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Abstract 
Bearing estimation and localization of specific sound events, 
such as impulsive sounds and motor sounds, could find 
applications in numerous scenarios including Search-and-
Rescue (SAR). Using a small system composed of tiny Micro-
Electro-Mechanical Systems (MEMS) microphones 
distributed in a so called Crow’s Nest Array (CNA) 
arrangement and a computer running array processing 
techniques and artificial intelligence methods are some of the 
explored solutions to solve these tasks. The spatial 
distribution of the microphones in arrays and the methods 
used have a decisive influence on the location estimation of 
audio events. Therefore in this paper the experimental system 
LUCY is explained.  
Keywords: microphone array, sound detection, bearing 
estimation, sound source localization 

Introduction 
The Listening system Using a Crow’s nest arraY (LUCY) is 
being developed to support numerous applications, such as 
security, surveillance, and Search-And-Rescue, by detecting 
specific sound events and improving situational awareness. 
Currently, the sensors used in those types of applications often 
provide visual support, such as optical or thermal images, but 
no useful acoustic information.  

 
Figure 1: Sensor microphone positions (red dots) in a Crow's nest 

array geometry 

LUCY is equipped with tiny MEMS microphones arranged in 
a “Crow’s Nest” configuration [1] (see Figure 1) and a small 
processing unit to zero in on specific sounds, such as 
impulsive sounds. Advanced signal processing and artificial 
intelligence methods are used to cancel noise, such as the loud 
background noise produced by wind, to detect specific types 
of sounds and precisely calculate their locations. 

Due to its small size and weight, LUCY could be mounted on 
diverse types of vehicles or even be held by the users. For 
instance, it could be beneficial to mount it on Unmanned 
aerial vehicles (UAVs) employed on SAR missions, during 
which, every minute counts to save people in life-threatening 
situations. During those missions, due to obstructive 

conditions, including for instance smoke, rubble and trees, 
potential victims are not always visible to the typical sensors 
carried by UAVs, such as cameras, but could be audible to 
LUCY’s microphones.  

LUCY is being developed to detect specific sound events, to 
calculate their bearing angles and, depending on the 
application, to transmit the information to the users or trigger 
an alarm. Consequently, the users could assess the situation 
faster, and consequently accelerate their prioritization process 
and strategies. Although the acoustic system is still in the 
development phase, early outdoor trials have been very 
promising. 

Experimental System 
The experimental system LUCY is composed of an array of 
digital MEMS microphones, a field-programmable gate array 
(FPGA) and a computer. Two types of arrays have been built 
so far to test the system, the double-layer array and the 
“crow’s nest” array. The data acquired by the microphones is 
subsequently sent to the computer, via the FPGA, to be 
processed using the methods shown in the flow chart [2] 
pictured on Figure 4. 

Microphone Arrays 
The double-layer array was the first array composed of 
MEMS microphones to be built and consists of 32 
microphones distributed circularly and equidistantly on two 
round-shaped printed circuit boards (PCB) of equal size. Both 
layers being 5 cm apart from each other (see Figure 2a). The 
purpose of the construction of this array was to prove the 
feasibility of the system using small digital MEMS 
microphones. Due to the cylindrical distribution of the 
microphones, it is possible to achieve full hemispherical 
coverage with this array (360° in azimuth and 180° in 
elevation) in contrast to other types of arrangements, such as 
the uniform linear array. However, due to the limited number 
of microphone layers present in the double-layer array, the 
elevation pattern is less accurate than the azimuth pattern. To 
compensate for the elevation accuracy drawback and to 
improve other encountered disadvantages of the first system, 
the CNA of digital microphones has been planned and is 
currently being developed. In this configuration, 64 
microphones are unevenly distributed in the four different 
layers as shown in Figure 2b, providing a comparably high 
accuracy in both azimuth and elevation. 

The small size and weight of the system, an array having a 
radius of 10 cm and a weight of approx.. 1.5 kg, makes its 
deployment more flexible. In fact, it can be used in a more 
extended set of mobile and static applications, for instance it 
can be mounted on a moving platform such as a UAV or 
installed on a fixed tripod, respectively. 
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Figure 2: Types of MEMS microphone arrays:  Double-Layer with 
32 microphones (a), and Crow’s Nest with 64 microphones (b). 

The digital MEMS microphones used for both systems cover 
frequencies up to 20 kHz and the processing time of a detected 
event is of approximately one second.  

Signal ProcessingMethods 
The data acquired by the microphones is sent to the computer 
via an FPGA. A distinct wave file is then created for every 
microphone and is growing in size while data is being 
recorded. The data of all microphones is synchronously 
segmented into windows of one second of corresponding data 
samples (see Figure 3).  

The windows are processed as shown in Figure 4, and if an 
audio event is detected in the current window, the bearing 
angle of the specific sound is estimated and sent to the user, 
as explained in [2]. After a window is processed, the window 
slides to the next set of samples to be treated as shown on 
Figure 3.   

 
Figure 3: Detection of Sound Event using a Sliding Window  

In other words, the sliding-window is used to access and 
process the data to estimate the location of specific sounds in 
near real-time. 

 
Figure 4: Flow Chart of the Experimental System 

The data of each window is filtered using a band-pass filter to 
especially eliminate noise or sounds that are not in the 
spectrum of interest. Then, an event detection procedure is 
applied to the filtered data. This holds a crucial role in the 
performance of the system, since an alarm will be activated 
only if a sound event is detected, sending the estimated 
bearing angle and timestamp of the sound source to the user. 
Therefore, the detection methods should be robust, since only 

true positive events are of interest. The detection methods 
used are traditional signal processing (SP) and artificial 
intelligence (AI) methods depending on the type of sound of 
interest. For instance, for the detection of impulsive types of 
sounds, such as tapping, clapping and screaming, both SP and 
AI have been tried separately.  The two-step SP detection 
method is applied to those types of signals. In that method, the 
data from each sliding-window of every microphone is 
incoherently added and compared to a threshold. All peaks 
exceeding it are detected. Then, the resulting signal presents 
peaks, and the amplitudes before and after each peak are 
compared [3]. If the difference between these amplitudes 
exceeds a specific value, the peak is considered a detected 
event. This detection method demonstrated robustness and 
accuracy in the detection of impulsive sounds in noisy 
environments. AI methods have also being implemented to 
detect different sounds. For impulsive sounds, a classifier 
using Convolutional Neural Networks (CNNs) was created. 
CNNs are usually used to analyze visual imagery, therefore a 
database containing images of the spectrograms of the sounds 
has been created in order to train and test the system. In a 
recent application, using diverse types of impulsive sounds, a 
classification accuracy of 91% was attained with this 
classifier [4].  

For other types of sound events, SP and AI methods are 
currently in development for detection purposes. Moreover, a 
database has been created and is constantly in expansion, 
containing numerous types of sounds, in different types of 
environments, to be able to test the methods.  

The method used to estimate the direction of arrival (DoA) of 
sound events is the coherent beamforming [2], where the 
microphone signals are windowed, Fourier transformed and 
concatenated. The resulting space-frequency vectors are 
weighted, considering the positions of the MEMS 
microphones, to create a beam pattern. The predominant beam 
in the pattern corresponds to the direction of arrival, in 
azimuth and elevation, of the sound event.  

Localizing a sound source can then be done in two ways. First, 
if there are multiple spatially distributed acoustic systems, by 
fusing their bearing estimations. In this scenario, all the 
acoustic systems are placed at distinct positions and should 
estimate bearings in the direction of the same sound event. 
Second, the localization can also be achieved if LUCY is 
placed on a moving platform. In fact, if the system is in 
movement and detects the same sound source from different 
positions, bearing estimations will be generated in each one 
of the positions towards the sound source. These generated 
angles can be fused to estimate the position of the sound 
source. 
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Experimental Results 
Experiments have been performed to evaluate the 
performance of the system, including impulsive sounds, 
motor sounds and speech.  

 
Figure 5: Bearing Angles (Azimuth and Elevation) and Sensor-

UAV Distance 

On Figure 2a, LUCY using the double-layer cylindrical array 
was placed on a stationary tripod and its position and 
orientation were measured with high precision using global 
positioning system (GPS) prior to the experiment. 

A DJI Matrice 210 UAV was flying, and LUCY’s role was to 
detect and angularly localize it. All the trajectories of the 
UAV were roughly known prior to the flights; however none 
of them were used in advance. After the flights, the real 
locations of the exact trajectories measured using GPS were 
provided (black lines on Figure 5) for comparison purposes 
with LUCY’s estimated DoAs (blue stars on Figure 5). 

During this field experiment, the UAV was effectively 
detected and the DoA of the sound emitted by the UAV were 
estimated with an accuracy of less than 1° for the azimuth.  

Figure 5 shows in blue the angular positions of the UAV 
estimated by LUCY during the field experiment, and in  black 
the measured locations of the UAV. For the azimuth, the 
accuracy of the system matches perfectly the measured 
locations truths. However, for the elevation, some bias is 
present. This is due to the few number of layers used in this 
configuration (see Figure 2a). The CNA, with its particular 
distribution and higher number of layers, will compensate for 
this bias. The distance between the sensor and the UAV is also 
shown on the image for informative purposes.  

Conclusion and Future Work 
LUCY is in the development phase, but is presenting very 
promising results. In fact, it already provides a robust 
detection of some specific audio events, it estimates their DoA 
and in some particular cases provides their localization. The 
spatial distribution of the MEMS microphones has a strong 
influence on the bearing estimation of audio events. The 
volumetric array distribution provides an excellent 

performance with a full hemispherical coverage in contrast to 
other types of arrangements, such as the uniform linear array. 
The CNA with its particular distribution will be further 
developed in order to compare its performance with the other 
volumetric array types. The MEMS CNA which is currently 
under development (see Figure 2b), will be extensively tested 
in the next field experiments.  
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