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1. Introduction

In this paper, we propose an algorithm for indoor

Sound Source Localization (SSL) using a swarm of

micro-quadrocopters (size < 0.1m). Because of their

small payloads, each micro-quadrocopter can only be

equipped with one microphone in addition to their

inbuilt motion sensors. Micro-quadrocopters are ex-

tremely noisy, have low CPU power and cannot lift

heavy equipment. To deal with these issues, the SSL

mainly requires the following two functions: 1) Self-

localization of the quadrocopters using sound land-

marks placed in the environment, and simultaneous

localization of unknown sound sources; 2) Distributed

data fusion based on noisy information from all mem-

bers of the swarm. To achieve these, we propose the

following two algorithms that are robust to noise, can

perform with a varying number of quadrocopters, and

do not rely on GPS nor motion capture to allow in-

door operations: 1) a sound-based Unscented Kalman

Filter (UKF) for self-localization; 2) distributed SSL

of a swarm and its consensus-based integration using

the Unscented Kalman Consensus Filter (UKCF). We

evaluated the proposed methods in both real-world

and simulated environments.

2. SSL with Aerial Robots

Aerial robots can explore vast spaces in a short time

and fly over obstacles like rubble, stairs and pud-

dles. They can even fly indoors [1] while maintain-

ing a group formation [2]. It makes them well suited

for rescue missions. Sound is a precious cue when

looking for victims in dark or cluttered environments.

For example, a swarm of high-altitude Fixed-Wing

Air Vehicles (FWAVs) equipped with microphone ar-

rays calculates their own position using sound and

are used to localize a person blowing a whistle [3, 4].

But FWAVs can only fly at high altitude and are

unsuitable for indoors use. Unlike FWAVs, quadro-

copters with rotary wings can fly at low altitude,

but they are also extremely noisy. To deal with the

high power noise, a microphone array embedded in

a quadrocopter is used to reduce the effect of noise

and localize sound sources [5, 6]. For the indoor

use, micro-quadrocopters are useful to have less noise

and get closer to target sound sources. However, the
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Fig.1 Considered Environment in SSL using a Swarm

micro-quadrocopter does not have a sufficient CPU

to achieve real-time microphone array processing, and

the payload is not sufficient to mount a microphone

array. Thus, this paper proposes to perform dis-

tributed processing with one microphone per quadro-

copter and share the processed data in the swarm,

as shown in Fig. 1. In the proposed method, each

quadrocopter first performs self-localization based on

UKF using known sound landmarks (Section 3·1).

Second, it performs consensus-based data fusion us-

ing the UKCF to localize unknown sound sources by

a swarm of micro-quadrocopters. The UKCF com-

bines features of two existing tracking algorithms: the

UKF [7], which performs nonlinear centralized opti-

mization; and the Kalman Consensus Filter (KCF)

[8], which performs linear distributed optimization.

The UKCF combines the best of both approaches:

nonlinear distributed optimization (Section 3·2).

3. Proposed Methods

3·1 Self-Localization using Sound Landmarks

Each quadrocopter in the swarm performs self-

localization based on measurements from an inbuilt

9-axis motion sensor (accelerometer, magnetometer

with 3 axes each) and from a microphone that we

fix on the quadrocopter’s frame. The 9-axis sensor

can be used to perform dead reckoning by integrating

acceleration measurements, but this method is infa-

mous for its divergent error on position estimation.

To solve this issue, we use sound intensity measure-

ments from sound landmarks (loudspeakers) placed at

known positions on the field. The high ego noise of the

quadrocopter and the environmental noise cause high

error on such intensity measurements, but contrarily



Variables
Quad. coordinates xq, yq, zq
Velocity ẋq, ẏq, żq
Acceleration ẍq, ÿq, z̈q
Iteration k

State xk = (xq, yq, zq, ẋq, ẏq, żq)
T

Time step t

Landmark intensity (1m) I

lth landmark coordinates xl, yl, zl
Number of landmarks L

Initial sigma weight e = 0.9

Model

Time update function f

fx(αq) = αq + t× α̇q +
t∗α̈2

q

2
for α in { x, y, z}

fẋ(α̇q) = α̇q + t× α̈q for α in { x, y, z}

Output function h

ik,l =
I

(xl−xq)2+(yl−yq)2+(zl−zq)2

h(xk) =
(

ik,1 . . . ik,L
)

Fig.2 Variables and the Model in UKF

to acceleration integration, this error is bounded.

Therefore our approach relies on the fusion of ac-

celeration measurements with slowly diverging error,

and intensity measurements with high bounded error.

To perform this fusion we use the existing UKF al-

gorithm [7] and apply it to our new model based on

acceleration and intensity. The main assumptions of

our model are that the landmarks are placed at known

positions on the field, each sound landmark emits a

continuous sound signal with known frequency com-

ponents, and these frequency components are different

for each landmark. We also assume that the initial po-

sition of the quadrocopter is known and that its initial

velocity is null. The details of our model’s parameter

are summarized in Fig. 2. In short, the algorithm is an

infinite loop with two steps: a prediction step where

the next state of the quadrocopter and the expected

intensity measurements are predicted from accelera-

tion measurements, and a correction step where the

prediction is corrected using the difference between

predicted intensity and actual measurements.

3·2 Consensus-based SSL with the UKCF

Thanks to the self-localization algorithm, each

quadrocopter can calculate its own position. They

must now explore the environment to detect and lo-

calize a sound source. In this paper we do not fo-

cus on exploration or detection since we previously

investigated a non-optimized random exploration al-

gorithm and a simple motion-based peak detection

algorithm [9] to detect the presence of a sound source

and have a rough initial estimate of its position. This

initial estimation is extremely imprecise and that high

initial error must be corrected. To this end we pro-

pose a new SSL algorithm which can estimate vari-

ables undergoing a nonlinear transformation, using

Variables
Source coordinates xs, ys, zs
Quad. coordinates xq, yq, zq
State x = (xs, ys, zs)

T

Sate dimension n = 3
Iteration k

Source intensity (at 1m) I

Sigma points Xk =
{

(xj

k
, wj)|j = 0 . . . 2n

}

Initial sigma weight w0 = 0.009
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f

k

Predicted error P
f

k

Corrected state xk

Corrected error Pk

Predicted measurement z
f

k

Process noise Qk

Measurement noise Rk

Kalman gain Kk

Consensus gain Ck

Consensus order ǫ = 0.01
Frobenius norm ‖.‖F

Model

Output function h

ik = I

(xs−xq)2+(ys−yq)2+(zs−zq)2

h(xk) =
(

ik
)
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Fig.3 Variables and the Model in UKCF for the
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distributed measurements and distributed processing:

the UKCF. Unlike the UKF, the UKCF relies on pro-

cessing distributed over several sensors. It is also dif-

ferent from the KCF, an algorithm that cannot per-

form estimations involving nonlinear transformations.

In our application of the UKCF, each quadrocopter

performs nonlinear SSL using its own noisy measure-

ments of sound source intensity and SSL data re-

ceived from the other quadrocopters. This algorithm

assumes that several conditions are respected: the

sound source does not move, it emits constant om-

nidirectional sound on a known frequency bandwidth

and its intensity can be measured at a fixed distance.

The variables, model and algorithmic flow are shown

in Fig. 3.

Qk and Rk are approximated by diagonal matrices

of which elements are zero-mean Gaussian variables.

As in the UKF, the prediction step works by predict-

ing sigma points in the search space and computing a

weighted average of those points to estimate the sound

source’s state and the covariance of the error associ-

ated to this state. Predicted intensity measurements

are not obtained by linear combination of matrices

like in standard Kalman filters, but directly calcu-

lated from a nonlinear model of the state and mea-

surement update process, which allows us to estimate

nonlinear processes. Then as in the original KCF, in

the correction step we correct predictions and force

state estimations from several UKCF running on each

quadrocopter to reach a consensus by weighting each

filter’s contribution based on its estimated reliability

which is computed as the consensus gain Ck. Each

UKCF separately converges toward the same, most

reliable SSL estimation.

4. Experimental Validation

This section shows three types of evaluations as fol-

lows:

• Real-world accuracy tests of distance estima-

tion between a sound source and a micro-

quadrocopter (1D self-localization) to see the ef-

fectiveness of the proposed sound-based UKF al-

gorithm (Section 4·1).

• Real-world accuracy tests of 2D self-localization

in a horizontal plane to see the effectiveness of

the proposed sound-based UKF algorithm (Sec-

tion 4·2).

• Numerical performance comparison between

UKF- and UKCF-based SSL (Section 4·3)

4·1 1D Self-localization with the UKF

We evaluate the performance of the self-localization

algorithm for distance estimation. In this experiment,

one quadrocpter describes a 1 m circle around one

landmark; the self-localization algorithm must calcu-

late the distance from the landmark. Fig. 4 shows a

modified quadrocopter sold with onboard accelerome-

Fig.4 Micro-quadrocopter with a Sinle Microphone

Fig.5 Error on distance estimation results

ter, gyroscope, magnetometer and radio module, and

added a microphone. The sound landmark is a loud-

speaker. To evaluate the results for the best possi-

ble conditions, we moved the quadrocopter by hand

while the motors were off (no ego noise). The results

in Fig. 5 show that the distance of 1 m was properly

estimated with no error growth and an average error

of 0.06 m. By comparison, the same experiment with-

out sound (dead reckoning) yielded an exponentially

growing error of on average 5.60 m.

These results should be understood with the fol-

lowing caveats: there was no noise from the quadro-

copter, as the motors were off; there was only 1 land-

mark; only the distance was estimated (not the 2D

position).

4·2 2D Self-localization with the UKF

We perform a more comprehensive experiment to

evaluate 2D self-localization of one quadrocopter with

5 landmarks placed in an anechoic room. We used a

Motion Capture system to calculate the precise po-

sition of the quadrocopter and compare it with our

results. This experiment had some technical limita-

tions. It was performed off-line: the quadrocopter

flied for about 2 minutes, then recorded data was then

run through the self-localization system off-line. The

acceleration data was not recorded from the quadro-

copter’s sensors, but calculated from the motion cap-

ture system’s positioning data. We kept to 2D coor-

dinates estimation on a horizontal plane because the

directivity of the speaker did not allow for proper 3D

estimation. And finally, the intensity of the land-



Fig.6 Error on 2D self-localization results

marks at 1 m, necessary to initialize the UKF, was

not known and had to be calculated indirectly from

incomplete and noisy data. Fig. 6 shows the error on

the coordinates estimation. This error is on average

0.17m for our system, but grows with time; we nev-

ertheless get better results than the dead reckoning.

Possible causes for unbounded error include two vio-

lations of our self-localization assumptions: we could

not use an omnidirectional speaker and we did not

know the exact intensity of landmarks at 1 m. To

verify that the error does not stabilize at some point

we should perform a longer experiment.

4·3 SSL with the UKCF

The third experiment is conducted in a numerical

simulation. In this experiment, one sound source and

three quadrocopters are at fixed positions. They all

start with the same imprecise estimation of the sound

source position and each individual UKCF must cor-

rect the error by exchanging information with other

quadrocopters. The initial error between the estima-

tion and and the real value is 70.7 m. The quadro-

copters measure the intensity of the source with some

added Gaussian noise (variance of 20 m). We com-

pared UKCF and UKF with the same initial condi-

tions. We obtain the results shown in Fig. 7. As

shown in the figure, the error of UKF was converged

approximately to 30m while the error of the proposed

method was converged approximately to 4.5m. Our

proposed SSL algorithm reaches a good precision com-

pared to the conventional method even with big initial

error and high noise. Furthermore, despite initially

disagreeing on the sound source’s position because of

the noise in measured intensity values, all the quadro-

copters finally reach a consensus at approximately 500

iterations (30.75 seconds). When the quadrocopters

are flying freely, the observation of unknown sound

source signals is not always reliable for all quadro-

copters due to the distance and acoustic occulusion,

etc. For instance, the observation of the Sensor 2 in

Fig. 7 is not reliable before 400 iterations. However,

thanks to the consensus, the error was converged to

Fig.7 SSL Performance Comparison between UKF
and UKCF

the same as others, which shows the validity of the

proposed method.

5. Conclusion

We presented two algorithms aiming to perform

self-localization and SSL using a swarm of micro-

quadrocopters. Evaluation showed promising results

for both proposals in a highly noisy environment

where sensor data are noisy and unreliable. Never-

theless, some of our experiments violated the assump-

tions of our proposed algorithms and we believe that

much better results can be achieved if these assump-

tions can be respected. The whole framework should

also be integrated and entirely tested in the real world,

which is our future work.
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