gas source location after a
relatively small number of samples.
VIII. C ONCLUSIONS AND F UTURE W ORK
The combination of a micro-drone with chemical sensors
into a mobile and flexible gas measurement device creates new
possibilities to estimate the risk potential in a variety of scenarios without endangering people. Targeted fields of operation
are gas measurements in accident scenarios, emission control
and monitoring of critical areas. In this article we describe a
prototype of a gas-sensitive micro-drone and demonstrate its
performance in a number of validation experiments.
An important enhancement for gas distribution modeling is
the possibility to estimate wind vectors without a dedicated
anemometer (that would consume valuable payload) using
only the micro-drone’s on-board sensors. The proposed wind
estimation approach was evaluated in wind tunnel and field
tests and used in the gas distribution modeling experiments.
In the first set of experiments, we computed gas distribution
models with the Kernel DM+V/W algorithm using gas and
wind measurements collected along a predefined sweeping
trajectory. These experiments indicate the potential of the approach and highlight that the micro-drone may not be suitable
for repeated monitoring under low-wind conditions since it
introduces substantial disturbance to the gas distribution.
In the second set of experiments, we applied a novel adaptive sampling strategy. The basic sensor planning approach
uses the statistical gas distribution models obtained with the
Kernel DM+V/W algorithm. Areas of high mean and variance
are deemed good candidates for further inspection. Corresponding locations are prioritized through strong contributions
to an APF. These exploitation contributions are balanced by
repulsive contributions at previous sampling locations, which
promote exploration. We extend this basic sensor planning
approach by introducing a locality constraint, which makes the
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(a)
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(b)

Fig. 11. (a) The adaptive sampling process: From the previously visited sampling locations (top, left), predictive mean r(k) (top, middle) and variance maps
v (k) (top, right) were created using the Kernel DM+V/W algorithm with σ = 0.4m, c = 0.15m and γ = 0.2s as meta-parameters. The information from the
previously visited sampling locations and these two maps are used to create the APF with βM = βV = βC (right). Then, a set of next suggested sampling
points are selected. These points and the estimated source location are denoted by green and red dots, respectively (bottom, middle). The next sampling
location is chosen based on the locality constraint sampling strategy, which is shown by the matrix S (bottom, left), where the white cells are the previously
selected cells and the darkest cells correspond to the most often suggested ones. All plots were created after the last time step of the path planning algorithm
(run 3, measurement 31). (b) Calculated sample trajectory of the path planning algorithm (run 3) with starting position (x, y) = (11.0, 7.0)m.

proposed trajectory more suitable for a mobile gas measurement system since it avoids large jumps between subsequent
measurement locations. Our initial results with this extended
sensor planning algorithm show the potential of an adaptive
sampling approach for gas distribution mapping. We also
observe that the produced maps (and particularly the variance
prediction) can provide good estimates of the gas source
location. Our initial conclusion when comparing sampling
along a predefined sweeping trajectory with our proposed
sensor planning approach is therefore that with adaptive sensor
planning we tend to arrive more quickly at a meaningful
map which allows to infer a reasonably accurate estimate
of the gas source location. If the sampling device is a gassensitive micro-drone, as considered in this paper, then a
strategy that avoids sampling at low-informative places is
advantageous because of the resource constraints on the microdrone. In addition, a lower number of measurements also tend
to disturb the gas distribution less. This effect is, however, not
taken into account in our current sensor planning algorithm
and we will investigate ways how to introduce a criterion
that allows minimizing the degradation of the observed gas
distribution through the micro-drone itself. A lower number of
measurements also tends to disturb the gas distribution less.
However, this effect is currently not taken into account in our
sensor planning algorithm and we will investigate ways how to
introduce a criterion that allows to minimize the degradation
of the observed gas distribution through the drone itself.
The current implementation of the adaptive sensor planning
algorithm does not consider the time when the measurements
were made. We will therefore study extensions of the approach
proposed in this paper that introduce time-dependency, for
example through a time-dependent statistical model as in [30].
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[22] Dräger, Dräger-Sensorhandbuch, Boden-, Wasser- und Luftuntersuchungen sowie technische Gasanalyse. Dräger Safety AG & Co. KGaA,
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