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Abstract

Nature gives us so much inspiration. Self-organization phenomenon in nature is ubiquitous
and our research group have ever applied this phenomena to various network control methods.
These methods aim at bringing robustness and adaptability features of biological systems against
environmental changes into information networks. Our research started from the interesting char-
acteristics of the chorus of Japanese tree frogs that are much well-known animals in Japan. For
example, male Japanese tree frogs call alternatively among their neighbors in order to attract
female frogs. This emerging property of their chorus is one of so-calleatm intelligencePre-
vious work applied the property to transmission scheduling in wireless communication. Further
observation on them let us notice other properties.

This thesis presents our work for revealing previously unknown behaviors of Japanese tree
frogs and applying them in a network control method, which has three parts: (1) identifying
the location and the vocalizing timing of calling Japanese tree frogs, (2) creating mathematical
models of Japanese tree frogs’ calling behavior, and (3) applying the models into a network control
method. The collaborator of this work takes charge of the second part, and this thesis mainly
includes the first and third parts.

For identifying sound source locations we propose a novel localization method using direction
of arrival (DOA) measurements obtained from microphone arrays. In order to identifying the
locations of sound sources, at least three microphones have to record the same sound. EXxisting
methods assumed that sound sources were in an area surrounded by microphone arrays, however,
which required that the sound-observable range of the microphones had to exceed the maximum
distance among microphones. In an outdoor field, microphone-array-deployable areas are limited,
and therefore, these assumptions are not always satisfied. Our proposal estimates the positions
of sound sources out of the area surrounded by microphone arrays. By locating at least three
microphone arrays closer to each other, the area observed by the three microphone arrays becomes
larger in our method. Especially, locating microphone arrays close to each other does not require
much consideration of the difficulty of deploying microphone arrays. We show that our proposed
method achieves an estimation accuracy with an error of less than 20 cm.

On the network control inspired by the Japanese tree frog, we focus on two calling behaviors
of Japanese tree frogs. One is antiphase-synchronizing calling in a short time scale and the other is



synchronizing calling in a long time scale. These calling behaviors are described by mathematical
models proposed by our research collaborator. We propose a self-organizing scheduling method
inspired by the frogs’ calling model for energy-efficient data transmission in wireless sensor net-
works. We show that our proposal reduces 78.5 % energy consumption.
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1 Introduction

Mathematical models inspired by biological mechanisms help us to develop robust and adaptive
systems in the ICT field [2]. In the background of these interdisciplinary research progress, a
lot of studies of the mathematical modeling of biological systems have been performed thanks
to the development of experimental techniques and a computer performance. The cooperative
behavior with sociality emerging from autonomous motion controls of individuals is caitadm
intelligenceand there are lots of research that apply swarm intelligence to the network control [3].

Figure 1: Japanese tree frog calling at the ridge of rice paddies

In this thesis we focus on the interesting behavior of calling Japanese tree frogs (Fig. 1). |
think if the reader has ever been in Japan in summer, he/she might experience loud frog sounds,
ribbit. . . ribbit. . . ribbit from rice paddies. They often disrupt our sleep, but once we listen deeply
to the chorus, rhythmical vocalization of frogs lets us notice its cyclic nature. It is known that
only male Japanese frogs vocalize, which is for attracting female frogs and for claiming their
own territory to other males. For such purpose, their vocalization does not overlap with each
other [4], which is called antiphase synchronization as shown in Fig. 2. Our research group previ-
ously focused on this frog’s feature and applied it to data transmission control method in wireless
communication [5].

Recently, the collaborator of our research discovered an another aspect of Japanese tree frog's
calling [6]. In a longer time scale than the above mentioned antiphasing vocalization, male
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Japanese tree frogs vocalize advertisement sounds to inform females about their own position
in a synchronized manner. That is, frogs transit in unison between two states: chorus state and
resting state (Fig. 3). Once one of the individuals begins to call, the other individuals also begin to
call. After chorusing for a few minutes, they stop calling and return to the rest state. In the chorus
state, all frogs call while keeping antiphase synchronization. In the rest state, all of frogs do not
call and stay silent. This calling behavior is thought to disperse the risks to be targeted by their
enemies such as bats and snakes. Fatigue produced by vocalizing is huge [7] and therefore, by
switching the chorus and the rest states, it is possible to reduce fatigue. However, the spatio and
temporal structure of this calling behavior remains to be unclear.

In this thesis, we propose a method identifying the sound source location and the vocalizing
timing of calling Japanese frogs, which is for building an elaborate model of the long-term dy-
namics of Japanese tree frog’s calling. And also, we propose a energy-efficient network control
method to which we applies the chorus models of Japanese tree frogs proposed in [6].

It is important to observe how individuals communicate with each other for investigating the
mechanisms of their behavior. For modeling their communication, explavimgnand where
individuals interact with each other is necessary. Thus, the identification of individual positions is
important. However, to find frogs in an outdoor environment is hard because they often are small
and conceal themselves in the environment.

Many localization techniques have been proposed so far, but most of them are based on the
assumption that a radio transmitter or receiver is directly mounted on the target animals [8, 9].
However, it is hard to put such a device on a target in advance in an outdoor environment. Then,
we localize each animal based on the information that are detectable with some devices. One of
such information obtained from their communication behavior is their calling. It is a natural idea
to make a localization system that utilizes microphones to record their calling communication.

Outdoor environments make it difficult to deploy a localization system that consists of a large
number of devices with wired connections. Therefore, we should conduct a localization method
with a small number of wireless devices with a microphone for reducing the deployment cost.
Most of existing sound-source localization methods are classified into two methods: TDOA-based
(time difference of arrival) methods [10] and DOA-based (direction of arrival) methods. TDOA-
based methods estimate sound-source positions using microphones’ position and the time differ-
ences of a sound arrivals between all pairs of two microphone nodes. DOA-based localization
methods estimate the sound-source position using sensor nodes’ position and the angle of the
signal arrival at each microphone array. In our previous research, we implemented a TDOA-
based method into low-spec wireless sensor nodes and constructed a sound source localization
system [11]. This system had various limitations such as an accuracy, observable range, and the
number of sound source,

In this thesis we propose a novel DOA-based sound-source localization method using wireless
sensor nodes with a microphone array. We implement it into micro computers, Raspberry Pi 2 [12]



connecting with an 8-ch microphone array. Previously, we conducted some fieldwork for revealing
spatio-temporal structures inherent in frogs’ calling communication. Of course, it was difficult to
detect the position of frogs visually because they call from inside of grass or underground. We
found that deployable space for system equipment is very limited and that as the distance among
nodes is longer, the measured positions of devices have larger errors. According to the feedback of
the fieldwork, we design our localization system. We carry out experiments to clarify the accuracy
of the estimated sound-source position taking into consideration of the outdoor environment.

Figure 4 shows an overview of our system, where wireless sensor nodes with a microphone ar-
ray record sounds emitted from a sound source, estimate DOAs for the sound source, and transmit
the estimated DOAs to a localization server. The lap-top computer finally estimates the sound-
source position.

Sounds divide every T periods

Ch.l(\ AN/
Ch.2)

f‘ Calculate and transmit DOAs
chuk MR

Sensor node Localizati
ocalization server .
Localization result

Figure 4: Summary of the implemented system

Most of existing methods assume that sound sources is within the area surrounded by sensor
nodes [1]. However, considering the operation in an outdoor environment, it may be difficult to
set devices on ideal positions. Therefore, our proposed method allocates wireless devices compar-
atively close to each other, e.g., on the 4 corners of a square 50 cm or 1 m on a side. Then, our
method estimates out of the area surrounded by sensor nodes. It is noteworthy that in our method,
since sensor nodes are located near each other, most of generated sounds are captured by all sensor
nodes, which is an indispensable factor for sound source localization methods.

On the network control inspired by the Japanese tree frog, we focus on two calling behaviors
of Japanese tree frogs that we mentioned above. We propose a self-organizing scheduling method
inspired by the frogs’ calling model for energy-efficient data transmission in wireless sensor net-
works. The short-term antiphase synchronization is used for contention-free data transmission
among nodes. For applying the long-term synchronized state transition into a network control
method, we interpret fatigue of frogs into the not used buffer size for data queueing in wireless
sensor devices. From this interpretation, only when a device has a sufficiently much data to be
transmitted, the device wakes up and starts data transmission. This triggers other devices wake-up



and after the all data delivery to a data-collecting sink node completes, all devices return to the
sleep mode. We show the proposal can reduce energy consumption by a computer simulation
experiment.

The rest of this thesis is organized as follows. In the next section, we show some related work.
In Section 3, we propose and evaluate a sound-source localization method for calling Japanese
tree frogs. In Section 4, we apply the models of calling behavior of Japanese tree frogs to data
transmission scheduling in wireless sensor networks. We give a conclusion of this thesis in Sec-
tion 5.
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2 Related work

In this thesis, we implement a sound-source localization system using wireless devices with a
microphone aiming at biological research of the Japanese tree frog. Previously, we conducted
some fieldwork for revealing spatiotemporal structures inherent in frogs’ calling communication.
Then, we found that it was difficult to detect the position of frogs because they call from inside
of grass or underground, but found that their calling was loud and continued for a long time.
According to the feedback of the fieldwork, we design the localization system using their chorus.

We present existing source localization methods in Section 2.1. We show chorus models of
Japanese tree frogs that our research collaborator currently proposed in Section 2.2

2.1 Acoustic source localization methods

Most of existing sound-source localization methods are classified into two types of methods:
TDOA-based (time difference of arrival) methods and DOA-based (direction of arrival) meth-
ods [10]. Both methods assume that three or more microphones or microphone arrays can record
the sound from the same source.

TDOA-based methods estimate sound-source positions using microphones’ position and the
time differences of the sound arrivals between all pairs of two microphones. This type of methods
requires comparatively highly accurate time synchronization among all microphones [13]. Com-
paring two sounds recorded by different two microphones, we can obtain one TDOA measurement
from a phase-difference between them. The possible positions of a sound source are obtained as
two hyperbolas whose foci are on the microphone locations from the TDOA between two micro-
phones. Then, the intersection that all hyperbolas obtained from all sets of microphones meet is
the estimated position of the sound source. Due to the errors of the timer in a sensor node as well
as various environmental noises, all hyperbolic curves do not intersect on the same point. Many
estimation techniques have been proposed to solve this problem [14-16].

DOA-based localization methods estimate the sound-source position using microphone arrays’
position and the angle of the signal arrival. DOA means the direction from which a sound arises
a microphone array. Nodes with a microphone array can estimate a DOA using some methods,
e.g., multiple signal classification (MUSIC) [17], which is one of the best known methods. Since
a microphone array consists of multiple microphones that connect with each other via a hardware
circuit, it does not need to synchronize the clock of all microphones, which improves the measure-
ment accuracy. We can localize the sound sources’ position by finding the point where each DOA
line originiated from each microphone array intersects. As well as TDOA, DOA-based methods
suffer from various types of errors, resulting in an estimation error in the position of the source.
Also a lot of estimation techniques have been proposed to solve the problem [1,18, 19].

Existing multiple sound sources makes it more difficult to estimate them. Given that there
are multiple sound sources and there is a localization server that collects TDOA/DOA measure-
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ments from all microphones, so-called data association problem happens. Namely, the localiza-
tion server cannot know which sound source arises the TDOA/DOA measurements. The erro-
neous TDOA/DOA combinations often make ghost source, which is not exist actually. Refer-
ences [20, 21] try to deal with this problem.

In this thesis we propose a sound-source localization method focusing on identifying the loca-
tion of calling Japanese tree frogs. This requires some challenges to overcome. To explain about
them, we should describe the characteristics of the Japanese tree frog at first. Details are provided
in Section 3.

2.2 Chorus model of Japanese tree frog

Our research group is working on modeling the chorus of the Japanese tree frog. We focus on
the different behaviors of Japanese tree frogs, which are observed in the short term and the long
term [4, 22]. In this section, we describe these models as dynamics.

2.2.1 Short-term dynamics

This section is not available now. We use the following equation as a short-term dynamics of frog
chorus.

Dot 6(6m) O — ) ()

dt
Tnm <R

2.2.2 Long-term dynamics

This section is also not available now.
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3 Acoustic source localization of Japanese tree frogs using a wireless
sensor network

3.1 System Requirements
3.1.1 Characteristics of Japanese tree frogs

Japanese tree frogs have unique and interesting characteristics. Male Japanese tree frogs vocalize
advertisement callsarly at night to inform their existence to a conspecific female (Fig. 1). When

one frog begins to call, other frogs that hear it also begin to call following the frog (chorus). The
chorus of a few frogs synchronizes in anti-phase so that their calling does not overlap. Their chorus
behavior is considered to be for letting female frogs distinguish them individually.

The body length of Japanese tree frogs is 2.0-4.5 cm. They inhabit rice paddies or forests and
their positions are sparsely-distributed. They do not call under the water and do not move while it
calls. Once the Japanese tree frog begins a chorus, it often continues more than several minutes.
The chorus of Japanese tree frogs can be observed in rice paddies in the spring of Japan, around
which there are not the tall trees, but are growing thick grass.

3.1.2 Requirements for the Japanese tree frog localization

In this research, we identify the location of Japanese tree frogs calling in a rice paddy. Most of
rice paddies are flat and they are filled with water, which makes it difficult to put microphones in
the paddies. Therefore, we put them on the ridge of a rice paddies, however, which often is muddy
and most part of it is not flat. For the operation of localization in an outdoor environment, it is
desirable to use a light and small device for reducing deployment cost.

Existing frog localization system: “Firefly” The authors of [24] implement a sound-source
localization system for the tree frogs using a special device with a light-emitting diode (LED)
that turns on response to a nearby sound. This system can acquire the position of frogs with a
precision of about 30 cm since in this system, respective devices are deployed in the observation
area at 30 cm intervals, which takes comparatively much time to prepare and manage the system.
The goal of our localization system is to achieve the precision comparable to that of [24] by a
wireless sensor network composed of less number of wireless sensor devices with a microphone
array.

System requirements Localization systems has various requirements for their application. Here,
we discuss the requirements for our localization system that is for identifying the position of
Japanese tree frog in an outdoor environment.

e Accuracy:
Japanese tree frogs have a habit that each individuals does not make an advertisement call
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while another frog is calling close to each other. Since this distance is about half a meter,
therefore, our goal is to achieve an accuracy of 50 cm so as to distinguish any two frogs.
This is not that different to that of “Firefly.”

o Difficulty in deployment:
In order to identify the position of the sound source in a 2-dimensional flat field, at least
three microphones have to obtain the sound from the source. However, for the operation
of localization in an outdoor environment, it is not always possible to place devices at arbi-
trary points. Therefore, it is desired that the localization method does not require inflexible
positions of devices.

e Number of sound sources:
Since Japanese tree frogs call in antiphase synchronization, it is rare to observe vocalization
from multiple frogs simultaneously. However, multiple frogs can sometimes vocalize at the
same time transiently, so we need to consider multiple sound-source localization problem.

e Real-time property:
Frogs do not move while calling. It is known that once it begins to call it will keep calling
for about a few minutes. Therefore, considering the case where it is necessary to find the
position of the frog in the real environment, the time required for the localization is within
a few minutes.

For the accuracy of the system, we use a DOA-based method due to its accuracy of measure-
ment. In the following section, we show an existing localization method using DOA measurements
and its problem to use for the frog observation.

3.2 Problems of existing methods

Many localization techniques using DOA measurements have been proposed to localize sound
sources. A very simple idea to identify the position of a sound source is using intersection points
of DOAs. Since this method is simple, the computational cost of it is very small. However,

it suffers from an estimation error due to many irrelevant intersections when there are multiple
sources and microphone arrays. In this thesis, we focus on the algorithm proposed in [1] since it
has a comparatively high accuracy and its computational complexity is comparatively low.

3.2.1 Grid-based localization method

The method in [1] divides an area into equal siZédyrids. Then finding the grid whose direc-
tions from microphones most closely match the estimated DOA. The localization algorithm is as
follows:

16



1. Discretize the area of interest infé grids, and calculate the coordinates of the center of
each grid.

2. Calculate g M x N') matrix ¥ whose elements,, ,, is the angle from the:th microphone
array to thenth grid center {/ is the number of microphone arrays).

3. Define a cost functiorCost, that represents the degree of coincidence between the true
DOA and an estimated DOA.

Costy — iw: [A (ém,wm,n)r (14)
m=1

wheref,, is DOA from themth sensor node.

4. Get the grid that minimises the cost function, thatiS= arg min Cost,.

A(X,Y) is angular distance betweénhandY . This is given by

14()(7 Y) -9 Sin—l | eXp(]X) 2_ exp(]Y)] . (15)

In this method, the resolution of the grid, which depends on the number oNgritbtermines
an estimation accuracy. When increasifgthe estimation error will decrease while increasing
computation cost.

This localization method can deal with multiple sources give the correct number of sound
sources. To determine the positions of multiple sources, the authors of [1] uses a two-step proce-
dure. At first, it calculates the set (denoted.Bythat contains all possible combinations of DOAs.
Second, for each grid, it calculaévst,, using a combination of DOAs, denoted pyj € J). S
grids that hagth minimumCoost, are selected as the sources’ locatien<1,2,--- ,S), where
S is the highest number among the number of DOAs all microphone arrays detect.

When we execute this procedure naively, the amount of calculation becomes very large. There-
fore, a recursive approach is also proposed. At first coarse grids are used for dividing the area, and
the above-mentioned method are applied. Then, obtained grids are recursively divided into finer
grids.

As the numbers of the sound sources, microphone arrays, or grids increase, the computational
cost also increases. In particular, increasing the number of sound sources and grids significantly
affect the amount of computation.

3.2.2 Problems of the grid-based localization method

As we discussed above, it is not always possible to place devices at arbitrary points in an outdoor
environment. In addition, the condition where at least two microphone arrays observe the same
sound sources may not be satisfied. This is because the range that a microphone array can estimate
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DOA in an outdoor environment becomes smaller than that in an ideal environment due to various
noises caused by wind and insects’ calling.

These problems can be solved by a very simple idea, that is, we only place at least two micro-
phone arrays close to each other. However, most of existing acoustic localization methods using
multiple microphone arrays considers that sound sources are within the area surrounded by mi-
crophone arrays. The grid-based method is one of these methods. The grid based localization
method assumes that the sound sources are in the area surrounded by microphone arrays and all
microphone arrays can hear the sound generated from within the area. Once this assumption is
broken, there happens an unexpected estimation error.

Figure 5 shows the situation which an incorrect grid has smaller cost than the correct grid. In
this way, the existing method may choose an erroneous grid, especially from more outward grids.
Such a problem can be suppressed by taking a finer grid division. However, if grids are divided
smaller, the computational cost for the method becomes significantly higher, which results in not
completing the localization within a prescribed time limit.

4/_____/

sibiceto® The cost of the correct grid.

The cost of the incorrect grid.

Sensor hode Sound source DOA --- The angle to a grid
Cost

Figure 5: Incorrect grid has a smaller cost
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3.3 Light-weighted multiple sound source localization method using DOA mea-
surements

3.3.1 Overview

In this section, we propose a multiple sound source localization method. Our method is based on
the grid-based method proposed in [1]. When we use the original grid-based localization method
to estimate positions of sound sources in the outside of the area which surrounded by microphone
arrays, it requires much higher resolution of grids than inside of the area in order to obtain an
accurate result.

In our method, microphone arrays estimate DOA using the MUSIC method. Then, all DOAs
are collected in one localization server that estimates the positions of sound sources. The localiza-
tion server divides the observation area into fine grids and selects small numbers of grids whose
Cost, should be calculated. To do so, the localization server first calculates a directional cost
Cost, for each direction from the center of microphone arrays. Then, the direction that has the
minimum Costy can be obtained. The localization server calculétest, for each grid whose
center is close to the line running from the center of microphone arrays according to the direction.

3.3.2 Multiple signal classification method

The multiple signal classification (MUSIC) method [17] is one of methods to estimate DOA. The
MUSIC method estimates the DOA of a signal using an eigenspace method.

Definition of a sound signal model The model of a signal measured byth microphone in a
microphone-array is defined as following.

T (t) =

M=

(am’l(t, Hl)sl(t)) + nm(t), (16)

=1
whered; is direction of thelth sound source to microphome, s;(¢) is a signal of thdth sound
source in time domaing,,;(t) is a transfer function betwedth sound source anekth micro-

phone, anch,,, (t) means noise. The Fourier transformuois

M=

X(w) =) (Ai(w,0)5(w)) + N(w) (17)

—~
Il

1
whereS;(w) is a sound signal in frequency domain in tiesound sourced; = (A ;(w), ..., Ay (w)]
is a transfer function in frequency domain betweenithesound source and theth microphone.

MUSIC method The MUSIC method estimates the angle of sound arrival by using a steering
vectorA(w, 6). A steering vector is derived from actual measurements of impulse signals.
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Let s;(¢, ;) be an impulse signal. The Fourier transformugf(t) = ap1(t, 01)s1(t,601) is
represented as

Xm(w) = Al(w, Hl)Sl(w,Hl) = Al(w, 01) (18)

In this way, steering vectaX (w) at arbitrary anglé; is obtained in advance.
Let an observed signal in time domain %€r), and its Fourier transform iX (w, 7). The
correlation matrices of(7) are defined as

Rw)=X(w,7) X" (w,7) (19)

where()* represent the complex conjugate. The eigenvalue decompositBriobbtained as

R(w) = E(w)AE ' (w) (20)
Eigenvalue),, represents the power of each sound. Therefdy@nde; whenl < i < L

represent eigenvalues and the vectors of sound sources. And others are those of noises. The spatial
spectrum is defined as

|A* (w,0)A(w,0)|
St |A”(@, O)em|
When the direction of steering vectek(w, ) is equal to the direction of sound sources, the
P(w, 8) becomes infinity. Then the sound source exists in the directién to

P(w,0) = (21)

3.3.3 Single source localization

At first, we describe our method in the case where the number of sound source is one. Our
proposed method is divided into two steps. At the first step, we estimate the direciton which sound
source exists. At the second step, the grid-based sound source localization is conducted.

Let @ be aM x 1 vector and each elemeéy, is DOA that microphone array: estimated.
Here we can assume that the coordinate of the center of microphone arrays is the origin without
loss of generality. First, we estimate the direction from the origin to a sound source. For the
estimation of the sound source direction, we use the sum of the angular distances between a vector
from the origin to the directiofiy and DOAs each sensor node estimated (Fig. 6). This is because
incorrect grids in the grid-based localization for an outside area that is surrounded by microphone
arrays often have the same direction from the origin as the true grid.

The cost of sound source direction for edgh{0 < 65 < 27) is

Costa(0y) = fj 4 (ém,es)]2 (22)

m=1
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Figure 6: Estimation of direction

whereA(X,Y") is angular distance defined in (15).
Then, we can estimate the direction of a sound source as follows.

0* = arg min(Costg). (23)
0s

Secondly, the grid-based sound source estimation is conducted. In advance, we divide the area
of interest into grids with a side length ofmeters, and sets of grids are denotedPase affects
the accuracy and the computational cost of our method, and is adjusted to the required estimation
accuracy. Next, we find the grid3’ that intersects with a vector whose starting point is the origin
and direction ig* (Figure 7).

We use the angular distance function (15) to get the cost with each direction. In order to obtain
f. using a computer program, we discretize For obtaining a high accuracy, we have to divide
thetas finely, which increase computational cost. Therefore, we use a recursive algorithm. First,
we start an angle estimation with a coarse angle, and then we d@htaind 6, which are the
minimum and the second minimu@iost, values, respectively. Ongg andé, is found, repeat
the same step again in the rangedpf< 0, < 6, (here, we assume théf < #,). Then, the
direction is found while reducing searching cost.

3.3.4 Multiple source localization

The idea of multiple source localization of our method is similar to the grid-based localization
method. LetJ denote the set of all possible unique combinations of DOAs. Then, we calculate
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Sensor node The center of the sensor nodes
& sound source DOA Selected grid

Figure 7: Reduction of searched grids

Costy(6,) for eachj € J. Here, we assume that the number of sound soufdethe maximum
number of DOAs that microphone arrays detected. Finally, we olftadirections that has the

Sth smallest cost. After that, the localization procedure is the same as the case in a single sound
source.

3.4 Experiments and results

In this section, we evaluate the proposed localization method by computer simulation. It is noted
that we implemented the MUSIC method into a wireless devices and evaluated the computational
time and the accuracy to estimate DOA. The result of this preliminary experiments is used for a
DOA error model in our simulation.

3.4.1 Single source localization

Simulation settings We assume that there are 4 sensor nodes with a microphone array in the
observed area. Each sensor node is placed on the corner of a square region with a side (denoted by
Sast) 0f 0.5 m or 1.0 m. Microphone arrays can estimate DOA for the sound emitted within 5 m
from them. Each sensor node estimates DOA at a short time interval. For that, it records a sound,
divides the recorded sound into short parts, and estimates DOA for each part. After the estimation
of DOA, it transmits DOA to a localization server. The overall system is shown in Fig.4.

e Sensor node settings
We place a set of 4-sensor nodes with a microphone array on each corner of a square. We
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assume that the center of the square is the origin. In the cdsg of square, sensor hodes

are placed at—0.25, —0.25), (—0.25,0.25), (0.25, —0.25), and(0.25, 0.25). Sensor Nodes

can estimate DOA of the sound from a source if the distance between a sensor node and the
source is less thalhm.

Sound source settings

The observed area is a square region with a side of 9 m. The corners of the observed area
is (—4.5,—4.5), (—4.5,4.5), (4.5,4.5), and (4.5, —4.5). Here, we divide the region into
18x18 grids, that is, each grid is a square with a side of 0.5. A sound source is arranged
at an arbitrary place at a grid point, except for the same position as a sensor node. We
evaluate the localization error when each grid point is chosen for the sound source position.
Considering the symmetric property, we only evaluate the square region whose corners are
(—4.5,0), (0,0), (0, —4.5), and(—4.5, —4.5).

Localization settings

The localization server conducts our localization method only when it receives DOAs from
all of the sensor nodes, that is, if at least one of the sensor nodes can not get DOA, local-
ization is not performed. In this simulation, we evaluate the estimation accuracy with and
without errors in obtained DOA. An error model of DOA is as follows.

DOA = trueDOA + e(e = 5° % |[r 4+ 0.5],r N(0,1)) (24)

This simulates the actual result of DOA measurement by using the MUSIC method. We
implement the MUSIC method into a Raspberry pi 2 B+ that connects with an 8-ch micro-
phone array (TAMAGO-03, System in Frontier Inc.) as shown in Fig. 8. For obtaining one
measurements of DOA, a Raspberry pi takes about 15 seconds in our preliminary experi-
ment. For the localization method, we set the grid siz& 16 m, the resolution of direction
estimation forf, is set to2x/36. Simulation trial is performed 30 times per each sound
source position when we consider the above error model.

Evaluation metrics

We evaluate the localization error by distance between the estimated point and the true point,
and also by the root mean square error (RMSE) between the estimated-positions and the true
source positions. RMSE shows the variation of the estimation result from the true position.

N
RASE = || 5 D=8+ 0= ) (25)

wherex;, y; is the coordinate of resul;, ¢ is the coordinate of true sound source position
and N is the number of the estimation.
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Figure 8: Raspberry pi 2 B+ with an 8-th microphone array (TAMAGO-03).
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Simulation results Figure 9 shows the result of localization. In the figureandy axes are
the coordinate of a sound source and estimation errors are represented by the color map when
the sound source is at tie, y). Most of the position of a sound source is well estimated and
computation takes about 30 seconds. As shown in Table 1, the mean error of our method achieves
an error of less than 20 cm. When comparing Figs. 9a and 9b, the estimation error of the latter is
smaller. On the other hand, an unobservable area of the latter colored in gray is larger.

The original grid-based localization method does not consider the sound source in the outside
of the area covered by sensor nodes. Even if we use the method, it cannot estimate the position
correctly as shown in Fig. 10).

Table 1: Estimation errors of the single sound source localization

Sdist 0.5m| 1.0m | 0.5m (DOA error)| 1.0 m (DOA error)
Mean error [m]| 0.173| 0.177 0.40 0.213
RMSE [m] 0.251| 0.223 1.701 0.972

Figure 11 shows the result of localization considering DOA errors. In this case, we get the
center of gravity of 30 estimation results per each sound source position. In this case, we simply
take the center of gravity of all estimation results since there is only one sound source. DOA can
be estimated with an error of about 50 cm.

3.4.2 Multiple source localization

We show the result of localization when considering multiple sound sources. Almost all of settings
are the same as the prior section. In this section, we assume that 2 sound sources are arranged at
the area. Since evaluating all possible positions of two sound sources takes large cost, we evaluate
the estimation accuracy in 2 patterns where sound sources are locgted 26) and(—1.0,2.0)

or (2.5,2.5) and(—2.0, —1.5).

Simulation results Figure 12 shows the result of localization without DOA errors. In this case

we can correctly estimate the positions of sound sources. The estimation error is less than 10 cm.
Figure 13 and Table 2 shows the result of estimation considering multiple sound sources and

DOA errors. Figure 13 presents the estimated points in all 30 trials. At this time, to obtain

the gravity center of the estimated points, we should divide these points into two clusters. In

most cases, the number of clustérgk is the total number of the sound source in the field) is

undetermined. Therefore, we have to use a clustering method that can deal with urknlown

this thesis, we use the x-means method [25]. The accuracy for both of the sound sources are shown

in Table.2. The distance between the estimated position and the true position is about 50 cm, which

is our target value of accuracy. The calculation time for this simulation is about 90 seconds.
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Figure 9: Estimation errors of the single source localization without DOA error
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Figure 10: Grid-based estimation [1]

Table 2: Estimation errors of two sound sources

The sound source position [m,m] \ (2.5,2.5) \ (—1.0,2.0) ‘
The center of gravity of the estimation [m,m](2.87,2.83) | (—1.15,2.40)
RMSE [m] 1.47 2.25
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4 Energy-efficient transmission scheduling in wireless sensor networks

This section is currently not available.
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Figurel5: Active state of sensor nodes.
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Figurel6: Remaining energy.
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5 Conclusion

In this thesis, we proposed a sound source localization method using a wireless sensor network.
Even if there is a sound source in the area where estimation was difficult by the existing method,
it was possible to estimate with an error of 20 cm with no DOA errors. We also showed the
proposed method can estimate the positions of multiple sound sources under some DOA errors.
Total calculation time to estimate the position of a sound source is a few minutes. These results
can achieve the goal of our system. We also propose a data transmission scheduling method for
wireless sensor networks inspired by the calling models of the Japanese tree frog. This can reduce
energy consumption of such networks while it increases the total delay time.

Our future work is to conduct localization experiments in an actual environment to show the
availability of our proposed system. We will also try to reduce the computational time for the
localization to realize a real-time property.
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