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Distance Estimation Using Self-Induced Noise of an
Aerial Vehicle
Luke Calkins1,3 , Joseph Lingevitch1 , Joe Coffin2 , Loy McGuire1 , Jason Geder1 , Matthew Kelly1 ,
Michael M. Zavlanos3 , Donald Sofge1 & Daniel M. Lofaro1

Abstract—In this paper we propose an algorithm to estimate
the distance between an aerial vehicle and a large obstacle
using the self-induced noise present during the vehicle’s normal
operation. We demonstrate the feasibility of using the proposed
estimation method in real-time as a feedback mechanism to
actively control the altitude of a blimp-like vehicle. The method
is built upon a physics-based acoustic model of an unknown
source emitting sound near an acoustically reflective surface.
By placing two microphones beneath a motor-propeller system
used to control the altitude of the vehicle, a real-time processing
algorithm of the audio signals is presented that can accurately
detect the distance from the microphones to the ground. The
method is based upon computing the cross-correlation matrix
of the signals on the two microphone channels. We develop a
novel cross-correlation processor that is capable of filtering out
the unknown source term and extracting the relevant time-delay
representing the time it takes for an acoustic wave traveling
from the microphone to the ground and back. Furthermore, we
show that the method is also robust to the more complex noise
source generated by a quadrotor in a static, tethered experiment.
To the best of our knowledge, this is the first framework and
demonstration of obstacle sensing onboard an aerial vehicle using
only the self-generated noise.
Index Terms—Aerial Systems: Perception and Autonomy,
Biomimetics, Range Sensing.

I. I NTRODUCTION
A. Motivation

W

HEN micro aerial vehicles (MAVs) are in dark or in
otherwise vision compromised environments, acoustic
sensing offers a more robust solution to detecting the presence
of nearby surfaces and obstacles. In nature, bats are able
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Fig. 1: Blimp used to demonstrate our method’s ability to sense/calculate
altitude (distance from the ground) using only self-induced noise from the
motors/propellers and two microphones. To demonstrate that our method
works in real-time we used our method as the altitude feedback mechanism
for an altitude controller (see Fig. 5).

to sense their surroundings with echolocation by emitting
acoustic signals and interpreting the acoustic reflections from
nearby obstacles. Approximately 85% of the 1200 known
species of bats use echolocation to map and navigate their
environment [1]. In 2014, a species of bat previously thought
to not have the capabilities to echolocate was found to use
a crude form of echolocation by emitting bio-sonar clicks
with its wings [2]. Inspired by the work in [2], we seek to
work towards a MAV platform that can utilize the self-noise
generated from the vehicle’s normal operation to acoustically
sense its surroundings. Similar to the way mosquitoes detect
changes to their self-induced flow patterns caused by the
proximal physical environment [3], we envision creating a
region of awareness around MAVs using self-induced acoustic
signatures. The benefit of such a system is not needing to
equip the vehicle with a system for emitting sound since aerial
vehicles already emit significant sound during their normal
operation. This leads to a passive, lightweight sensing system
that only requires small, inexpensive microphones to process
acoustic signals. Applications of this new sensing technology
include navigation and obstacle detection for aerial vehicles in
dark and cramped environments, or dense urban environments
where an agent’s GPS or vision cues are degraded due to
obstacles, lighting, fog or smoke.
In our previous work [4], we demonstrated the ability to
detect the distance between a nearby obstacle and a motor
propeller system (MPS) using only the sound generated during
the motor’s normal operation and a single microphone. The
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work presented in this paper is an extension of [4] with
the incorporation of two microphones acting as the sensor,
instead of one. The additional microphone eliminates the
need to measure and record the free-field response of the
system as presented in [4], which can be subject to drift.
Furthermore, we demonstrate the real-time sensing ability of
the presented method in a simple altitude control experiment
of a lighter than air (LTA), or blimp-like vehicle. While
altitude control of an aerial vehicle can easily be accomplished
with other sensors such as an ultrasonic transducer/receiver,
the experiment presented in this paper is a proof-of-concept
and demonstration of utilizing self-generated acoustics for
estimation in real-time. The work presented in this paper is a
first step toward using the self-generated noise already present
in micro-aerial vehicles as a means to sense the surrounding
area. Future work will continue to extend these capabilities
to more complex sensing scenarios with the end goal being
a system that can autonomously navigate through obstacles
utilizing acoustic cues.
B. Related Work
Acoustic sensors have been integrated into robotic platforms
for many different purposes. This includes using onboard
microphone arrays to localize external sources as in [5], or
external fixed arrays to localize a robot making noise [6]. More
advanced processing has been explored such as incorporating
the Doppler-shift due to MAV motion to localize narrowband
sources on the ground [7].
Robotic networks have also been enhanced with the use of
acoustic sensing. In [8] the authors combine ultrasonic sensing
with vision to perform localization in robotic networks in
the absence of GPS. In [9], a decentralized acoustic ranging
system is developed using a transducer/receiver to make robot
localization more robust to sensor failure. Other works use
arrays to localize leader MAVs in swarming behavior [10]–
[12]. Ultrasonic sensors are the most popular acoustic sensor
used for obstacle avoidance in robotics [13], [14]. More
sophisticated acoustic sensors have also been investigated including acoustic vector sensors in sense-and-avoid applications
[15]. A review on state-of-the-art techniques regarding the
utilization of acoustics for guidance and navigation of surface
and aerial vehicles is given in [16].
More recently, bio-inspired approaches involving acoustics
have begun to emerge for obstacle detection and navigation
in robotics. One such example is given in [17] in which
the authors try to mimic the behavior of bats through sonar
systems on ground robots. However, these systems tend to
employ many microphones and scanning sound beams in ways
that are not similar to the biological solution seen in bats.
Other approaches try to mimic biological systems more closely
by using two microphones acting as the two ears in order to
simultaneously map an environment and navigate obstacles
[18], or analyze the dynamics of the bat-obstacle interaction
[19]. Other bio-inspired approaches perform obstacle detection
based on time-of-flight [20], acoustic flow-fields [21] and
Doppler-shifts [22]. In [23], bio-inspired acoustics are utilized
for navigation of MAVs with fixed ultrasonic sensors mounted
in the environment.

C. Contributions
To the best of our knowledge, using the inherit noise of a
MAV to sense its surroundings has not been explored before.
We accomplish this by placing two microphones between the
ground and a propeller used to control the altitude of a LTA
vehicle. We design a novel cross-correlation processor that is
capable of extracting the distance between the microphones
and the ground when the MPS is actively generating sound.
A significant contribution of the work in this paper is the
demonstration of real-time estimation of the distance to a
nearby obstacle (the ground) onboard an actual MAV. The
results presented herein show better stability and maximum
detectable distance from our previous work in [4]. A final
contribution is the demonstration of the method when used
to measure the distance to the ground of a small, tethered
Crazyflie quadrotor held at a fixed distance above the ground.
This demonstrates the robustness of the method to a more
complex sound source involving four motors as opposed to
one. The Crazyflies are not compatible with the microphones,
and could therefore not be used for autonomous altitude
estimation/control. Our future work includes developing an
in-house MAV compatible with the microphone sensors and
working towards more complex sensing scenarios as opposed
to the simple one-dimensional altitude sensing presented in
this paper.
The rest of this paper is organized as follows. In Section II,
the problem is defined and the acoustic model is presented.
In Section III, the cross-correlation method based on two
microphones is developed. Experimental results are presented
in section IV before concluding in section V.
II. P ROBLEM D EFINITION
In this section, we define the problem and derive the
acoustic model used in the altitude sensing algorithm. Assume
an aerial vehicle is equipped a single motor propeller system
(MPS) that is used to control the altitude of the vehicle.
Furthermore, assume two microphones are placed beneath the
MPS to provide real-time sensing of the altitude. Assume the
microphones are at a fixed distance of d0 and d1 above the
ground on a straight line with the MPS. See Figure 2 for the
configuration. The problem we solve can be stated as follows:
Problem 2.1: Given an aerial vehicle equipped with a
single propeller to control its altitude, estimate and control
the altitude of the vehicle using only the acoustics generated
by the normal operation of the motor-propeller system.
In order to solve Problem 2.1, we employ a physicsbased acoustic model of a simple reflecting surface near
a spherically spreading sound source. We achieve this by
spectrally whitening the received signals on the microphones
and analyzing the cross-correlation matrix between the two
channels. We design a novel cross-correlation processor that
is able to extract the time delay associated with an acoustic
wave traveling from the microphone to the rigid ground and
back up to the microphone. Knowing this delay, along with
the speed of sound, the distance from the microphones to the
ground can be extracted and estimated in real-time.
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Fig. 2: (LEFT) Control hardware for the LTA agent. The system consists of a micro-controller for closed loop control, a motor driver, a brushed DC motor
with propeller, a laser range finder which is used for ground truth measurements, two microphones attached on an acoustic isolating surface, and a DSP
micro-controller which is used to implement our altitude measurement based on self-induced noise which is the focal point of this paper. (MIDDLE) Propeller
and microphone configuration. It is important to note that the z-axis of the propeller is facing down and the z-axes of the microphones are parallel to the
ground and normal to the z axis of the propeller. (RIGHT) Overall system, as seen in Fig. 1, including the gondola and the lift system. The lift system consists
of three envelopes containing a total of approximately 210 L (7.5 cu ft) of helium.

A. Acoustic reflecting model
Consider the configuration in Figure 2. The direct wave
response at microphone j in the frequency domain, denoted
p̂dj is given as the MPS source spectrum, S(ω) with a time
delay τjd representing the time for the sound to travel from the
MPS to the microphone. Therefore, the direct wave response
is given as
d

p̂dj = S(ω)e−iωτj .

(1)

It should be noted that the source spectrum S(ω) is broadband
with peaks at distinct frequencies corresponding to blade
passing rate harmonics as well as other mechanical, structural
acoustic, and electro-acoustic components. This source term
is unknown and can be subject to drift as batteries begin to
lose power, the motor goes through normal wear and tear, or
the power setting is changed.
When the MPS is emitting sound near a reflecting surface,
the received field at the microphone in the frequency domain,
p̂j , is a summation of the direct wave and reflected waves [24]
p̂j = p̂dj (1 + aj e−iωτj ),

(2)

where τj is the acoustic round trip travel time between
channel j and the ground, and aj is a combined reflection and
spreading loss coefficient. Using a spherical spreading model,
aj = βτjd /(τjd + τj ), where β is the reflection coefficient of
the ground.
It is instructive to consider the case where the source is a
white noise emitter, i.e. |S(ω)| = 1 for all ω where | · | is
the complex magnitude of the argument. In such a case, the
received field at the microphone would be
−iωτjd

p̂j = S(ω)e

(1 + aj e−iωτj ).

(3)

The auto-correlation of the microphone signal is

= 1 + |aj |2 + 2R(aj e−iωτj )

III. C ROSS -C ORRELATION P ROCESSING
In this section we formulate the time-domain crosscorrelation in terms of the inverse Fourier transform of the
frequency-domain cross spectral density matrix. We perform
the spectral whitening using a two-channel normalization. The
normalized pressure in the frequency domain on microphone
j, denoted p̃j , is
p̂j
p̃j = qP
2

,

(5)

2
l=1 |p̂l |

where
|p̂l |2 = |S|2 (1 + |al |2 + al e−iωτl + a∗l eiωτl )

(6)

is the complex magnitude squared of the received signal
according to (2). With this form, the cross spectral density
matrix elements are given by
Cjk = p̃j p̃∗k

p̂j p̂∗j = |p̂j |2

= 1 + |aj |2 + aj e−iωτj + a∗j eiωτj

since |S| = 1, where ∗ denotes the complex conjugate. The
inverse Fourier transform of (4) will reveal a delta function at
τj , the round trip delay of the reflected signal. Assuming the
speed of sound is known, the round-trip time delay could then
be utilized to calculate the distance to the reflecting surface.
Due to the non-white spectral characteristics of the source
S(ω), the simple filtering described above assuming a white
noise source cannot be applied. The received acoustic signal
on the microphones must be spectrally whitened in order
to extract the relevant time delays. In the next section, we
describe a spectral whitening approach to exploit the model
(2) in order to extract the delays τ0 and τ1 .

d

d

= eiω(τk −τj )
(4)

1 + aj e−iωτj + a∗k eiωτk + aj a∗k eiω(τk −τj )
P
.
−iωτl |2
l |1 + al e
(7)
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With the cross-correlation elements defined in (7), note that
the diagonal elements, Cjj are given by

Simulated C00 − C11
IFFT(C00 − C11 )

1 + aj e−iωτj + a∗j eiωτj + |aj |2
P
−iωτl |2
l |1 + al e
1 + 2R(aj e−iωτj ) + |aj |2
P
.
=
−iωτl |2
l |1 + al e

IFFT(C00 − C11 )

0.2

Cjj =

(8)

mic 0 delay
mic 1 delay

0.1
0.0

−0.1
−0.2
0.00000

Cxx = C00 − C11
|a0 |2 − |a1 |2 + 2R(a0 e−iωτ0 ) − 2R(a1 e−iωτ1 )
P
. (9)
=
−iωτl |2
l |1 + al e
The real parts of the time delays terms are now the dominating
terms since |aj |2 < |aj |. By taking the inverse fast Fourier
transform (IFFT) of (9), a peak is expected at τ0 , while a valley
is expected at τ1 due to the minus sign. The Fourier transform
of a pure time-delay, τ , is eiωτ . Therefore the IFFT of eiωτ
is a delta function at τ , δ(τ ). The dominant terms in equation
(9) are not pure time delays but rather the real part of two
pure time-delays. However, the IFFT of the real part of a time
delay still exhibits a single peak at τ . Therefore, the distance
from the microphones to the ground can be estimated by first
performing a FFT on each microphone signal, then formulating
(9), and finally performing an IFFT on (9) which will exhibit a
peak at τ0 and a valley at τ1 . Given the knowledge of the speed
of sound, the distance from the microphones to the ground can
be estimated given these time delays.
Assuming a nearby reflecting surface, the IFFT of (9) can be
visualized. In Figure 3 (top), data is simulated for a spectrally
white noise source with parameters d0 = 0.055 m, d1 = 0.08
m, resulting in a separation of δ = 0.025 m between the two
channels. A 1024 point IFFT is used assuming a sampling
frequency of 44.1 kHz. Given these dimensions, it can be
seen that the IFFT shows a peak corresponding to τ0 and a
valley corresponding to τ1 as expected. Therefore, by selecting
the maximum value of the IFFT output, the time delay τ0
can estimated and therefore the altitude of microphone 0
(the one closer to the ground) can be determined. In Figure
3 (bottom), noise from a tethered quadcopter source above
two microphones is processed using (9) for comparison. The
parameters are the same as the simulated case.
The altitude sensing described in Equation (9) can be
efficienty implemented with the Fast Fourier Transform. Every
time a new FFT is available, the frequency domain calculations
can be performed and (9) can be calculated. Then, the IFFT of
(9) can be calculated, followed by maximum peak detection
in order to get the time delay and resulting distance. Since the
cross-correlation is a random quantity subject to random noise,
a better estimate of it can be obtained by statistical averaging
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Through the normalization of the received signals, the source
term S has been canceled out thus removing the effects of it
mixing with the time delay signals of interest. Given the form
of (8), and noting that |aj | < 1, since aj = βτjd /(τjd + τj ),
we can isolate the time delays signals by subtracting the two
diagonal elements,
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Fig. 3: (TOP) Simulated Cxx for a single FFT sample with a d0 = 0.055 m
and d1 = 0.08 m thus producing a separation of δ = 0.025 m. (BOTTOM)
Experimental Cxx for a single FFT sample.

Algorithm 1 Active Altitude Control Algorithm
Require: Distance servo setpoint dref
Require: Proportional and derivative gains Kp , Kd
Require: Number of FFT snapshots to average, Ns
Require: Number of FFT points Nf f t
1: while true do
2:
Compute FFT of microphone streams p̂0 , p̂1
3:
Estimate C00 and C11 using (10) using previous Ns − 1
FFT samples along with current FFT sample
4:
Compute cross-correlation processor Cxx using (9)
5:
Compute IFFT(Cxx )
6:
Find the maximum bin of the previous step
7:
Estimate round trip time delay τ0 as time corresponding
to the maximum bin
8:
Calculate distance d0 = cτ0 /2, (c = speed of sound)
9:
Calculate err = dref − d0
10:
Calculate control value val = Kp ∗ err + Kd ∗ derr
dt
11:
Set motor duty cycle to val (−1 to 1)
12: end while

successive cross-correlation estimates according to

Cij (ω) =<

p̃i p̃∗j

Ns
1 X
>≈
p̃ki (ω)p̃k∗
j (ω),
Ns

(10)

k=1

where < · · · > is the expected value which is approximated
by a sum over Ns snapshots. This was employed during
experiment and was found to stabilize the distance estimate.
The algorithm for estimating the distance to the ground is
summarized in Algorithm 1 using a simple PD controller to
control the altitude which was also utilized in experiment.
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Fig. 4: (LEFT) Distance measured by our self induced noise method described in the paper compared to the ground truth give by the laser at 5 fixed distances
of 30.2mm, 95.6mm, 159.2mm, 231.0mm, and 292.8mm. Standard deviation of the measurements at all distances is also displayed. (RIGHT) Active altitude
control with laser range finder ground truth.
Distance as Measured by the Acoustic Sensor Filtered
Motor running at a constant 70% duty cycle at a nominal 3.7v
500

Distance Acoustic Filtered (mm)

450
400

Distance (mm)

350
300
250
200
150
100
50
0
0

100

200

300

400

500

Tiime (sec)

Fig. 5: (LEFT) Distance measured/calculated by our self-induced noise
method as described in this paper. The true distance for the clusters from left
to right are 30.2mm, 95.6mm, 159.2mm, 231.0mm, and 292.8mm respectively.
All of the measurements were done at a nominal 3.7v with a PWM with a
70% duty cycle PWM applied to the motor.

IV. E XPERIMENTAL R ESULTS
To demonstrate the distance estimation algorithm, we conducted a dynamic altitude control experiment with a lighter
than air (LTA) vehicle. A simple feedback control loop was
implemented to demonstrate the feasibility of the algorithm
for real-time sensing. We also tested our algorithm in an
experiment with a tethered Crazyflie quadrotor held at a fixed
distance above the ground. This demonstrates the robustness
of the algorithm in the presence of four motors acting as a
sound source as opposed to one. Our future work will focus
on developing a quadrotor platform and the tethered quadrotor
experiment in this paper validates the feasibility of the sensing
technology onboard such a platform.
A. Dynamic LTA Altitude Estimation and Control
A LTA vehicle was designed and built with three envelopes
filled with helium to create lift. A single two-bladed propeller
was placed on a gondola beneath the envelopes facing downward such that it can create upward lift against gravity when
activated. The system is shown in Figure 2. The gondola
was appropriately ballasted to create a negatively buoyant
vehicle requiring motor thrust to maintain a fixed altitude. The
purpose of this is to create a minimum duty cycle such that
the propeller is always creating noise and acting as a sound
source for the functioning of Algorithm 1.

Two auto-adjustable gain microphones were placed beneath
the propeller at a distance of δ = 2.2 cm apart. The microphones were connected to the ADC on a Teensy 4.1 DSP
microcontroller. Algorithm 1 was run onboard the Teensy,
processing the audio in real-time and providing an estimate
of the distance from the lower microphone to the ground. The
output of the Algorithm 1 was then fed into a microcontroller
(ESP8266), via a serial connection. A proportional-derivative
controller was implemented on this microcontroller to control
the distance of the vehicle’s altitude at a desired setpoint. A
laser range-finder was also mounted to the gondola to act as a
ground truth measurement to compare to the distance estimate
output from Algorithm 1. The hardware setup can be seen in
Figure 2.
A setpoint of 15 cm was chosen with minimum pulse width
modulation (PWM) duty cycle of 0.4 and maximum of 0.7. A
plot of the altitude estimated by Algorithm 1 while actively
controlling the altitude based on the estimate, is shown in
Figure 4. It can be seen that the estimation from the audio
periodically jumps to values below 20 mm but otherwise
tracks the true distance well. The proportional and derivative
control gains can be adjusted along with the addition of
integral control such that the altitude approaches and settles
at the desired setpoint. However, for this experiment, we
intentionally created some dynamic oscillation to showcase the
proposed method being able to track this time-varying distance
in real time. We did this to highlight the main contribution
of this work being the feasibility of using self-generated
acoustics in real-time to sense the surroundings. The gains
were manually adjusted in order to get the desired oscillation
effect seen in Figure 4.
We characterized the error of the estimator at different altitudes by rigidly fixing the LTA vehicle in place at five different
heights while our algorithm generated distance estimates with
the motor running. A simple filter was applied to this data that
rejected the estimate if the first bin in the IFFT of (9) was the
maximum bin. This is because the random fluctuations of the
estimate tended to be to that bin, which corresponds to the
lowest possible detectable altitude at 3.9 mm as described in
Section IV-C. This altitude is not physically realizable given
the hardware setup and can therefore be ignored. A plot of
the measured distance and standard deviation of the measured
distance with and without the filtering is shown in Figure 4.
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Fig. 6: (LEFT) Static testing of the altitude control of autonomous aerial vehicle using self-induced noise. Dynamic tests were performed on an lighter-than-air
agent (blimp) as shown in Fig 2. (TOP RIGHT) Frequency spectrum, Cxx , in respect to time with the expected time delay overlaid. (BOTTOM RIGHT)
Time delay of peak magnitude from the frequency spectrum, Cxx , converted to distance (m) with the expected distance overlaid.

A raw plot of the distance estimates measured in real-time
is shown in Figure 5. Figure 5 shows steady tracking up to
the 25 cm range with very few dropouts, but performance
degrades at 30 cm. Every point in Figure 5 is a new distance
estimate as soon as Algorithm 1 returns a new value roughly
every 23 milliseconds. The clustering of the points in bands
in Figure 5 shows the algorithm estimating the true distance
correctly. However, as the distance above the ground increases,
some of the estimates fluctuate to incorrect values although the
majority are still clustered around the correct value.

B. Static Quadrotor Altitude Estimation
In this subsection, we demonstrate the ability of Algorithm
1 to be used in a quadrotor system. The purpose of this test
is to demonstrate the distance sensing algorithm on a more
complex noise source as we work toward a quadrotor platform
in our future work. Even with 4 MPSs present, the proposed
algorithm works well. A static experiment was run where
the Crazyflie quadrotor was mounted at a fixed distance of
5 cm above the ground with two microphones placed under
the center of vehicle. All four of the motors were then turned
on and the data was recorded and Algorithm 1 was applied
as a post-processing step. See Figure 6 (left) for setup. The
other microphones in Figure 6 were utilized for other tests but
were not utilized in the test described in this paper. The results
for a test run for 40 seconds are shown in Figure 6 (right).
In Figure 6 (top-right), the IFFT of (9) is plotted along the
y-axis with the time of the experiment along the x-axis. The
peak and valley corresponding to τ0 and τ1 can be seen as
the steady yellow and violet horizontal bands respectively. By
taking the maximum value of the IFFT of (9) every time an
estimate is available, τ0 and therefore the distance d0 can be
estimated and is displayed on the bottom right of Figure 6. The
expected time delay given the measured distance of the quad
off the ground is overlaid to show it is correctly tracking. The
motors were turned off at the end of the experiment, hence the
drop out near the end. We are currently designing and building

a quadrotor with the correct microphone hardware such that
we can autonomously navigate more complex scenarios.
C. Distance Detection Resolution
Here, we present analysis on the resolution of the distance
estimation algorithm given the hardware utilized in the experiment. The two limiting factors are the sampling rate and the
number of time samples used in the calculation of the FFTs
on the microphones. Using more samples in the FFT allows
for finer resolution, but also results in higher latency of the
estimate given the same sampling rate. Since the hardware
utilizes 1024 point FFTs and a 44.1 kHz sampling rate, it takes
1024/44100 ≈ 23.2 milliseconds to sample the signals before
an estimate can be calculated. After (9) is calculated, a 1024
point IFFT is performed which returns a time-delay resolution
equal to the original sampling interval of 1/44100 ≈ 22.7
microseconds. Since the calculated time-delay in Algorithm
1 represents the time for an acoustic wave to travel from
the microphone to the ground and back, then the acoustic
wave travels from the microphone to the ground in half that
amount of time. Assuming the speed of sound is 343 m/s, this
corresponds to a round-trip distance resolution of ≈ 7.8 mm.
Therefore, the one way distance resolution is approximately
3.9 mm or 0.1 inches. Therefore, the distance estimate is
returned in increments of 3.9 mm, and the control to the
motor will not be updated unless the distance changes by this
incremental value.
V. C ONCLUSION
In this paper, we presented a method to estimate the distance
of an aerial vehicle to a nearby acoustic reflecting obstacle.
To demonstrate the algorithm, we implemented a simple onedimensional altitude control experiment for a blimp-like vehicle. By analyzing the cross-correlation matrix of two microphones placed beneath the motor propeller system controlling
the vehicles altitude, we designed a processor that is able to
estimate the distance from the microphones to the ground in
real time. Furthermore, we demonstrated the feasibility of such
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an algorithm being utilized in a quadrotor system. Future work
includes outfitting a quadrotor with the necessary hardware
to do an autonomous flight as well as utilizing the proposed
method for other tasks such as obstacle detection and mapping.
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