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ABSTRACT

Mapping 3D airflow fields is important for many HVAC, in-
dustrial, medical, and home applications. However, current
approaches are expensive and time-consuming. We present
Anemoi, a sub-$100 drone-based system for autonomously
mapping 3D airflow fields in indoor environments. Anemoi
leverages the effects of airflow on motor control signals to
estimate the magnitude and direction of wind at any given
point in space. We introduce an exploration algorithm for
selecting optimal waypoints that minimize overall airflow es-
timation uncertainty. We demonstrate through microbench-
marks and real deployments that Anemoi is able to estimate
wind speed and direction with errors up to 0.41 m/s and 25.1°
lower than the existing state of the art and map 3D airflow
fields with an average RMS error of 0.73 m/s.

CCS CONCEPTS

« Computer systems organization — Sensors and actu-
ators; Robotic autonomy; Sensor networks.

KEYWORDS

sensor, sensorless, drone, micro aerial vehicles, mobile sens-
ing, environmental sensing, path planning

FThese authors contributed equally to this work.
* Corresponding authors.

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies
are not made or distributed for profit or commercial advantage and that
copies bear this notice and the full citation on the first page. Copyrights
for components of this work owned by others than the author(s) must
be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee. Request permissions from permissions@acm.org.
ACM MobiCom ’23, October 2—6, 2023, Madrid, Spain

© 2023 Copyright held by the owner/author(s). Publication rights licensed
to ACM.

ACM ISBN 978-1-4503-9990-6/23/10...$15.00
https://doi.org/10.1145/3570361.3613292

ACM Reference Format:

Stephen Xia, Minghui Zhao, Charuvahan Adhivarahan, Kaiyuan
Hou, Yuyang Chen, Jingping Nie, Eugene Wu, Karthik Dantu, Xi-
aofan Jiang. 2023. Anemoi: A Low-cost Sensorless Indoor Drone
System for Autonomous Mapping of 3D Airflow Fields. In The 29th
Annual International Conference on Mobile Computing and Network-
ing (ACM MobiCom ’23), October 2—6, 2023, Madrid, Spain. ACM, New
York, NY, USA, 16 pages. https://doi.org/10.1145/3570361.3613292

1 INTRODUCTION

Maintaining good airflow in indoor spaces such as homes
and offices is important to keep them well ventilated, im-
prove overall air quality and comfort of the occupants. A
well-ventilated room frequently removes stale air, humid-
ity, and indoor pollutants (dust, particles, viruses/bacteria,
etc.) which also benefits the respiratory health of the occu-
pants. This is especially important in preventing the spread
of diseases such as COVID-19 [34, 35, 39] and other airborne
or moisture-based viruses and bacteria that could linger in-
doors for several hours if proper ventilation is lacking. Cor-
respondingly, accurate measurement of airflow over time in
a building would allow homeowners and building managers
to optimize ventilation to eliminate “dead-zones” where little
air is moving or replaced, while also limiting HVAC use in
zones that do not need them [17]. Another application that
would benefit from this knowledge is deciding on suitable lo-
cations to place air purifiers to circulate air, as well as remove
dust and other particles. A third motivating example is that
a building’s HVAC system is spec’d and provisioned before
the building is populated with furniture and occupants. The
dynamics of air that moves through the building will change
significantly over time as new occupants, furniture, and other
materials move into the space. Therefore, periodic airflow
measurements are necessary for proper reconfiguration of
the overall ventilation.

However, it can be difficult and expensive to measure the
full airflow over an entire space. Typically, a professional
walks through the building with an airflow measurement
device to measure airflow vectors (direction and speed) at
different locations, which is costly and labor-intensive [42].
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Figure 1: Illustration of mapping 3D airflow fields.
These measurements are aggregated over each location to
obtain the full airflow field of the entire space, as shown in
Figure 1. Another solution is to deploy static flow sensors
throughout the environment. However, this can only gen-
erate accurate estimates for small enclosed spaces, such as
within a fume hood. Our vision is to provide an inexpensive
and automated process for measuring airflow gradients in 3D
within large indoor environments using inexpensive drones.
We believe this idea is timely with the introduction of small
drones in indoor spaces like Ring Always Home Cam [56].

One solution is to attach a flow sensor to a drone and
take measurements. However, this approach adds cost and
significant weight, reducing the battery life and stability
of the drone. For the safety, it is not feasible to fly large
drones that may be more able to carry the weight of a flow
sensor. We propose Anemoi, a drone-based system for au-
tonomously mapping 3D airflow fields indoors without any
additional sensors and only uses the sensors and control
signals available on a typical micro-air vehicle. The key idea
behind Anemoi is that the force from the wind flow will
slightly perturb the drone, causing the onboard flight con-
troller to compensate for the observed changes in position
and orientation by actuating its motors. Anemoi leverages
how the drone controller compensates for the force caused
by the external wind to estimate airflow vectors (wind speed
and direction) at a specific location in 3D space. We com-
pare against existing state-of-art drone-based methods for
measuring airflow that use physical models of the drone
and directly leverage onboard sensors, like optical flow, and
show that Anemoi achieves 0.4m/s and 25° lower wind speed
and direction estimation error. It follows that the full airflow
field can be measured by actuating the drone to each loca-
tion and measuring the airflow vector. However, measuring
every point in space can be time-consuming and inefficient,
as small indoor drones can often fly for a few minutes be-
fore needing a recharge. Instead, we propose an information
theoretic method to identify locations to sample airflow vec-
tors that minimize the overall uncertainty of the current
airflow field estimate, while minimizing the total travel dis-
tance of the drone. Next, we leverage computational fluid
dynamics (CFD) to extrapolate and estimate the entire con-
tinuous airflow field from the airflows sampled at discrete
locations. Through deployments in a real setting, we show
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that Anemoi can achieve higher accuracy estimates of full

3D airflow fields with fewer locations sampled compared to

other sampling strategies.

While our system is evaluated to be suitable for airflow
analysis for ventilation, we believe that there are a multitude
of important applications of micro-drones that are orthog-
onal to our application (e.g., security and monitoring [57],
asset inspection [44], and search and rescue [23]) that will
spur an increase in intelligent micro-drones in the future.
We envision that Anemoi will be one of the many impor-
tant applications and services that future intelligent indoor
micro-drones will provide. This work is an extended version
of our demo [37]. Our contributions are as follows:

e We create Anemoi, a drone-based system for mapping
3D airflow vectors without using additional sensors by
leveraging perturbations observed by the drone through
its onboard feedback and flight controller to accurately
measure 3D airflow vectors at a given location. We show
that Anemoi achieves angular error of 6.20° and speed
error of 0.11m/s, in comparison to 31.30° and 0.52m/s to a
baseline method that requires the use of onboard sensors.

e We propose an information-theoretic exploration algo-
rithm for the UAV to autonomously select 3-D points to
minimize the overall estimation uncertainty of the full
airflow field while also minimizing total distance traveled.
Next, we leverage computational fluid dynamics to extrap-
olate the full 3D airflow field from 3D airflow vectors
measured at individual sample points.

e We demonstrate through detailed simulations and real
deployments that Anemoi requires traveling only half the
distance to collect as many samples compared to a random
walk and estimates airflow in a target space with 0.73m/s
RMS error and average angle error of 29.79°.

2 RELATED WORK

To traditionally sense airflow vectors and fields, a person or
professional would either need to move around the space
with airflow sensors [21, 29], or install dedicated and sta-
tionary hardware (e.g., particle image velocimetry [14]) and
using computational fluid dynamics [78], which are expen-
sive and time-consuming. There are several existing works
that leverage a drone or robot to measure airflow, includ-
ing solutions that attach a wind sensor directly onto the
drone/robot [40, 59, 69]. Other works use sensors on the
drone or attach other sensors, such as an optical flow, intertial
measurement unit (IMU), or camera sensor [46, 50, 58, 62, 75].
Instead, our work does not directly use any particular sensor,
but rather the control signals sent by the drone’s controller
to actuate its motors to react to perturbations caused by
airflow. This means that Anemoi can be adapted to any stan-
dard drone that performs self-stabilization, regardless of the
sensors it has onboard, unlike existing works.
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Other methods for monitoring airflow and the condition of
the atmosphere (e.g., turbulence) leverage doppler radars [10,
18, 72], lidars [24, 32, 60, 77] and sodars [6, 26, 31, 36, 49].
All methods estimate wind speed similarly by measuring the
doppler effect of transmitted and reflected signals caused by
airflow and turbulence. The main difference between each
sensor is the type of signal that is transmitted (radar = radio
waves, lidar = light/laser, sodar = acoustic waves). All of these
systems are used to measure outdoor atmospheric conditions,
where wind speeds are orders of magnitude greater (tens to
hundreds of m/s compared to < 5 m/s indoors). Additionally,
the observed error is often on the order of several m/s, which
is too high for indoor airflows that may only reach several
m/s. Moreover, these sensors are too large for a small drone
to carry, often weighing more than tens of kilograms [51].

Anemoi measures changes in motor control signals trans-
mitted by the flight controller, which is used to correct for
any position, velocity, and attitude errors. Most personal
and open-source drones integrate model free proportional-
integral-derivative (PID) controllers, which employ feedback
from sensors to continuously adjust motors to maintain po-
sition, velocity, and stability [1, 3]. There are a number of
other control schemes that model flight dynamics, such as
non-linear dynamic inversion (NDI) and incremental non-
linear dynamic inversion (INDI) [64-66, 80], reactively ad-
just motors when errors or instability naturally becomes too
great [9], or incorporate mission objectives into the control
loop through reinforcement learning [48, 74]. For this paper,
we only look at the performance of Anemoi under traditional
PID control and leave other schemes to future work.

Exploration [11, 63, 71] is a well studied field in robot-
ics. In [71] the authors use visual sensors to build and ex-
plore on a 2D map of the environment. This idea of explo-
ration has been applied to other problems such as 3D recon-
struction [30], active tactile sensing [47], etc. In this work,
we adapt information theoretic robotic exploration to ef-
ficiently sense airflow. Path planning algorithms [55] find
navigable paths avoiding obstacles. Active mapping or ex-
ploration algorithms [52] find efficient navigable paths (plan-
ning) with the joint objective of improving maps (mapping)
built through sensing the environment during navigation.
While other methods perform active mapping to improve
visual maps [52], we employ these techniques to perform
better airflow estimation in the target space.

3 ESTIMATING 3D AIRFLOW GRADIENTS

We intend to use small drones (i.e., micro-air vehicles) to
sense airflow, since these will be commonplace in indoor
spaces with the advent of devices such as the Ring Always
Home Cam [56]. Our objective is to utilize the effect of airflow
on control signal variations of an autonomously hovering
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Figure 2: Quantities to estimate airflow vectors. (Left: V)wind)
\71, and 172 are the 3D wind vector, the azimuthal-plane, and
z-axis wind speed components. § and ¢ are the azimuth and
polar angle of the wind. Right: MiniFly drone with axes and
motors labeled).

drone to characterize the direction and strength of airflow
at any given point. In this section, we propose a method to
estimate airflow at a single point. In section 4 we introduce
a method to efficiently sample and estimate the airflow field
in an entire target space.

3.1 Effects of Wind on Motor Control
Signals

To leverage motor control signals for airflow estimation, we
first analyze the effects of airflow on these signals as the
drone hovers at a particular setpoint location. As shown
in Figure 2, we need to find \_}Wmd : (|‘7wind|> 0, ¢), which
correspond to the wind speed, azimuth, and polar angle,
respectively. Figure 3 also plots the motor control signals
from the flight controller as the drone hovers in place. These
values are directly proportional to the rotation speed of each
motor. To make a quadrotor hover, the opposite motors spin
at the same speeds, and the adjacent ones spin at the same
speed but in opposite directions. Therefore, when there is no
significant airflow, the signals sent to each motor are very
similar in magnitude as seen in Figure 3.

When we blow a constant stream of air, we see that the
control signals to the motors change significantly. The force
from the airflow causes instability in the drone’s roll and
pitch that the drone can observe using its onboard sensors
(IMU, height sensor, camera). Almost all drone systems uti-
lize a proportional-integral-derivative (PID) based feedback
controller to determine the correct control signals to send to
the motors to maintain a stable pose in real time. Blowing
air at @ = 0 degrees and ¢ = 0 degrees causes the motors 1
and 2 to spin faster and the difference between these two
motors and motors 3 and 4 become significantly greater as
the controller attempts to account for instability caused by
the wind. When we increase the wind speed, we see that
the difference in motor speeds becomes even greater. This
suggests that the magnitude in the differences between
motor control signals inform wind speed, |V;|. When
we change the airflow direction to 8 = 90 degrees, we see
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Figure 3: Control signals sent to each motor at different wind
speeds and directions.

that the signals to motors 1 and 3, which are closer to 8 = 90
degrees than motors 2 and 4, increase significantly. This
suggests that the polarity of the differences in motor
control signals can inform the direction of the wind.
Every drone may utilize different sensors to maintain sta-
bility, but it sends control signals to its motors to move and
maintain stability. Utilizing motor control signals allows us
to estimate airflow vectors without requiring a specific set of
sensors, as the PID controller “abstracts” the sensors it uses,
unlike existing methods. This is unlike existing methods that
require specific types of sensors installed onto the drone (e.g.,
GPS [46] or optical flow [58]).

3.2 Estimating Airflow Vectors from Motor
Control Signals

Estimating Azimuth Air Vector: Figure 4a shows the mo-
tor speed differentials between motors 1 and 2 (MD;, =
motor; — motors), motors 1 and 3, and motors 1 and 4. We
varied the direction of the airflow in eight equally spaced
azimuth directions (every 45 degrees) around the drone. We
also collect data for two different wind speeds in each di-
rection. We describe details on how we designed and im-
plemented a stable and repeatable wind generation for our
model training and evaluation in Section 5.1. We see that the
motor differentials tend to follow a single line if the wind
is blowing from the same direction (Figure 4a). If we view
the data from the plane normal to these lines (Figure 4b), we
see that all points map onto a circular structure, which is
physically intuitive. Additionally, we see that stronger winds
tend to extend outward, creating a larger circle. The basis of
our airflow estimation algorithm involves finding the pro-
jection that maps 3D motor differentials onto a 2D plane,
such that the angle of observed motor differentials on this
plane corresponds to the azimuth direction of the airflow,
while the distance of an observation corresponds to the wind
speed (Figure 4c and 4d).

Our goal is to project every observation corresponding to
the same wind direction and speed to one point that estimates
airflow. To start, we are given X = [ x; X3 X3 ... X, | where X
is a collected dataset of n motor differential vectors that we
will use to learn the projection that maps every observation

onto the direction of the wind. x; = [MD!,, MDi,, MD! ]*
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Figure 4: 3D visualization ((a) and (b)) and projections ((c) and
(d)) of motor differentials.

is the i-th three-element motor differential vector in the
dataset,and Y = [ y, ¥, y; ... ¥,, ] Where y; is the labeled
direction and speed (6;, |X71i|). With this dataset, we aim to
find a projection Q : R* — R? as shown in Equation 1.

X; is the centroid of class i, or the mean of all observa-
tions belonging to class i, where each class i is described by
an azimuth and wind speed pair: (6;, |X71i |). In other words,
during the training or calibration process, wind is blown at
the drone at a specific angle and wind speed and multiple
samples of the observed motor differentials may be collected,
and this process is repeated for d different (6;, |1711|) pairs. As
an example, in Figures 4c and 4d, we collected d = 8 different
classes, varying the azimuth direction of the wind equally
around the drone. cf " is the centroid of class i after being
projected by Q, while 1(i, j) is an indicator function that
equals 1 if x; belongs to class j, (6;, |171]|), and 0 otherwise.
The constraint QQ7 = I is in place to ensure that our solu-
tion yields a basis for a new coordinate system, where I is
the identity matrix.

argmin(Lp + L) (1)
Q

T
QQ" =1
d j .
Lp= aZj=1 ?:1 %”QXI - C?Wl@l(l,])
d d ; .
Le=—byd, 5 [ - |2

= QR i=1,...d

Additionally, the loss function that guides the search for
our mapping function, Q, is composed of two components:
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Lp and L¢. Lp finds the mapping such that all observations
belonging to the same class j (0;, |I71j |) are mapped to the
same point by minimizing the distance of the projected ob-
servations to the centroid of class j. To increase sensitivity
and regress between different wind angles and speeds, we
want the classes on the projected plane to be as far away and
distinct as possible. This involves increasing the distance
between the centroids of each class, which is reflected in the
Lc. a and b are constants to weight the importance of each
loss. In our experiments, we found that a = 1.0 and b = 0.1
yielded the best performing models.

To solve this optimization problem, we apply the method
of Lagrange multipliers, as shown in Equation 2. Setting the
gradient with respect to Q equal to 0 yields % =VQ-1Q =0
which implies VQ = AQ. This result implies that the optimal
coefficients of 1 are eigenvalues of V and that the bases
that form our projection matrix Q are the corresponding
eigenvectors. To find the final projection Q, we compute and
take the eigenvectors of the top two eigenvalues of V.

L=Lp+Lc-2A(QQ" - 1)
% =VQ-1Q B)
V= Z}d‘:l Z?:l Xisz?;'l(L ]) -b Z?:l Zz=]‘+1 cjkcfk

Xij =X —Xj, Cjk =Xj — Xg

Figure 4c shows the plot of motor differentials after applying
projection Q. We see that our observations have all been
mapped closely, forming a circular shape. However, this cir-
cular pattern is slightly distorted, rotated, and translated
from a circle that directly maps to the azimuth of the wind,
0. To correct for this, we learn a transformation T : R® — R3
shown in Equation 3.

. d j,h
argming 3 X9, [T — x| 2 3)

c’;.) rojh represents the centroid for class j (85, |X71J |) in homoge-
neous coordinates. Representing our observations in the ho-
mogeneous coordinate system allows us to learn translation
transformations in conjunction with rotation and stretching
transformations. This involves adding a third dimension to
centroid cf "] and setting this new dimension equal to 1. ri.’
refers to the homogeneous coordinates along a circle that
c? "] will be mapped to. For example, if c’f TO efers to obser-
vations corresponding to a wind coming at 1 m/s from 6 = 0

degrees, then ril could equal r}l’ =[1,0, l]T; if cg rojh refers to
observations corresponding to a wind coming at 1 m/s from
0 = 90 degrees, then rg could equal rg = [0,1,1]7. Solving
this problem by taking the gradient of the loss function with
respect to T and setting it equal to 0 yields the minimum

mean square error solution in Equation 4.
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T = Rthroj,hT (Cproj,hcproj,hT) -1

cZroj,h] (4)

projh _ | proj.h roj,h
C = [cl c12)

ha[r? rg rg]

Figure 4d shows our observations x; after applying both
the projection, Q, and transformation, T. When a new ob-
servation comes in, we can apply both Q and T. Converting
the result into polar coordinates yields the azimuth 6 of the
airflow vector. The magnitude of the vector, r, will then be
directly proportional to the wind azimuth magnitude of the
wind speed, |X71 |. To obtain the actual wind speed, we cre-
ate a simple linear regression model that maps r, observed
from the projected and transformed coordinate system, to
an actual wind speed value. With both 6 and |171 |, we have
measured the full airflow vector along the azimuthal plane.
Estimating Polar Angle and Wind Speed: Next, we need
to find the polar air vector, X_;'g to obtain the full air vector V
(Figure 2). Figure 5-left shows a scatter plot of the average
motor speed (control signal sent from the flight controller)
versus polar angle, ¢, with a constant wind speed, where we
see a linear relationship. When there is no wind or when
the wind vector is almost entirely in the azimuthal plane,
the average control signal sent to the motors centers around
a nominal value. When the angle increases (¢ > 0), there
is a component of wind pushing down on the drone from
above. This external force causes the flight controller to
actuate motors faster and generate more lift to counteract
this downward force. When the angle decreases (¢ < 0),
there is a component of wind pushing upward on the drone,
which helps lift the drone further up into the air. As a result,
the flight controller decreases motor speeds to prevent the
drone from moving higher. To obtain the airflow component
along the z-axis, Vy, we create a mapping between average
motor speed control signals sent from the flight controller
by fitting a linear regression curve to the wind speed along
the z-axis to obtain \71 After estimating \71 and \72 we can
obtain the final 3D airflow vector ‘_}wind = 171 + 1_;'2
Selection of Drone: Existing works generally use large
drones and measure wind speeds based on the wind triangle
principal. Like the wind triangle method, Anemoi requires
the wind to cause noticeable perturbations to the drone to
obtain an accurate reading. Because airflows indoors tend
to be much smaller than outdoor airflows, a smaller drone
would experience greater perturbations and would be more
suitable for our application. Moreover, smaller drones are, in
general, more suitable for indoor applications because they
can more easily fit through narrower indoor spaces and are
less likely to damage the environment or cause bodily harm
if the drone loses control. As such, we implement Anemoi
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Figure 5: Average motor speed of all four motors versus the
wind speed along the z-axis. We see that there is a linear
relationship that we can use to obtain wind vector in the
z-axis, V, (left) and average motor speed (control signal) at
different heights with no wind (right).

on the cheap (< 100 USD), small (30g), and open-source
ATK-MiniFly quadcopter [2] shown in Figure 2.

Height of Drone: One concern that arises when we decide
to use the average speed of each motor to estimate the Z
component of the wind vector is the height of the drone. In-
tuitively, the higher the drone flies, the faster the propellers
need to spin to generate enough thrust to maintain its hover.
The typical height of a modern residential room is approxi-
mately nine feet tall. Figure 5-right shows the average speed
of the motors as we vary the height of the drone between 1
to 8 feet (30-210cm) from the ground, which is at least 1 foot
away from both the ceiling and ground to ensure that the
drone can maintain a stable hover. We see that the average
motor speed in this low-height range is relatively stable, and
thus we do not need to heavily account for the height in
typical indoor scenarios.

Effects of Propellers on Estimation: Because the pro-
pellers generate an airflow to propel the drone in the air, a
concern is that this self-generated airflow will affect mea-
surements of external airflows. The drone’s PID controller is
tuned to incorporate the effects of its own motors/propellers
and any corrections it applies are a reaction to external ef-
fects, such as external wind. As such, the wind generated by
the propellers does not affect Anemoi’s wind speed measure-
ments, which is consistent with our own observations and
evaluation (Section 5).

Advantages over Traditional Drone Sensing: Another
solution to autonomously mapping airflows throughout a
3D space is to attach an additional wind sensor on the drone.
There are two major drawbacks to this approach. First, in
constrast to Anemoi, the wind generated by the propellers
would significantly impact the external sensor’s measure-
ment. Second, most airflow sensors and anemometers only
provide wind speed and lack direction estimation. Airflow
sensors that can provide direction are generally very large
and not suitable for drones to carry [16]. For example, the
Minifly drone and many other MAVs are designed to be
extremely light-weight, only carrying a payload of several
grams (<15g), making it difficult to attach an external sensor
while keeping the drone stable. Because of these reasons, we
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do not compare Anemoi against this method in Sections 5
and 6; rather, we compare our sensorless method against
solutions that need to leverage sensors typically found on
drones (e.g., optical flow and IMU).

4 AUTONOMOUS ESTIMATION OF
AIRFLOW FIELDS

Since airflow varies continuously over space and time, it
is impossible to measure at every possible location all the
time. Therefore, we need a strategy to extrapolate airflow
in a target volume as accurately as possible, with a limited
number of samples, in the shortest amount of time. In this
section, we propose an information theoretic approach to
sampling and leverage computational fluid dynamics (CFD)
to perform extrapolation.

To accurately measure the airflow field, it is important
to efficiently sample the space in a limited amount of time.
While CFD is a well-studied field with accurate methods to
extrapolate fluid flow [53, 73], it is computationally expen-
sive to use in practice. However, in order to select the next
location to sample, we only need the effect of that sample
on the overall estimated uncertainty (entropy) of the full
field. Therefore, we decouple this challenge into two tasks -
(i) real-time entropy estimation for exploration (Section 4.1)
and (ii) post-processing that computes the overall airflow
field with CFD (Section 4.2).

4.1 Information Gain based Exploration

Exploration or Active Mapping [11, 15, 63] in robotics is the
problem of driving the robot to a set of locations so as to
maximize the estimate of a function of interest (airflow, in
our case) in the target space. With each measurement, the
drone gains information about the air velocities in the target
space, and improves the system’s capacity to better estimate
the airflow field in the entire space, while reducing entropy
or uncertainty. Entropy is the measure of expected informa-
tion that the value of x, from a probability distribution p(x),
carries for a random variable X [70], given by:

Hy(x) = E[~logp(x)] = = [ p(x)logp(x) dx  (5)

For a Gaussian distribution, entropy is directly propor-
tional to its variance. In other words, the entropy of noisier
and less certain estimates are higher. We discretize our space
into a 3-D grid with a configurable resolution and make the
following assumptions: i) the airflow of all points in a sin-
gle cell are the same, ii) the entropy of different cells are
independent, iii) the entropy of a cell is maximally reduced
if Anemoi measures airflow in that cell.
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We propose the following information-theoretic approach
for path planning. Anemoi selects the cell, c;, with the high-
est utility as the next cell to measure airflow, as shown in
Equations 6, 7, and 8.

Utility, = Information Gain,, — Cost,, (6)
Ne,

Information Gain., = ¥,_ H,(c;) (7)

Cost = ||ch - Xdronﬂ” (8)

where the information gain of cell ¢; is the sum of entropies
in the N, neighboring cells, and the cost is the euclidean dis-
tance the drone needs to travel between its current position,
Xdrone to arrive at the location of cell ¢;, X, . In other words
Anemoi selects the cell that has the best balance between a
high information gain (or uncertainty) and a low cost. We
model the cost as the distance Anemoi needs to travel be-
cause the drone has a limited flight time that diminishes the
further it needs to travel.

Once Anemoi samples a cell, ¢, its entropy is maximally
reduced. However, the airflow observed in cell ¢, also gives
insight into the airflow in neighboring cells, c;. As such,
we propose the following formulation entropy reduction in
neighboring cells after each measurement:

—lICm-Cill

Hy(c;) = Hy(c;) — |S(Fpm, Cry — Ci)| € AlFm ©)

S(A.B) = 3] 1mq (10)
where Fy is airflow velocity at cell k, ¢ is cell k, Cy is the
coordinates of cell k, and A is the attenuation factor.

In this formulation, |S(F,, C;, — C;)| incorporates the in-
sight that the measurement at ¢, provides more information
to cells that are aligned in the direction of measured airflow,
Fp; hence, the entropy of cells that are physically in the di-
rection of the moving airflow are reduced more than those
in other directions. ||Fy,|| scales the reduction with the mag-
nitude of the air velocity and ||C,,, — C;|| scales the entropy
reduction inversely with distance from the measured cell,
accounting for noisier estimates at distance.

4.2 Computational Fluid Dynamics for
Extrapolating Airflow Field

After obtaining all measurements, we need to extrapolate
airflow measurements to cells that are not measured to obtain
the airflow field across the entire space. To accomplish this,
we leverage computational fluid dynamics (CFD), which is
the field of analytically or numerically modeling natural
phenomena such as airflow, temperature, and pressure [43].

We model the airflow throughout our space leveraging the
Viscous Burger equation [12], a simplified version of the set
of partial differential equations known as the Navier-Stokes
equations [41] that are commonly used to model the flow of
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viscous fluids. Specifically, we leverage the stochastic version
of the Burger’s equation, for which the 1-D version of the
equations are shown here:

A
ultt =uf —wf A (ul =l )+ vRL (ul,, - 2ul +ul ) (11)
u u _ . du an
G TUoe =05 — A5 (12)

This equation shows the change in the u component of air-
flow velocity w.r.t to time ¢ and the spatial dimension x. With
a known initial value u°, in an area, the velocity vector can
be extrapolated over discrete time steps At with a viscos-
ity constraint v over the spatial step Ax. The initial values,
u°, are directly measured by Anemoi as the drone traverses
the space (Section 4.1). Additionally, this formulation ac-
counts for the noise of extrapolated fields, n(x,t) = W(x, 1),
modeled as a Wiener process (Brownian noise) [76], where
estimates of airflow further from a measured location are
less certain. Through these methods, we estimate the entire
airflow field from discrete measurements of airflow vectors.
In our evaluation (Section 6), we run this extrapolation after
every airflow vector measurement to assess accuracy of the
estimated airflow field at each iteration.

4.3 Realizing Robot Exploration on
Palmtop UAVs

Anemoi requires accurate and real-time odometry to safely
navigate the drone to new locations. Further, we need a set
of trajectory commands that navigate the drone through the
planned path. Finally, because the drone is relatively light,
to keep it navigating safely in hazardous winds, we switch
between a navigation PID profile that is less aggressive and a
measurement PID profile that is desirable for the prediction
model. Our overall software pipeline is shown in Figure 6.
Odometry: To isolate sensing error, we rely on external
sensing from a Vicon motion capture system. This system
provides accurate real-time odometry. This information is
sent to the drone via radio, and fused with its onboard state
estimator. There is a large body of work in obtaining odom-
etry from cameras and LiDARs [5, 7, 8, 19] onboard. We
characterize optical-flow based odometry error to demon-
strate its feasibility in Section 6. Integrating Visual SLAM [8]
was not feasible on the current system due to interference of
Wi-Fi packets from the camera module and the radio signals
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for control. However, we envision that such integration in a
comparable micro-aerial vehicle is possible.

Path Planning: We have modified onboard firmware on
the drone to obtain global location in real-time from the
external camera system. Given the drone’s current location
and its destination, we generate a trajectory by segmenting
the goal path into 10 cm pieces. This method can also perform
obstacle avoidance using the external sensing system. The
intermediate way-points are published at a fixed interval of
750ms to the drone’s state estimator.

Controller Profile Manager: Because of the drone’s
weight, we observed empirically that a less aggressive feed-
back controller helps the drone stably navigate in a windy
environment. However, to measure airflow, our feedback con-
troller needed to be aggressive. To manage the two profiles,
we created an onboard profile manager, which automatically
switches between navigation and measurement profiles. The
manager determines that the drone is in position and stable,
when position error vector norm and velocity vector norm
are both under some threshold.

5 EVALUATING AIRFLOW VECTOR
ESTIMATION

In this section, we describe our experimental setup and eval-
uate how well Anemoi estimates airflow vector at a location
in a controlled environment. We evaluate the performance
of autonomous sampling and extrapolation in Section 6.

5.1 Experimental Setup

To compare how well Anemoi estimates airflow vectors in
various configurations, we need to generate stable airflows.
We used a 20 by 20 inch box fan mounted on a computer
monitor stand with an inertial measurement unit (IMU) to
obtain the direction of the airflow. However, there are several
challenges that need to be addressed to conduct a thorough
evaluation. Our full experimental setup is shown in Figure 7.

5.1.1 Generating Stable Flows with Fine Control. Most flows
found in the real world are turbulent, meaning that they are
chaotic due to rapidly changing air velocities and pressures.
This makes it difficult to obtain ground truth air velocity
measurements. To address this challenge, we built a laminar
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hood based on [20]. We observe that adding the hood signifi-
cantly reduced the turbulence in the wind; without the hood,
the wind speed fluctuated with a variance of 0.2m/s, com-
pared to 1.1m/s while using the hood. These measurements
were taken 1.5 feet away from the fan/hood opening.
Additionally, most indoor and home fans are adjustable
to only around three different speeds, whereas we need fine-
grained control to evaluate estimation errors across a wide
range of speeds. As such, we outfit our fans with an ad-
justable voltage regulator to digitally control the wind speed.

5.1.2  Ground Truth Wind Speeds. In addition to generating
stable winds, we need to measure the ground truth wind
vector at the location of the drone. However, the MiniFly
drone is too light and cannot carry an additional wind sensor
to measure ground-truth wind speeds in real-time. We can
place a wind sensor at the mouth of the hood, but we need
to measure the wind speed at the location where the drone
will be hovering. Therefore, we use an anemometer placed
1.5 meters from the opening of the hood to measure ground
truth wind speeds in addition to the wind sensor placed at
the mouth of the hood, as shown in Figure 7, and create
a model that maps readings from the wind sensor at the
mouth of the hood to the ground truth wind speed measured
at the anemometer. When collecting data with Anemoi, we
remove the anemometer and hover the drone in its place
while changing wind speeds and carefully moving the box fan
to different directions, while maintaining the same distance.

By carefully moving the box fan to different directions,
while maintaining the same distance from the location of
the anemometer, we can ensure consistent wind speeds at
the same box fan setting. Moreover, using the anemometer
to create a model that maps the wind speed at the mouth of
the box fan hood to the location of the anemometer allows
us to have an accurate wind speed reading even when the
anemometer is replaced by the drone.

5.2 Effects of Tuning PID

Anemoi measures airflow based on how the drone actuates
the motors in response to perturbations caused by the wind,
which can be influenced by selecting different PID gain con-
stants. Figure 8 - top shows the default architecture of the PID
controller for the MiniFly drone, which we denote as cascade
control (CC) in Figure 8a. The inertial and body frame both
leverage two cascaded controllers: controllers for correct-
ing position and velocity (inertial frame) and controllers for
correcting attitude (roll, pitch, yaw) and angular rate (body
frame). We found very little change in performance when
we adjusted the PID constants for the position and velocity
control; this is because the drone attempts to hold its own
position while taking measurements, so the position and ve-
locity require fewer corrections compared to the attitude of
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the drone. Since the angular rate has the highest impact on
the stability of the drone, which could greatly impact factors
such as sensitivity and accuracy of measurements, we study
the effects of PID constants for angular rate.

Figure 9a shows a scatter plot of estimated azimuth di-
rections and wind speeds with varying angular rate PID
constants. We first vary the P constant, while removing I
and D, (Figure 9a - ¢) and see that as we increase P, the an-
gle estimation improves and becomes more separable, but
the speed estimation sees higher error, as shown by higher
variance of the points spreading out from the center of the
plot. This is because increasing the P constant causes the
controller to compensate for errors more aggressively, caus-
ing the controller to adjust motor speeds more frequently
and with greater variations. We set P = 3000 because it gives
the best trade-off in angle and wind speed estimation.

Next, we tune D and see a similar trend that increasing D
decreases wind speed estimation. However, we also see that
increasing D decreases direction estimation accuracy and we
observe that the drone becomes much more unstable very
quickly as it attempts to anticipate instabilities from future
wind perturbations. As such, we select the lowest D possible
that keeps the drone relatively stable, D = 65.

Finally, we vary I and see very little impact on speed and
direction error compared to increasing D. This is because I
corrects for past errors or biases in the angular rate of the
body frame. However, our drone hovers in place while taking
a measurement and must keep a stable attitude to maintain
its hover. Because it is able to do this under most typical wind
speeds in indoor environments even without high levels of I,
increasing I has relatively low impact on our measurements.

5.3 Effects of Different PID Control

One of our aims is to show that Anemoi can be adapted
into most commercial off-the-shelf micro-air vehicles with-
out making any modifications. There are a number of open
source and commercial drones that leverage the same or
similar type of cascade and nested PID control scheme as the
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MiniFly, suggesting that Anemoi can be easily adapted into
many existing drones. For example, the Crazyflie drone plat-
form has almost the exact same dimensions/weight and lever-
ages the same PID control scheme for correcting errors in
position and attitude [25]. PX4 [68] and ArduPilot [67], two
of the most common open source flight controllers for UAVs,
as well as platforms that leverage these flight controllers
(e.g., [4, 22, 45]) also leverage the same cascade and nested
control structure. Many other custom drone platforms still
leverage or have the option to use similar schemes [38, 66].
We implement two additional control schemes based off
of MiniFly’s cascade control (Figure 8) for comparison by
removing the velocity controller (single loop inertial frame
or SLI) and removing the angular rate controller (single loop
body frame or SLB). Figure 8a-c shows the scatter plot of
estimated azimuth direction and wind speeds comparing cas-
cade control (CC) with SLI and SLB, respectively. We see that
when the velocity controller is removed (SLI), there is little
change in performance because the position of the drone
changes more slowly than the attitude, which has more im-
pact on sensing performance. However, when the angle rate
controller is removed (SLB), the variance of the estimated
flows increase because the drone becomes less stable and
reacts more to smaller wind speeds. In the following subsec-
tions, we compare all three control schemes in terms of the
sensitivity and range of wind speeds they can measure.

5.4 Range and Sensitivity

Wind speeds that are either not strong enough to cause the
drone’s PID controller to noticeably account for perturba-
tions or too strong that it causes the drone to completely lose
control will result in high errors. In this section, we analyze
two aspects of Anemoi to try and maximize the range and
sensitivity of speeds we can detect.

We want to find the minimum measurable speed and the
maximum measurable speed that Anemoi can detect. To max-
imize this range, we tune the PID constants to influence how
the drone accounts for perturbations from airflows.

Figure 10 plots a heat map of the wind speed error of
Anemoi versus the ground truth wind speed, while varying
the control scheme and the PID gain constants for angular
rate control in the CC (balanced, high I, and high D constants).
We use a window size of 1000ms, which we empirically de-
termine in Section 5.5. The typical maximum speed coming
out of a fan or HVAC unit can be up to 4 — 5m/s directly next
to the unit [28]. However, a drone would not typically fly
this close to a wall or object. As such, we measure and plot
wind speed errors up to 3m/s as this was the maximum wind
speed of several different AC and fan units we measured at
around 1 meter away.

We see that many curves follow a similar pattern: below
and above certain ground truth wind speed, s, (start) and
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Smax (end), the wind speed estimation error drastically in-
creases. This is because the wind is either too weak to perturb
the drone significantly (< syin), or too strong that it blows
the drone away (> Smqx). Below 0.4m/s our ground truth
anemometer was not sensitive enough to measure. Addition-
ally, several configurations (e.g., CC-Balanced and CC-Highl)
have an upper wind speed, s;,4x above 3m/s, which is above
the typical wind speeds in an indoor environment.

We define spmqx as the maximum measurable speed, where
all wind speeds greater than s,,,x yield an error greater than
1.5 times the lowest measured error, l.,,, achieved. We define
1.5 times the lowest measured error as the maximum stable
error, where wind speeds that yield errors less than this
value are relatively accurate and stable; we determine the 1.5
multiplicative factor empirically based on looking at the heat
map of each method’s wind speed error versus ground truth
wind speed in Figure 10. The minimum measurable speed,
Smins 1S the speed where all wind speeds less than s,,;, show
this same behavior. In Figure 10, we highlight the measurable
range or the region between the maximum and minimum
measurable speeds.

When comparing the effects of I and D on the estimation
range for the CC scheme, we see that a high D changes the
sensing characteristics the most. The drone is more sensitive
to lower wind speeds as it becomes less stable with less
external force. However, the accuracy for higher wind speeds
reduces. Changing to the SLI control scheme, we see that

the performance is more similar to CC-Balanced and CC-
Highl as we observed that the velocity controller (removed
in SLI) has a small effect on the stability of the drone while
it is hovering in place. However, removing the angular rate
controller (SLB) reduces the stability of the drone more than
any other configuration. As such, it is much more sensitive
to lower wind speeds, but cannot even maintain a hover at
higher wind speeds (denoted by the “X”).

We select the CC-Balanced configuration (P = 3000, I = 0,
and D = 65) because it covers the highest range of wind
speeds compared to other configurations and because it has
the best trade-off in wind speed and direction estimation
accuracy, as discussed in Section 5.2.

5.5 Estimation Error, Window Size, and
Latency

There are many parameters that affect the overall accuracy
and performance of wind vector estimation, including con-
trol signals to use, features to extract, mapping models, and
measurement window sizes. We evaluate them below.

Estimation Method: Figure 11 shows 25th, 50th, and 75th
percentile error for estimated wind speed, azimuthal angle,
and polar angle for Anemoi compared against a state-of-art
method for estimating airflow using a drone without a wind
sensor, which we denote as BL [46]. This method models
the aerodynamics of the drone and utilizes the wind triangle
method to obtain wind speeds by estimating the drone’s air
velocity using an IMU and the ground velocity using GPS.
Because GPS is highly inaccurate indoors, we leverage an
optical flow to obtain ground velocity based on [58]. This
method cannot obtain measurements along the polar axis.
Overall, Anemoi achieves 0.11m/s wind speed, 6.19° azimuth
angle, 8.40° polar angle average estimation errors, which is
0.41m/s and 25.1° lower than the state-of-the-art azimuth
velocity error.

We estimate the error by varying the wind speed between
each configuration’s maximum measurable speed and min-
imum measurable speed, which defines the range of wind
speeds that the system can sense. Beyond these speeds, the
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error drastically increases because the wind speed is either
too low to significantly affect the drone or too strong that
the drone loses control. We make this comparison using
the following parameters for Anemoi: P = 3000,1=0,D =
65, window size = 1000ms, which we also use to perform
autonomous airflow mapping.

Window Size and Latency: How many samples we choose
to average together may also impact the quality of measure-
ments. For example, using only 1ms worth of acceleration
data may not be enough time to capture the dynamics of
the drone to give an accurate reading. However, using an ex-
tremely long window (e.g., 10 seconds) increases the time it
takes for the sensor to adjust to a new wind speed/direction.

Figure 12 plots the latency for Anemoi to begin measuring
wind speeds with low errors in the measurable range (de-
fined in Section 5.4), from when the wind speed or direction
changes vs. the window size taken for each measurement.

Latency refers to the amount of time from when we turn
on the fan to when Anemoi reads a wind speed less than the
maximum stable error (defined in Section 5.4) and/or when
Anemoi begins to read the correct wind direction (azimuthal
and polar) within +/-10 degrees.

We select a window size of 1000ms (marked as a blue dot),
which yields a latency of around 0.6 seconds for wind speed
and 0.8 seconds for wind direction (varying both azimuth and
polar) for the configuration we use to perform autonomous
mapping (P = 3000, I = 0, and D = 65). Most scenarios will

involve the drone taking measurements for several seconds
at one location before moving to the next location, so a sub-1
second latency is acceptable.

6 EVALUATING AIRFLOW FIELD
ESTIMATION

In this section, we evaluate the information theoretic au-
tonomous sampling method and CFD-based airflow field
extrapolation. We use simulations to isolate sampling and
extrapolation performance from airflow estimation errors.
We use real-world experiments to make end-to-end evalua-
tion that include the performance of single point estimates,
sampling and extrapolation. For both simulation and real-
world scenarios, we divide the space into Imx1mx1m grids
for exploration.

For the simulations, we generated ground truth airflow in
a 10mx10mx10m space using CFD with fixed airflow sources.
We applied the information gain-based exploration algorithm
to sample the space. We then used these point measurements
to estimate the airflow field in the space with CFD. We com-
pare our approach against a random sampler with the same
number of samples. We note that a random sampler is a
better baseline than predetermined routes like lawn-mower
pattern for applications that extrapolate signals with spatial
variations with limited samples [27].

Real world airflow experiments are hard to construct, con-
trol and measure ground truth. For these experiments, we
used two sources of air intake in a 3mx3mx3m grid. We took
great care to ensure parity in the ground truth and drone
measurements and to ensure that no additional wind intakes
or outlets affected the measurements. Further, we isolated the
localization error from the sensing error by using a motion
capture system for position estimates.

To quantify the performance of our exploration, we use
three metrics: (i) Entropy Per Cell: Total entropy in the
system averaged over the number of cells in the target area.
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It is an indicator of the amount of information gained by
the sampling process. A valid exploration algorithm must
reduce the entropy per cell after each step of the exploration
process. A lower entropy per cell indicates a better choice
of sampling position. Further, this metric should be reduced
by traveling the minimum distance, (ii) Distance Travelled:
The total distance travelled by the drone during the mea-
surement process is a good indicator of the cost of making
measurements. A lower distance travelled would result in
a faster execution with fewer stops for recharging, and (iii)
RMS Error in Air-flow estimation: Air-flow can be es-
timated with any number of initial samples with CFD. For
a given number of samples, a higher sample quality would
result in a better estimation of air-flow in the target space.
We observe from Figure 13 that both the exploration-based
sampling and random sampling reduce the entropy in the
system for every sample. However, we note that the cost
of sampling in terms of distance travelled increases much
more rapidly in random sampling. Our exploration method
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considers the cost of sampling in the decision-making pro-
cess, performing better for a given number of samples (Fig-
ure 13a) and the same distance traveled (Figure 13d). We also
observe from Figure 13c that the RMS error computed with
the ground truth and estimated airflow reduces predictably
with exploration, whereas for random sampling it is not as
predictable. This suggests that the quality of samples from ex-
ploration is better. Finally, the total distance traveled by the
exploration algorithm is far lesser than random to achieve
the same RMS error reduction in the estimate (Figure 13e).

Figure 14 shows Anemoi’s performance in real-world ex-
periments. We see that the performance trends for entropy re-
duction and cost are similar compared to simulations. Given
the limited information about the overall airflow at the start,
our method helps rapidly decrease the entropy per cell. Our
exploration algorithm is able to intelligently pick sampling
locations balancing information gain and distance cost, mini-
mizing total distance traveled. We find that due to the turbu-
lent nature of wind in the real world, airflow measurement is
noisy in both ground truth and Anemoi measurements. We
observe that the general trend of the airflow is captured as
shown in Figure 15. However, we observe that as additional
samples are collected, our overall RMS error increases (Fig-
ure 14). On close examination, we attribute this to errors in
the direction of sampled airflow, particularly in points where
the measured airflow is very low. This causes our CFD to
compute overall airflow that deviates from the ground truth.
In the future, we can use our calibration from Figure 10 to
filter out values outside our sensor sensitivity for improved
airflow estimation.

7 DISCUSSION

Sensor Sensitivity: One challenge in designing the airflow
estimation on the drone was the range of values it was able
to sense. Our palmtop drone was sensitive to higher volume
of airflow, such as when it is in front of a box fan. It was not
very sensitive at greater than 6-8m away from an airflow
source. We suspect this is an artifact on the drone size. A
future research direction we hope to pursue is the study of
drones of various sizes and the limits of their sensitivity.

Different Control Schemes: In this work, we explored
how different PID control schemes affect Anemoi. Although
PID control schemes are most commonly used, there are a
variety of drastically different drone control schemes that
have been proposed previously, such as reactive control [9]
and INDI [66], which we plan to explore in future work.

Exploration Sensitivity: To compute in real-time, the ex-
ploration algorithm chooses sensor poses based on maximal
entropy reduction in unmeasured locations. The actual en-
tropy reduction after measurement depends on the magni-
tude and direction of the airflow at the chosen location. This
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Figure 15: Airflow from real-world experiments. Ground truth airflow generated with two sources indicated with red arrows
(left), Airflow estimated by running CFD on measurements made with the Anemoi exploration algorithm (middle), and Airflow
estimated by running CFD on measurements made with random strategy (right).
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Figure 16: Optical-flow based localization error across five
flight trials - Accumulated Translation Error (left) and Accu-
mulated Rotation Error (right).

is a trade-off to achieve online execution. We assume that
airflow in the entirety of the target space is estimated as a
post-processing step after sampling, since airflow extrapola-
tion using CFD is a time-consuming process.

Full autonomy: While complete onboard autonomy was
desirable on the drone during the sampling phase, we relied
on external sensing for odometry. The primary reason is
the limited battery capacity on small drones for onboard
odometry. Our empirical experience suggests that we might
need to move to a larger drone with a bigger battery to
incorporate full autonomy in airflow estimation.
Localization System: While we used a motion capture sys-
tem to isolate localization error from sensing error, an on-
board localization system can be used in practice [8, 33, 79].
In Figure 16, we can see the cumulative optical-flow and IMU
based localization errors on our drone is very low while trav-
eling our experimental setup (< 0.3m). Since we divided the
space into 1m? grids, the average localization error should
be less than 0.5m to ensure that the drone stays within the
grid while measuring; a drone that drifts outside of the grid
during measurement will be affected by airflows from neigh-
boring grids, which reduces measurement accuracy. From
Figure 16, we see that the localization error rises during op-
eration but does not go above 0.3m. One aspect that could
be used to alleviate this problem is to take advantage of the
drone’s limited flight time. When it returns to a base station
to recharge or swap batteries, the drone could be reset, which
would also reset sensor drifts and reduce localization errors.
Applications: Our platform has been evaluated for and can
be used to monitor health of indoor spaces by measuring

ventilation and air flow. A 1m grid is suitable for such appli-
cations [13, 61] where predominantly CFD analysis is done
over measurements of sources and vents or through manual
measurements in fixed points > 1m apart. In contrast, finer
grained measurements of up to 0.5m grids may be required
for other applications like air flow based thermal comfort
analysis [54]. For such applications, a higher localization
accuracy is required.

8 CONCLUSION

We present Anemoi, a low-cost sensorless indoor drone sys-
tem for autonomous estimation of 3D airflow fields. We
demonstrate that Anemoi is able to estimate airflow with-
out the use of external sensors by training a data-informed
geometric model that maps motor control signals (under
perturbation) to known (generated) wind vectors. We show
the effects of system parameters, such as PID values, control
signals/features to use, mapping models, and measurement
window sizes, on the performance of the system, including
range, sensitivity, estimated error, and latency. In compari-
son with a baseline state-of-art drone-based method, Anemoi
achieves up to 0.41m/s and 25.1° average lower errors in
wind speed and angle estimation. We propose an exploration
algorithm that selects optimal points in the space for mea-
surements, and demonstrate that Anemoi is able to map the
3D airflow field with an average RMS error of 0.73m/s and
average angular error of 29.79°.
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