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Sound source localization and tracking usioditary systems has been widely
investigated for robotics applications due to theinerent advantages over other
systems, such as vision based systems. Most exisilvotic sound localization and
tracking systems utilize conventional microphonays with different arrangements,
which are inherently limited by a size constraint are thus difficult to implement
on miniature robots. To overcome the size condiraensors that mimic the
mechanically coupled ear of fi@rmia have been previously developed. However,
there has not been any attempt to study robotindgsource localization and tracking
with these sensors.

In this dissertation, robotic sound sourcealazation and tracking using the
miniature fly-ear-inspired sensors are studied tug first time. First, through
investigation into the Cramer Rao lower bound (CRlaBd variance of the sound
incident angle estimation, an enhanced understgndinh the influence of the
mechanical coupling on the performance of the #y-sspired sensor for sound

localization is achieved. It is found that due lte tmechanical coupling between the



membranes, at its working frequency, the fly-eapired sensor can achieve an
estimation of incident angle that is 100 time bettean that of the conventional
microphone pair with same signal-to-noise ratio detection of the membrane
deflection. Second, development of sound localrasilgorithms that can be used for
robotic sound source localization and tracking gdime fly-ear inspired sensors is
carried out. Two methods are developed to estith&sound incident angle based on
the sensor output. One is based on model-freegradescent method and the other
is based on fuzzy logic. In the first approachfeddnt localization schemes and
different objective functions are investigated tigh numerical simulations, in which
two-dimensional sound source localization is aokiewithout ambiguity. To address
the slow convergence due to the iterative naturtheffirst approach, a novel fuzzy
logic model of the fly-ear sensor is developed he second approach for sound
incident angle estimation. This model is studiedath simulations and experiments
for localization of a stationary source and tragkenmoving source in one dimension
with a good performance. Third, nonlinear and qatctlinear controllers are
developed for control of the kinematics of a rofmtsound source localization and
tracking, which is implemented later in a mobileatfdrm equipped with a
microphone pair. Both homing onto a stationary seuand tracking of a moving
source with pre-defined paths are successfully aetnated.

Through this dissertation work, new knowledgerobotic sound source
localization and tracking using fly-ear inspirechsers is created, which can serve as
a basis for future study of sound source localiraéind tracking with miniature

robots.



ROBOTIC SOUND SOURCE LOCALIZATION USING BIO-INSPIRE D
MINIATURE ACOUSTIC SENSORS

By

Laith Sami Sawaqged

Dissertation submitted to the Faculty of the Grad&chool of the
University of Maryland, College Park, in Partialffilment
of the requirements of the degree of
Doctor of Philosophy
2013

Advisor Committee:

Professor Miao Yu (Mechanical Engineering, Chair)

Professor Amr Baz, (Mechanical Engineering)

Professor Nikhil Chopra (Mechanical Engineering)

Professor Sarah Bergbreiter (Mechanical Enginegring

Professor Nuno Martins (Electrical Engineering, Ded&epresentative)



© Copyright by
Laith Sami Sawaqged
2013



DEDICATION

To...

my lovely wife,Hala

my parents, sisters and brother

... for their everlasting patience and support

and my son Ra’ad

.. for the never-ending joy he brings to my life.



ACKNOWLEDGEMENTS

| am deeply grateful to my advisor, Profeskbao Yu, for her encouragement,
insightful guidance. Her guidance through the whekearch was valuable to me and
opened the doors to new aspects that will be usefaly career future as a faculty
member at the Jordan University of Science and @olgy. | am also very grateful
to Dr. Yu for providing me the chance to have aagexperience by participating in

the ASME 2012 conference.

| am also grateful to my Ph.D supervisory cattee members, Professor Amr
Baz, Professor Nikhil Chopra, Professor Sarah Beitgy, and Professor Nuno
Martins for your willingness to serve on my comdt providing very important and
useful suggestions on the proposal to come up avitrell-established work, and for

reviewing this dissertation.

Special thanks to Professor Amr Baz for heagihelp and support.

| am also thankful to Prof. Sean Humbert fier ospitality by using his facility to

conduct my experiments.

My thanks also go to all the members in thesBe and Actuators Lab (SAL) for
their support and friendship. Special thanks to fmgnds and colleagues Hector
Escobar, Nick Vlajic, and Rubyca Jaai for their moanp and very useful suggestions

in my work. | also would like to thank my friendgdRessor Khalid Oweis and



Professor Sulaiman Sweis and their families fongesxtremely supportive during

my study and stay in the DC area.

Last but not least, | would like to acknowledthe unlimited support received
from my wife Hala, my son Ra’ad for their sacrisceAnd my parents, sisters, and

brother whose prayers, guidance and never-endiregHave been a lifetime blessing.

Always, it is impossible to remember all, andapologize to those | have

inadvertently left out.



Table of Contents

LISt O TADIES ... e vili
S 0 ) T T = IX
NOMENCIATUIE ... e ae e e e e e e e e e e e e xviii
Chapter 1 Introduction and Background........ccccccoooiiiiiiiiiiiiiiiiiiiiieeeee e eeeeeen 1
11 Problem of INtereSt ..ot 1
1.2 LIterature REVIEW .........uuuuuuiiiiiei et e e e e e e eeeeaeeees 2
1.2.1 Sound Source Localization ApProaches....... . eeeeeeeeeeeeeeiiinniniinnnnn. 2
1.2.1.1 Direct Sound Source Localization ...........ccccceeveeeisiiiiniiiiiiiiienne. 3
1.2.1.2 Indirect Sound Source Localization..........cceeeeiuiiiiiiiiiiinieeeeeeee, 5
1.2.2 Localization of Single and Multiple Sound Sources............ccccceeeeennn.. 7
1.2.2.1 Localization of Stationary Single and Multiple Sdusources ....... 8
1.2.2.2 Localization of Moving Single and Multiple Soundi8ces......... 16
1.2.3 Bio-Inspired ACOUSEIC SENSOIS .......ccoeiiiieeeeeeiiie e 18
1.3 Objectives and Scope of this Doctoral Research...............cccceeeees 24
14 Organization of the DiSSertation............cccceeeiieeieeeeeeeeeeeeeeeiiii 25
Chapter 2 Sensor Performance Analysis for Soundc8diocalization................... 27
2.1 CRLB of Two Uncoupled Microphones ...........coemmmvvveiiiiiiiiieeeeeeneenn, 29
2.2 CRLB of the Fly-Ear Inspired SENSOr ........cceeeeeviivieeiiiiiiiiineee e 39
2.3 Numerical SIMUIALIONS .........oooiiiiiiiiies et 46
2.4 SUMIMIATY ...ttt ettt e e e e et e e e et r e e e et e e e eaa e e e eaneanees 50
Chapter 3 Sound Localization AlQorithms ..........cccceeeeiiiiiiiiiiiie e 51
3.1 Optimization Based Method..............oooiiiiiiiiiiiiiii e, 52
3.1.1 ODbjJective FUNCLIONS.........ccuieiiiiiiiii s e eee e e e e e e 54
3.1.2 Proposed Localization SChEMES .............cecemmmmvveiiiiiee e e eee e eeeeeaaenens 56
3.1.3 Ambiguity Problem ... 62
3.2 Fuzzy Logic Method............oovuviiiiiiii i 65
3.2.1 Neuro-Fuzzy Inference System (Grid PartitioningSsbtractive
(O[] (=] 11T ) ISR 70
3.2.2 Fuzzy Modeling of the Fly-Ear Inspired Sensor..........ccccvvvvvvvnnnnnn. 82
3.2.2.1 EXperimental SEtUP ........cuuuuuuuuuiiiiii it e e e e e eeeeeeaeee 83



3.2.2.2 Fuzzy Modeling Based on the Data Set Obtained thg2-DOF

Model 84
3.2.2.3 Fuzzy Model Based on Experimental Data Set ...................... 90
3.2.2.4 Experimental Validation ...............uuuuiiiceiiiiiieiee e, 97
3.3 SUMMABIY ...ttt e e e nmm e e e et et e e e e e eeeb e e e e e eeennnaaeaeens 104
Chapter 4 Mobile Robot Control for Localization ah@cking ...............evvveeennn. 107
4.1 Robot Kinematics for Localization of a Stationaigu8d Source........ 110
4.2 Lyapunov Based Controller for a Stationary Soundr&e................. 113
4.3 SIMUulation RESUIES.......covviiiiiiii e 171
4.3.1 Localization of Stationary Sound SOUICE ....ccemmmeevvveeiiiiiiieeeeeeeeneene, 117
4.3.2 Effect of Measurement Error on Localization Perfanee ................. 126
4.3.3 Tracking of a Moving Sound SOUICE...........cceeeemvvrreeiiiieieeeeeeeaeeene, 128
4.4 SUMIMIATY ..ttt smmee e e e e e e e e e e ea s e e e eb e e e ennnneens 146
Chapter 5 Experimental Studies of Robotic Soundalipation and Tracking Using
MODIlE PIatfOrMS ... 149
5.1 Experimental SETUP ......ueeeoiiee e 149
5.2 RESUIES .. eeees 152
5.2.1 Localization of a Stationary Sound SOUICE ..........ccevvvvvvrvrrvrnnninnnnn. 153
5.2.1.1 Nonlinear Controller .............uuueeeiiiiiiiiiieeeeeeeeeeee 153
5.2.1.2 Quadratic-linear Controller.............coovieee i 156
5.2.2 Tracking of a Moving SouNd SOUICE...........cccceeeveeeeeeeiiiiiiceee e 158
5.2.2.1 Nonlinear Controller .............uueeeeiiiiiiiiiieee e 158
5.2.2.2 Quadratic-linear Controller..............oovieeeeeeeiiiiiii e 163
5.3 SUMIMIATY ..ttt smmee s e e e e e et e e e ebn e e e et e e e ennneaens 168
Chapter 6 Conclusions and Future WOrK......ccccccceooeeeeiiieieviiiiiicieee e 170
6.1 Summary of the Dissertation WOork............cviiiiiiiiiiniinneeeeeeeeeee, 170
6.2 Summary of ContribULIONS ..........vvvvieiiiem e 173
6.3 FULUIE WOTK....oiiiiiiiiiiee ettt 174
6.3.1 Design of a Small Size, Standalone, and High Spegd Acquisition
BOGI ..o e 174
6.3.2 Robotic Sound Source Homing and Tracking Using Fuzmic ....... 175
6.3.3 3D Robotic Sound Source Homing and Tracking...cccc...eeeeeevveeeeee.. 175
Appendix ACramer-Rao Lower Bound (CRLB) ........coovvvieeeciiiiiiieeeeeees 177
Appendix BEquivalent 2-DOF Model for the Fly-ear ... .ooooiiiiieiiiiiiiinnnnnnn.. 182
Appendix CMatLab COdEs ........oooeiiiiiiiiiiiiiiee e 871



C.1 Sound Localization Using Two Rotational Stages............cccceeeevvvvvvvnnnnnns 187
C.2 mIPD vs. the Incident AZImuth ANGIe ... eeeieiiiiiiiiiiiieee e 519
C.3 Testing the Two Proposed Fuzzy MOdElS . weevvrrniiiiieeieeeeiiieeeeeiiiinnnnn. 197
Appendix DNonlinear Controllers Simulations..........coeveeevvviiiiiiiiiiieeeeeeeeeeee, 199
D.1 Testing the Nonlinear Controller Performancengshe Polar Coordinates 199
D.2 Testing the Nonlinear Controller Performancengshe Cartesian Coordinates

.................................................................................................................... 201
D.2.i) Using the ODEA45 FUNCHON ......cooiiiimmeeeceee e 012
D.2.ii) Using Euler Method ...........coooiiiiee e, 203

Appendix EANFIS and Fuzzy ToolboX GUI'S............uvueeeeuiiiiieiieeeeeeeeeeeeeeiieans 205
Appendix FFuzzy models incident angle estimation .............ccooovveeeiiiiiieeeiiinnnn. 207
F.1 Theoretical MOEl ..........ovvviiiiiiiiiii e 207
F.2 Experimental MOel ............ooooviiiiicemmmm e 218

Appendix GSIMULINK Codes Simulating the Moving Sound Localiion and
Tracking Problem..........cooo oo rr e 222
Appendix HLabView Program for Signal Processing and Decisifiaking.......... 231
H.1 Description and INSIIUCLIONS ........uuuiueiieieee it 231
H.2 IRODOt COMMEANGS ...eeieiiiiiiiiiee e 233
Appendix IStationary SOUNA SOUICE.......ccoeeeeeeiiieeeeeeeeeeiiiire s e e e e e e e e e e e eeeeeanenes 237

.1 Nonlinear Controller (initial heading 45..........cccoovieiiieeiieieeeeee e, 237

1.2 Nonlinear Controller (initial heading 80...........ccevvveveiecieee e, 238

1.3 Quadratic-linear Controller (initial heading#5........c..ccoceeeveeveecieeeeene, 239

.4 Quadratic-linear Controller (initial heading®@Q............ccccccoveevieiieeeeneee, 240

Appendix IMOVING SOUNT SOUICE ........ccoeviiieeeeieiimmmmmme e e eeeeeeaeres e e e e e e e e aeaeees 241

J.1 Nonlinear Controller (straight path) .....ccceeeeeveiiiiiiiiiieeees 241

J.2 Nonlinear Controller (square path) ... 242

J.3 Quadratic-linear Controller (straight path)............ccccoevvevviiiiiicccceeeen. 244

J.4 Quadratic-linear Controller (square path)............cccceeeeiiiiiiiieiiiiiiiiiiiiens 245

BIDHOGrapny ...cooeeee e 247

Vii



List of Tables

Table 1-1: Generalized Cross Correlation (GCChmetveighting functions........... 6
Table 2-1: Parameters used in the 2-DOF modéhtfly-ear [37]..........cccevvvennenen 42
Table 3-1:Performance comparison of proposed Bhgos.............ccooeeeeeeiiiiiiiiininns 61
Table 3-2: Proposed algorithms performance faalieing a back source................ 64
Table 3-3: Gain values used in different algorshm...............cccooviiiiiiiiiiii ) 65
Table 3-4: Parameters for the fly-ear inspiredseeevice. ............cccceeeeiiiiiiiininnnns 85
Table 3-5: Antecedent and consequent parametetisddirst model. ..................... 88
Table 3-6: Antecedent and consequent parametetsdsecond model.................. 88

Table 3-7: Antecedent and consequent parametetsed model trained with
experimental data. ............eiiii s 93

Table 3-8: Antecedent and consequent parametets€@® model trained with

experimental data. ............eiiiiiii e ——- 94
Table 3-9 : Performance metricS defiNitiONS . een e 98
Table 4-1: List of different simulation SCENAIIOS.........ceeveeeeeeeeeeeeeeeeeeeeeeeeaenn 131

viii



List of Figures

Figure 1.1: Sound source localization teChniqUEeS............ccevviviiiiiiiiiiie e, 3
Figure 1.2: The structure of a filter-and-sum beamer [33]..........iiiiiiiiiiinneenenn. 4
Figure 1.3: Generalized Cross Correlation methQds............ccccoeeeeiiiiiiiiiiiiiiinnees 7.

Figure 1.4: Schematic of a robot equipped withrapbones for real time sound
[oTor=1 4= 11 (0] o TN = SR 8

Figure 1.5: Microphone array installed on a Piergsbot for sound source

[0CAlIZAtION [L3]. ...t ettt e e e e e e e e e e e e aenees 9
Figure 1.6: (a) iRobot ATRV-2 robot with the acbasirray and (b) iRobot Urban

Robot with 9" diameter microphone array [20].........cccceeeiiiiiieeeeeennnnnee. 9
Figure 1.7:bio-inspired sound localization appasdb]. ............coovvvviiiiiiviiiiinnnnn. 10
Figure 1.8: PeopleBOT with the two mounted mici@mds [9]...........ccoovvivririiiinnnns 11
Figure 1.9: Nomad-XR4000 with the microphone afti&). .............coovvvvvvvrceennnn.. 11
Figure 1.10: Microphone array arranged in thraggi[15]. ........ccccvvrrrrririiinciineennn. 12
Figure 1.11: An array with 32 microphone arrangetfi&6]. .............cceeeeeivvveviinnnns 13
Figure 1.12: Two-wheeled robot with an auditorgteyn [10]............ccoevvviivvrnnnnnnnn. 13
Figure 1.13: (a) Voice processor module and (bdt@quipped with the module

1 TR PPRRPP 14
Figure 1.14: The experiment platform for searctsngivors in collapsed buildings

(B weeee e e ettt ————————————— et a e e et e e e eannna s 15
Figure 1.15: Improved survivor searching platfdi ..........ccceeeeeeeiiieiiiiiiiieieiiis 51
Figure 1.16: Robotic head with two microphonesr{frand side views) [4]. ........... 16

Figure 1.17: Dynamics model of the robot and thensl source (left) and detailed
sketch of robot (rght) [4]....cooeeeeiiiiiii e 16
Figure 1.18: Geometry of the acoustical netwaalk:The single node and (b)

triangulation using multiple NOdes [12]. .....ommeeeerrririiiiiiieeeeeeeeeeee, 17
Figure 1.19: Mobile robot structure developed anit al.[36]. ...........ccovvvvvinnnnees 17
Figure 1.20: (a) Sketch of the fly-ear and (b)2HBOF model of the fly-ear. ......... 19
Figure 1.21: Bio-inspired pressure gradient mibmpe (Mileset al. 2006) [26]. ... 20
Figure 1.22: Directional microphone design preseéity Saiteet al. [27]. .............. 20



Figure 1.23: Bio-inspired MEMS optical acoustioser developed by Curraret al.

(28] ettt e e e ——— 21
Figure 1.24: Mode shapes of the fly-ear inspireaksr: (a) bending mode and (b)
rocking MOde [28]....ccuvueiiiiiiiiee e 12

Figure 1.25: (a) Schematic of the fly-ear inspisednd localization sensor and (b)
three-degree-of-freedom (3DOF) model of the sedsuice [29]....... 22
Figure 1.26: (a) SEM image of the micro-fabricatedsor device and mode shapes
of the sensor device with (b) rocking mode at KH2 and (c) bending
mode at 19.9 KHZ [29]. ...ovieeieeee e 22
Figure 1.27: Schematic of the sound localizatemssr developed by Wareg al.
) RSO PREPR 23
Figure 1.28: Conventional (left) and quadratiean (right) C-S diaphragms [31]... 24
Figure 1.29: Schematic of central-supported gincbvalilar biomimetic diaphragm
(left), schematic of the quadratic-linear biomiroatiicrophone with
central floating gimbal design achieving quadréitiearized by the
acoustic sensing mechanism of the parasitoid ftiytae flexible clover-
stem-like gimbal structure (right) [S1]......cccevviiiiiiiieie e, 24
Figure 2.1: Schematic of (a) two uncoupled micas and (b) fly-ear inspired
sensor with two coupled diaphragms, d is the séipardistance between
the two microphones, and +epresents a positive incident angle. ........ 29
Figure 2.2: Cramer-Rao lower bound (CRLB) of azZimestimation obtained from
both the microphone pair and the fly-ear inspiredser. The separation
distance is 1.2mm for both cases, the frequenbitiz, and the
parameters in [37] are used for the fly-ear ireppsensor. .................... 42
Figure 2.3: Cramer-Rao lower bound (CRLB) of azimestimation and the variance
of azimuth estimation using Eq. (2.90). The diapghta separation is
1.2mm, the frequency is 5 kHz, and the paramete33] are used for
the fly-ear inspired sensor. The signal to nois@la 30 dB ................ 49
Figure 2.4: Variance of azimuth angle estimatibditierent SNRs. The diaphragms
separation is 1.2mm, the frequency is 5 kHz, thrarpaters in [33] are

used for the fly-ear inspired sensor, and the ewidingle is 45......... 49



Figure 3.1: Conventional microphone array arrarggimwhere and are the
azimuth and elevation angles. ...........oouecciiiiiiiee e 53

Figure 3.2: Sound localization with two rotatiostdges and the fly ear inspired

1T 1] 0] £ PP 54
Figure 3.3: Contour plot of the objective functiginen by Eq. (3.3). ccccovvveeeeeennennee. 55
Figure 3.4: Contour plot of the objective functiginen by Eq. (3.4). .ccccoeveeeeeeennnne. 56

Figure 3.5: Time history of (a) azimuth and (I®wation angles obtained with
different algorithms for the initial sound souraesjtion =75 and =

Figure 3.6: Time history of (a) azimuth and (Bw&ltion directions sensitivities
obtained with different algorithm for the initiabsnd source position
ST5ANA = 20 it 61
Figure 3.7: Time history of (a) azimuth and (lBweltion angles obtained with
different algorithms for the initial sound souraesjtion =100 and =
S L1200 e, 62
Figure 3.8: Time history of (a) azimuth and (Bwtion directional sensitivities
obtained with different algorithms for the initebund source = 100
ANA = =120 i 64
Figure 3.9: Flow chart for Fuzzy Inference System..........ccccoeevviiiiiiiiiiieiieniinns Qa9
Figure 3.10: (a) IPD versus incident azimuth aragld (b) 3D surface of the mIPD at

different incident angles and frequencies using the fly ear parameters

listed in Table 2-1. ... 70
Figure 3.11: FIS training error history using thed Partitioning method. .............. 72
Figure 3.12: Final Fuzzy model using the Grid @arting method. ........................ 74
Figure 3.13: Normalized inputs membership funciasing the grid partitioning

METNOA. .. i 74
Figure 3.14: Fuzzy model surface using the griditgening method. ...................... 75

Figure 3.15: FIS training error history using Sabtractive Clustering method. ..... 76
Figure 3.16: Schematic of fuzzy model using thatisictive clustering method. ..... 77
Figure 3.17: Normalized inputs membership functiosed in the subtractive

clustering method. ... 78

Xi



Figure 3.18: Fuzzy model surface obtained withsthigtractive clustering method.. 78

Figure 3.19: Fuzzy model testing results at défeérfrequencies using the GP

1= o To RSP 80
Figure 3.20: Fuzzy model testing results at déferfrequencies using the SC method
........................................................................................................................... 81

Figure 3.21: Experimental arrangement of the Hy{aspired sensor mounted on two
rotational stages for sound source localization................ccccceeeeees 84
Figure 3.22: 3D surface of the mIPD at differemdident angles and frequencies
using the fly parameters shown in Table 3-4..............cccoeviriiiiinnins 85
Figure 3.23: Schematic of fuzzy inference systamrcture for the fly-ear inspired
1< 10 ] PP PR 87
Figure 3.24: Antecedent membership functionster® model based on theoretical
(=250 L 7O SO P PP PPPPPR 87
Figure 3.25: Antecedent membership functionstierd® model based on theoretical
FESUITS. ..o ettt e e e e e e e e e e e aeens 88
Figure 3.26: Estimated sound incident angle coetpaith the experimental and
theoretical results at different frequencies (a) f = 5.5 kHz, (b) 72
kHz, () f=9.8 kHz,and d) f = 12 KHzZ. .....covvvvviiiiieieiieieieees 90
Figure 3.27: Experimental results of the mIPDi#fecent incident angles and
FIEOQUENCIES. e 91
Figure 3.28: Antecedent membership functions fombdel trained with
experimental data. ...........uvvureeiiiiii i 92
Figure 3.29: Antecedent membership functionstierd® model trained with
experimental data. ..........ouuveuiiiiiii i a3
Figure 3.30: Training error history obtained widlifferent number of inputs
membership fUNCLIONS. ... 94
Figure 3.31: Estimated incident anglebtained using the model trained with an
experimental data set compared with the experirhdata at (a) f = 5.5

kHz (b) f=7.2kHz (c) f=10kHz,and d) f = 1BIK. .......ovvvvrneeennnn. 96
Figure 3.32: RMSE versus frequency for the twajumodels. ..., 97
Figure 3.33: lllustration of performance MetriCS...........cocoeeeeiiiiiiiiiiiiiiie e 98

Xii



Figure 3.34: Sound localization histories obtaingtth different methods for initial
sound incident angles of (a) <28nd (b) 158............ccceeeveeieecreeenen. 100

Figure 3.35: Sound localization performance mestolstained for different methods:
(a) settling time, (b) steady state error, (c) eb@and, (d) overshoot, and
(€) roOt MEAN SQUANE EITON. ...uuuiieee e e e eeeeeeees e e e e e e e e e e e e e eas 102

Figure 3.36: Sound tracking histories obtainedhwlifferent methods at (a) speed

ratio of 1 and (b) speed ratio of 4., 103
Figure 3.37: (a) Relative RMSE and (b) absoluteSEWersus angular speed ratio.
......................................................................................................................... 104

Figure 4.1: Mobile robot control loopgisthedesired angle,n, is the measured error
angle, e is the error signalf{ ), Iis the robot translational velocity,
is the robot angular velocity,rR{YR, r are the robot position and
heading angle. ..........oeeiiiiiiiie e 107
Figure 4.2: Schematic of the robot and sound sopositions. ¢ is the heading error
measurement, is the robot heading angles,Ris the position vector of
the sound source relative to the origig,dHs the position vector of the
robot relative to the origin, andRis the position vector of the sound
source relative to the robot,and are the robot angular and
translational velocities, 2L is the width of théod, and X and Y. are the
X and Y axis posture errors of the sound sourcive to the robot in
the global coordinates..............ooviiiiceceemrcce e 1n1
Figure 4.3: History of error obtained by using ttwmlinear controller. .................. 118
Figure 4.4: History of translational and Angul&tacities by using the nonlinear
(o0] 011 0] | [= oAU PPPPPPPPPPPPP 118
Figure 4.5: Translational errgg as a function of ¢ using the nonlinear controller.119
Figure 4.6: History of error obtained by using thedratic-linear controller......... 120
Figure 4.7: History of translational and angulaloeities using the quadratic-linear
(o0] 011 (0] | = RO PPPPPPPTRRPPP 120
Figure 4.8: Tracking error history &f as a function of measured err@rusing the
Quadratic-linear controller. .............ouvcceeeeeiiee e 121

Figure 4.9: 3D virtual enNVIFONMENT. ........oomiiiiieiiiiiiiiiir e eeeeee 122

Xiii



Figure 4.10: System responses obtained by usagdhlinear controller.............. 123
Figure 4.11: System responses obtained by usenguhdratic-linear controller. .. 123
Figure 4.12: Response obtained with different clers; (a) angle error history, (b)
tracker heading angle history, (c) translationdbey history, (d)
angular velocity history, and (e) tracker trajegtor...............cccee..... 125
Figure 4.13: Settling time versus the normallyrihisited measurement noise. ...... 127
Figure 4.14: Steady state error versus the noyndatributed measurement noise.127
Figure 4.15: Error band versus the normally distied measurement noise. ......... 127
Figure 4.16: Schematic of the robot and a movigd source positionse is the
heading angle errorg is the robot heading angles,&is the position
vector of the sound source relative to the oriBige is the position
vector of the robot relative to the origin, anglsis the position vector of
the sound source relative to the robognd are the robot angular and
translational velocities, 2L is the width of théod, and X and Y; are
the X and Y axis posture errors of the sound sorgledive to the robot
in the global coordinate. ...............uuuiieeimriiiiii s 128
Figure 4.17: Trajectory of the sound source (nev€), and the robot (triangles) by
using the nonlinear controller without PID wheehtol................... 132
Figure 4.18: Tracking errors obtained with the lm@ar controller without PID wheel
(60 011 (o] IR RSO URPRPPPRR 132
Figure 4.19: History of control effort obtainedtiwithe nonlinear controller without
PID wheel Control. ... 133
Figure 4.20: Trajectory of the sound source (nede), and the robot (triangles) by
using the nonlinear controller with PID wheel contr...................... 134

Figure 4.21: Tracking errors using the nonlineartmller with PID wheel control.

Figure 4.22: History of control efforts by usirigetnonlinear controller with PID
WHEEI CONTIOL. ..o 135
Figure 4.23: History of wheel torques by using tioalinear controller with PID

WHEEI CONIIOL. ..ot 135

Xiv



Figure 4.24: Required angular velocities of thesalh by using the nonlinear
controller with PID wheel control.............coeeeeieiiiiiiiiiiiiiiiiiiiieeeeennn 136
Figure 4.25: Wheels angular velocities obtainedising the nonlinear controller with
PID Wheel CONLIOL. ....ooeeiiiiieiee e 136
Figure 4.26: Trajectories of the sound source ¢regsle), and the robot (triangles)
obtained by using the quadratic-linear controll@ghaut PID wheel
(60 011 (o] IR RSOSSN 137
Figure 4.27: Tracking errors using the quadratiedr controller without PID wheel
(o101 11 £ ] IR 138
Figure 4.28: Control efforts using the quadraitier controller without PID wheel
(610 011 (o] IR PSS RPRPPPR 138
Figure 4.29: Trajectories of the sound source ¢rgde), and the robot (triangles)

obtained by using the quadratic-linear controll@hw1D wheel control.

.................................................................................................... 139
Figure 4.30: Tracking errors by using the quadshtiear controller with PID wheel
(00] 011 (o] IR RSOSSN 140

Figure 4.31: Control efforts by using the quadréitiear controller with PID wheel
(010 11 £ ] IR 140
Figure 4.32: History of wheel torques by using gla@dratic-linear controller with
PID Wheel CONLIOL. ...coooiiiiiiiie e 141
Figure 4.33: Required angular velocities of thesalh by using the quadratic-linear
controller with PID wheel Control.............coeeeeeiiiiiiiiiiiiiiiiiiiiieeeeennn 141
Figure 4.34: Wheels angular velocities obtainedi$ing the quadratic-linear
controller with PID wheel control............o oo 142

Figure 4.35: Trajectories of the sound source ¢regsle), and the robot (triangles)

obtained by using the PID controller. ........ccccovvvviiiiiiiiiiiei e, 143
Figure 4.36: Tracking errors using the PID cOMIOL...........cccoovviiiiiiiiiiiiiiiiiiins 143
Figure 4.37: Control efforts by using the PID goter. .............ccccceeeiiiiiniininnnnn. 44
Figure 4.38: Trajectories of the sound source ¢regsle), and the robot (triangles)

obtained by using the P controller. ..o 145
Figure 4.39: Tracking errors by using the P cdl@ra..............cccceeeeiiiiiininninnnns 145

XV



Figure 4.40: Control efforts by using the P cOMo...............covvvvvviiviiiiciennnn. 146
Figure 5.1: a) Robotic platform serving as the mgwsource with the following
components: 1) portable speaker (X-mini MAX Il CalesSpeakers), 2)
Xbee module for wireless communication, 3) iRob@reate robot, and
4) markers. b) Tracking robot with the followingnsponents: 1) Xbee
module for wireless communication, 2) electret mptrone array
separated by 5 cm with the conditioning circuiteBctret microphones
power supply (battery set), and 4) data acquisiti®®Q) board (NI
USB-6009). ... ttiieieeeiiiiiiiieeee e et e e e e e s snnsseeaeeesssnnneeeeeeeeanns 149
Figure 5.2: Front and back views of the microphoineuit board. ........................ 151
Figure 5.3: Experimental arrangement for data stitpn and wireless
COMMUNICATION. ettt e e e e e e e e e e e e e e e e e e e e eeeenennnnnn s 521
Figure 5.4: Trajectory of the tracking robot homio a stationary source using the
nonlinear controller with an initial angle error4s. ...............c.......... 154
Figure 5.5: History of translational velocity ugithe nonlinear controller with initial
angle error of 45 ... 154
Figure 5.6: History of angular velocity by usingntinear controller with an initial
2T L | (=30 1< TR 155
Figure 5.7: Tracking errors by using the nonlineamtroller with an initial angle
BITON OF A5 .ottt ettt 155
Figure 5.8: Trajectory of the tracking robot homio a stationary source using the
quadratic-linear controller with an initial angle@ of 45. ................ 156
Figure 5.9: History of translational velocity ugithe quadratic-linear controller with
initial angle error of 4%5..........coo i 157
Figure 5.10: History of angular velocity by usigqgadratic-linear controller with an
initial angle Of 45. .......ocvii e 157
Figure 5.11: Tracking errors by using the quadsttiear controller with an initial
angle error 0f 4% ..., 158
Figure 5.12: Trajectory of the robot tracking ame with a straight path by using the

NONIINEAT CONTIOIIET . .. eeeeeeeee e a5

XVi



Figure 5.13: History of translational velocity fiarbot tracking a source with a

Figure 5.14: Angular velocity history for roboatking a source with a straight path
by using the nonlinear controller ..o, 160
Figure 5.15: Tracking errors for robot trackingarce with a straight path by using
the nonlinear CONIOlIEN. ..............uiiii e 160
Figure 5.16: Translational velocity history of mtltracking a source with a square
path by using the nonlinear controller. .....cccccooooiiiiiiiin. 162
Figure 5.17: Angular velocity history of robotdkang a source with a square path by
using the nonlinear controller. .............ceeeeeeiiiiiiiiie e, 162
Figure 5.18: Tracking errors for robot trackingaurce with a square path by using
the nonlinear CONtrOlIEr. ...........ooiiiiii e 163
Figure 5.19: Trajectory of the robot tracking ame with a straight path by using the
quadratic-linear CONtroller............ooo oo 164
Figure 5.20: Translational velocity history of atltracking a source with a straight
path by using the quadratic-linear controllef. ...............ccccc..ooooe. 164
Figure 5.21: Angular velocity history of robotdkang a source with a straight path
by using the quadratic-linear controller. ............cccccvvviviiiiiiiicnnnnn. 165
Figure 5.22: Tracking errors for robot trackingaurce with a straight path by using
the quadratic-linear CoNtroller. ..o 165
Figure 5.23: Trajectory of the robot tracking ame with a square path by using the
quadratic-linear CoONtroller............ooo oo 166

Figure 5.24: Translational velocity history of mtltracking a source with a square

Figure 5.25: Angular velocity history of robotdkang a source with a square path by
using the quadratic-linear controller. .........cco.vvvviiiiiiiiie e, 167

Figure 5.26: Tracking errors for robot trackingaurce with a square path by using
the quadratic-linear CoNtroller. ..o 167

Figure 6.1: Fully integrated wireless sensor ngkwmde [76]..........cccceeveeiiieeeeeenn. 175

Xvil



Nomenclature

Acronyms
2D
2PA
3D
3PA
ADC
ANFIS
AOA
CRLB
DOA
DOF
EKF
FIM
FIS
FL
GCC
GP
HYC
ILD
IPD
ITD
MAX
mDS

mliD

Two dimensions

Two-point algorithm

Three dimensions
Three-point algorithm
Analogue to Digital converter
Adaptive Neuro Fuzzy Inference System
Angle of arrival

Cramer Rao lower bound
Direction of arrival

Degree of freedom

Extended Kalman filter
Fisher information matrix
Fuzzy Inference System
Fuzzy Logic

Generalized cross correlation
Grid Partitioning
Quadratic-linear Controller
Interaural level difference
Interaural phase difference
Interaural time difference
Maximum

Mechanical directional sensitivity

Mechanical interaural intensity difference

XVili



mILD Mechanical interaural level difference
MIN Minimum

mIPD Mechanical interaural phase difference
mITD Mechanical interaural time difference
ML Maximum likelihood

NLC Nonlinear Controller

NWA Non-weighted algorithm

NW2PA Non-weighted two-point algorithm
NW3PA Non-weighted three-point algorithm
PD Phase difference

PDF Probability density function

SC Subtractive Clustering

SNR Signal to noise ratio

SRP Steered response power

TD Time difference

TDOA Time difference of arrival

WA Weighted algorithm

WTAVER  Weighted average

W2PA Weighted two-point algorithm

W3PA Weighted three-point algorithm

Xix



Chapter 1 Introduction and Background

1.1 Problem of Interest

Sound source localization is one of the magtresting problems, which have
been used in many applications such as hearing[Bidanderwater wireless sensor
networks, tactical surveillance systems, robof{2s20], and audio/video conferences
[21], [22]. To date, sound source localization linalbove mentioned applications are
achieved by using conventional microphone array®sé arrays usually consist of a
number of microphones ranging from 2 to 32 [2-20fich are arranged in two
dimensions (2D) or three dimensions (3D) to lo@liand/or track sound sources
[23]. These arrangements are typically choserutfitawonducting analytical analysis
on improving the localization accuracy [24]. Amontany different methods, the
most widely used method to analyze the localizaéiocuracy is based on the Cramer
Rao lower bound of the array for sound localizati@sed on the time difference of
arrival (TDOA) information. It has been shown tia microphones arranged in one
of the five symmetrical 3D platonic solids shapesamely, tetrahed, ocahed, cube,
icosahed, and dodecahed [23], can help achievddbe sound source localization
accuracy. However, the drawbacks of using suchyaraae the large sizes and high
computational complexity for extracting the direcil cues. The large size is
attributed to the fact that the separation distdreteveen any pair of microphones in
the array should not exceed half the minimum wagile that presents in the

propagated sound wave [25]. This condition is nemgsto ensure a detectable



time/phase difference between the microphones Isighat are utilized to estimate

the sound direction.

To overcome these drawbacks, bio-inspiredsideare been investigated and used
in developing sound localization sensors with défe configurations, characteristics,
and sizes [26-31]. Miniature directional microphen@at mimic the ear of the
parasitoid flyOrmia are one of these sound localization sensors. Miteotro-
Mechanical-Systems (MEMS) fabrication technologg baen used to fabricate these
sensors. Due to the small size and high performaricthese sensors, they can
become excellent choices for miniature robots tdope sound localization and
tracking tasks. However, there has not been armytefh use these sensors for such
applications.

This dissertation work is aimed to achieveirrdamental understanding of the fly-
ear inspired acoustic sensors for sound localimatind tracking, and to develop
localization algorithms and control strategies fobotic sound localization and

tracking using the bio-inspired acoustic sensors.

1.2 Literature Review

1.2.1 Sound Source Localization Approaches

Currently acoustic localization systems that ased for sound localization in an
environment are mainly based on two approachesHigereel.1). The first approach
is a direct approach, in which the most populahégue is referred to as the steered
beamforming. The second approach is an indirectoggh, in which the time

difference of arrival (TDOA) of the sound wave rizeel from two microphones in a



microphone array is estimated and utilized to deitee the angle of arrival (AOA) of

the sound [32].
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Figure 1.1: Sound source localization techniques.

1.2.1.1 Direct Sound Source Localization

The most popular direct technique is the beamihg. Beamforming is based on a
filter-and-sum process, which applies some temgdtats to the microphone signals
before summing them to produce a single, focusgdasi[33]. The role of these
filters is to enhance the signals from the dessedrces and cancel or attenuate the
signals from the undesired sources. This is acHiéyeperforming time shifts to the
detected signals then summing them up to locdteesbund source. These filters can
be chosen according to the nature of the soundeaignal and the noise type [33].
Practically, the sound source location is usuatitnown. Therefore, a beamformer

can steer by following a predefined spatial regaond by modifying the steering
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delays the source can be localized. This techngjgalled the steered beamforming,

as illustrated in Figure 1.2.
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Figure 1.2: The structure of a filter-and-sum beamformer B3].

The frequency response of the M-element filter-anoh beamformer is defined as:

Y(w,D,,¥4,D,,) = " G, (W) X, (W) e"n (1.1)

m=1
’

X () =s(t) +n,(t)
x({t)=as(t+D)+n(), i=23..M

and (1.2)

where ; is the determined steering delay to pinpoint thensl sources,(t) is the
time signal from the reference microphonas the spatial attenuation coefficiey,

is the TDOA,ni(t) is the noise associated with the signal from gensx( ) is the
Fourier transform of the microphones signa(y, andG;( ) is the Fourier transform
of the temporal filter. For the case that the terapblters are not used, the technique
is called delay-and-sum beamformer. For the caaethie temporal filters are used,
the technique is called filter-and-sum beamforriié@e output power of the filter-and-

sum beamformer is called steered response powd?)(S#ich can be obtained as



+¥
P(D,¥D,,)°® Y(wD,¥:D,,)Y*(wD¥D,,) dv (1.3)

¥

whereY( , i1... m) is the output of the filter-and-sum beamformét( , 1... m) IS

its complex conjugate, and,... v are the steering delays that maximize the SRP. If

the source location vector in space jshe SRP can be represented as:
P(d) = RD, ¥D,,) (1.4)
Here, w is the propagation time delay between two sen@uisrophones), which

can be represented mathematically as:

D, =f, _Ime-dI (1.5)

For a far-field condition, the propagationalekcan be expressed in terms of the

assumed sound propagation directioras:

-z,d,,
D, =—2 | (1.6)
COog sm
where -z,° cog cap 2.7)
siry

The angles ( ) are the assumed direction of arrival, which canubed to find

the propagation delays required to maximize EQ)(fbr localizing the source.

1.2.1.2 Indirect Sound Source Localization

Combining Egs. (1.1) and (1.3) in the previsastion with some manipulation, it
can be shown that the SRP technique is basicallgta averaging method. For the

case of two microphone pairs, it is proved that $3RBquivalent to the generalized
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cross correlation (GCC), which is the most commardgd method for indirect sound

source localization [33] that is represented as:

1™ N
Ri(f)=5, @)X 0) X (@) & dv (1.8)
¥
where represents the GCC of the two microphone signaix]

represents the weighting function, which can be afrhhe weighting functions listed
in Table 1-1. Figure 1.3 summarizes the differ@@C methods used in the sound

source localization.

Table 1-1: Generalized Cross Correlation (GCC) method weihting functions

GCC Method
Name Weight () Reference
Cross Correlation 1

Roth Impulse
Response

SCOT

PHAT [34]

Eckart

ML or HT

PHAT- [35]
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Figure 1.3: Generalized Cross Correlation methods.

1.2.2 Localization of Single and Multiple Sound Sources

Robotic sound source localization problemsehattracted much attention of
many researchers due to the importance of auddystems for robotic perception,
which does not need direct line of sight with tlherse [13]. Other systems, such as
vision based systems, have limited capabilities ¢ha lead to lack of information for
robotic perception. The different methods discusedtie previous section have been
used for robotic sound localization using differeamimber of microphones and
different microphone arrangements in audition systelLocalization of single and
multiple, stationary and moving sound sources H@ean investigated intensively [2—

22]. In the following subsections, detailed worktbrs aspect will be reviewed.



1.2.2.1 Localization of Stationary Single and Multiple Sound Sources

Huanget al. [8] studied a mobile robot equipped with a realdisound source
localization system consisting of three microphonssd in an echo-avoidance model
to detect the echo—free portions of the coming dodnsonar system was used to
avoid the obstacles in the robotic navigation expent, as shown in Figurk4. This
system was shown to have great capability to Ipealne sound while avoiding the

obstacles in an echoic environment.

Figure 1.4: Schematic of a robot equipped with microphonefor real time sound localization [8].

In another work, Valiret al. [13] presented a robust sound source localization
system, using eight microphones arranged in threembsions (3D) on a Pioneer 2
robot, as shown in Figuré.5. The localization was based on time differente
arrivals and it was shown that the robot was capé#bllocalizing different types of

sound sources over a range of 3 meters with aitati&in precision of 3



Figure 1.5: Microphone array installed on a Pioneer 2 robbfor sound source localization [13].

In another work carried out by the U.S. ArmgsRarch Laboratory (ARL),
acoustic sensors on robotic platforms were usdtlo the future combat systems to
perform different types of military tasks, as shoiunFigure 1.6 [20]. The robotic
systems were tested for localizing acoustic sousoel as gunshots in three different
urban environments. The cross correlation methosl wged to extract the acoustic
directions in azimuth and elevation to orient ainared (IR) camera placed on top of
the robot. Based on the measurements from diffeddtts, triangulation was used to

precisely locate the position of a sniper.

(b)

Figure 1.6: (a) iRobot ATRV-2 robot with the acoustic array and (b) iRobot Urban Robot with
9" diameter microphone array [20].



In 2004, Anderssoret al. reported a biomimetic sound source localization
apparatus, as shown in Figure 1.7. The system b@asd on the principle that
directional cues such as the interaural time dffee (ITD) and the interaural level
difference (ILD) obtained with two microphones aetated to the diffraction about
the head [5]. A performance metric was defined by the directional cues. The
angle indicating the sound source direction canligained by minimizing this metric
using the least mean square between the measudethantheoretical directional
cues. Localization of a single broadband soundcgowas achieved successfully with

a localization error of £2

Figure 1.7:bio-inspired sound localization apparatus [5].

Moreover, Murraet al. demonstrated a robotic acoustic tracking systeahubked
the interaural time difference, obtained by usihg tross correlation method, to
orient itself towards the sound source [9]. Theotaksed in this system was equipped
with two ears (microphones) and sonar sensorshasrsin Figure 1.8. The sound
was positioned at different angles relative to thead centerline and a high

localization accuracy of better than 90% was aadev
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Figure 1.8: PeopleBOT with the two mounted microphones [9]

In 2005, Sasaldt al. reported a microphone array arrangement thatiiakde for
robotic navigation in an indoor environment [14heTmicrophone array arrangement
employed 32 microphones and the signals from theseophones showed small side
lobes by using the sum and delay beamforming dlguori discussed earlier, which
can be used for sound localization. This arrangeéntesh to a good localization
performance and the capability of separation oftiplel sources. The robot (Nomad-
XR4000) equipped with this array (as shown in Fegli®) was capable of estimating

the locations of three sound sources with a pasgstimation error of 20 cm.

Figure 1.9: Nomad-XR4000 with the microphone array [14].

11



Another array (as shown in Figure 1.10) v@thmicrophones arranged in a three
ring configuration was developed by the same grotgp estimate the
horizontal/vertical sound position [15]. The delagd sum beamforming method
discussed earlier was used to localize the diffesennd sources. Separation of the
source was achieved by using a frequency band teglealgorithm. With this
arrangement, localization of up to three sound ssican be achieved theoretically.
Experimentally, two sound sources were localizethvein angular error of°sand

distance error of 20-30 cm at 1m distance.
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Figure 1.10: Microphone array arranged in three rings [15]

In 2009, the same research group developedh@nomicrophone array
arrangement (as shown in Figure 1.11) so that as@ind source map can be
obtained from the measured sound directions udiegparticle filtering algorithm
[16]. The developed microphone array has 32 miarapk with low side lobes and
narrow main lobe. Localization of different souraisces was achieved by using the
sum and delay beamforming method and the frequbang selection methods. The
experimental results showed that the sound carodadized in 2D with an error of

less than 50cm.
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Figure 1.11: An array with 32 microphone arrangement [16].

In another work, Uchiyamat al. presented a mobile robot equipped with an
auditory system for sound tracking and distances@anfor obstacles avoidance to
follow a trajectory generated by a reference mdd@]. Interaural time difference
and sound level difference between the desiredtlaadurrent position of the robot
were used to control the robot. The system wagdest an indoor environment at
different robot initial positions and different sl directions relative to the robot.
The experiments showed that the robot (shown imir€ig.12) was able to track the
sound and avoid the obstacles during navigationthachavigation failed when the
obstacle was high and the sound direction was @feds since detecting the wall

corner was difficult.

Distance [ !
Sensors T
Ball caster

Figure 1.12: Two-wheeled robot with an auditory system [10
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In 2010, Arviret al. presented a swarm robot (as shown in Figui&) employed
for exploring voice with a module that utilized forondenser microphones to capture
the voice. The captured signals were processedttthg proportional signal strengths
SO as to estimate the sound orientation using ayflzgic approach [11]. Three
separate experiments were conducted with diffeobjectives. The first experiment
aimed to test the developed module to localizesthvend. The second experiment
utilized one swarm robot to navigate randomly ie #nvironment to measure the
signal strengths and execute basic tasks like clestavoidance. In the third
experiment, a number of swarm robots were used amdyof them was served as the
explorer for searching the sound source. The otbbots would wait until the
explorer found the source and transmit a message ttte source is found to

aggregate together after receiving the message.

. *1

Figure 1.13: (a) Voice processor module and (b) robot equped with the module [11].

More recently, in 2011, Sust al. presented a rescue robot that can be used to
search survivors in collapsed buildings after amhgake occurs [6]. This robot was
equipped with sonar sensors for obstacle avoidamgk an auditory system that

utilized three microphones, as shown in Figurd4. The sound direction is

14



determined using the TDOA calculated for the arfayperiments showed a high

accuracy in localizing the sound source.

Figure 1.14: The experiment platform for searching survives in collapsed buildings [6].

The platform, was improved later and a fourtitrophone was added to have a
tetrahedral shape arrangement of the microphosesh@wn in Figurd.15 [7]. The
same localization algorithm was used with the nexayato localize the sound with a

priority to avoid the obstacles in the environment.

Figure 1.15: Improved survivor searching platform [7].
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1.2.2.2 Localization of Moving Single and Multiple Sound Sources

Kumon and Uozumi presented a robot equippéd tmio microphones to provide
binaural hearing, as shown in Figurel6 [4]. The calculated TDOA that takes into
account the Doppler shift and the auditory systeation is used with the extended
Kalman filter (EKF) to estimate the state of thendyical system even with noisy

measurements. Figulel7 shows the dynamics model of the system used.

Figure 1.17: Dynamics model of the robot and the sound sme (left) and detailed sketch of
robot (right) [4].

Estimating the position of a moving sound seuwusing the bearings-only

measurements from a network of acoustical sensaysawas investigated by Kaplan

16



et al.[12]. The acoustical network geometry of the stngbde and multiple nodes are
shown in Figurel.18. Four maximum likelihood (ML) methods were eeped,
based on various simplifications of the target nhotte estimate the moving target

position.

@) ®)

Figure 1.18: Geometry of the acoustical network: (a) Theisgle node and (b) triangulation using
multiple nodes [12].

More recently, in 2012, Haet al. presented a two wheeled robot equipped with
three microphones that utilized the time delays taiadgulation to track the sound of
a moving object [36]. A Fuzzy Inference System wlaseloped to drive the robot

according to the estimated position and directibthe moving object.

Figure 1.19: Mobile robot structure developed by Haret al. [36].
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Although the above mentioned systems exhibgedd capabilities to localize
single and/or multiple, stationary and/or movingis sources, the main limitation is
the array size when applied to miniature robotshtiuld be noted that the separation
distance between any pair of microphones in thayatannot be too small to obtain
enough directional cues for sound localization etreough this distance should be

less than half the minimum wavelength presenteénsibund signal [25].

1.2.3 Bio-Inspired Acoustic Sensors

Bio-inspired sensors have received much atterduring the last two decades.
One type of sensors was inspired by the hearingrofgee Figurd.20(a)) of the
parasitoid fly Ormia Ochracea (tachinid family) whiwas first presented by Miles
al. [37], [38]. The fly-ear, as shown in Figude20, consists of two membranes
(Ipsilateral, and Contralateral) and a beam thamneots the two membranes. The
functionality of this beam is to provide a couplibgtween the two membranes,
which will amplify the phase difference between tveo membranes. The two
membranes vibrate due to the acoustic pressureeatain direction with an azimuth
angle of from the midline of the two membranes. Althoudie separation distance
between the two ears is too small (~1.2 mm) to reedeugh directional cues at the
acoustic stimulus level, the mechanical couplingween the two ears can help
improve the directional hearing ability of the fp that it can localize its host in
azimuth and elevation directions. Studies also gbthat fly's sound localization
trajectory follows a saturation function, which gegts a localization/lateralization
scheme. This means that the fly can only accurd¢eiglize the sound source if the
sound is coming from orientations within °2nge. If the sound is beyond this

18



range, the fly is only capable of distinguishing thirection of the sound (i.e. right or

left).
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Figure 1.20: (a) Sketch of the fly-ear and (b) the 2-DOF odel of the fly-ear.

Based on the two-degree-of-freedom (2-DOF)esysihodel [37] of the fly-ear
(see Figurel.20(b)), a bio-inspired pressure gradient microghwas developed by
Miles et al. which consists of two micro-machined polysilicomtels supported by a
flexible pivot, as shown in Figurg.21 . The acoustic pressure causes the two plates
to deflect like a seesaw (rotational mode) or wir{g®nslational mode). The
deflections of the plates were detected by usinggtical system demonstrated by
Degertekinet al.[39] with a structure similar to the conventiogapacitive acoustic
sensor except that the back electrode has an bgiifraction grating that is used in
the optical interferometer circuit. The measuretitlintensity change is a function of
the deflection of the plates. The sensor has alsmal (1 mm x 2 mm), which makes
it possible to equip the sensor on miniature roldotssound source localization.
However, there are several drawbacks of this semgoich include the response
amplitude dependence on the direction and the sitierof the sound, limited

dynamic range, and thermal noise due to the squderzdamping effect [39].
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Figure 1.21: Bio-inspired pressure gradient microphone (Mes, et al. 2006) [26].

Another sensor design was presented by ®aitb., which has a circular bronze
diaphragm with a gimbal center support [27], aswshan Figurel.22. The sensor
structure with this design has three vibrationaldesinclude one in-phase and two
out-phase modes. Sound localization using this asengas achieved in two-
dimension (azimuth and elevation) using the infdramafrom the in-phase mode and
the two out-phase modes of diaphragm deflectiom® detection system used to
detect the deflections of the diaphragm was a lakeometer. Although the size of
this sensor is larger than the previous sensorugsaaf 10.8 mm and thickness of 30

m), it is still small enough for usage on small atsbto localize a sound source.
However, the problem in this sensor is the sizthefdetection system, which is even

larger than the size of the robot.
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*
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Figure 1.22: Directional microphone design presented by 8a et al.[27].
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In another work, Curraret al. presented a design of a fly-ear inspired MEMS
acoustic sensor that can be used to localize tinedsim one dimension (azimuth)
[28]. This sensor has two membranes coupled witteam that amplifies the
phase difference between the detected signalstiiertwo membranes, as shown
in Figure 1.23. The sensor structure with this design has #&i® vibrational
modes. The first mode is the rocking mode in whightwo membranes are £80
out of phase and the second is the bending moa&ich the two membranes are
in phase, as shown in Figude24. The deflections of the membranes were

detected by using a low coherence fiber optic fatemeter.

Coupling
Membranes Beam
_/ Optical
Fibers

Figure 1.23: Bio-inspired MEMS optical acoustic sensor deloped by Curranoet al.[28].
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a) b)

Figure 1.24: Mode shapes of the fly-ear inspired sensora) bending mode and (b) rocking mode
[28].
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An extension of the work of Curramb al., another bio-inspired acoustic sensor
design is presented by Lisiewskial, in which sound localization can be achieved in
two dimensions (azimuth and elevation) [29]. Theesor has three membranes that
are arranged in a triangular shape, as shown wr&ig25. The sensor structure has
three vibrational modes: two rocking modes and beeding mode, as shown in
Figurel.26. The advantage of this sensor compared wélptévious work is that the
sound can be localized in 2-D (azimuth and elewatend the power consumption
due to measuring the deflections of three membranésss than that of using two
sensors with two-coupled membranes. The size sfdévice is about 2 mm x 2 mm.
Owing to these advantages, a miniature robot caedugpped with this sensor to

localize the sound in 2D.

Incident

Figure 1.25: (a) Schematic of the fly-ear inspired soundtalization sensor and (b) three-degree-
of-freedom (3DOF) model of the sensor device [29].

Figure 1.26: (a) SEM image of the micro-fabricated sensatevice and mode shapes of the sensor
device with (b) rocking mode at 11.3 kHz and (c) beling mode at 19.9 kHz [29].
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Wanget al. presented a sensor that has three membranesréhabapled with
rigid bars as shown in Figure27 [30]. Laser displacement sensors were used to
detect the membranes displacements. Specific dswzeewas not mentioned in the
paper but the separation distance is 50 mm, whiebsgan indication how big the
device is compared with the MEMS devices preseriigdCurranoet al. and
Lisiewski et al. In this work, by using the same mechanics modtel stiffnesses and
damping factors were investigated and the bestegalere chosen to increase the
sensor sensitivity. Two localization methods of filgevere hypothesized. In the first
method, the relation between the incident angle #Hred magnitude of transfer
functions of any membrane pair displacements id.uBee second approach is to find
the incident angle in two separate steps. In tis¢ $tep, the fly determines the side of
the incident sound (ipsilateral or contralaterdie$i In the second step, the fly takes
the advantage of the high sensitivity to the sodinelction at the zero incident angle

at a specific frequency.

A spring
H ‘Qs rotation axis
N -:~----~~~~,ﬂ§£|\t\\hm --------- /
Yiacom 9 S ';/.f rigid bar
e "»)’3/.(.;,;
diaphragms Lol

Figure 1.27: Schematic of the sound localization sensordoped by Wanget al.[30].

Chen and Cheng studied a biomimetic microphdasigned with a central-
supported (C-S) diaphragm, as shown in Figl28 and Figurel.29 [31]. The

clover-stem-like C-S design was shown to achievébo dimprovement on net
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diaphragm displacement in comparison with the cotiweal C-S diaphragm design.
Compared with the conventional C-S diaphragm, deisign enables compensation of
undesired deformation of sensing diaphragm duedwity and residual stresses, and

good diaphragm flexibility for better sound pregssensitivity.

Figure 1.28: Conventional (left) and quadratic-linear (richt) C-S diaphragms [31].

Figure 1.29: Schematic of central-supported gimbal circula biomimetic diaphragm (left),
schematic of the quadratic-linear biomimetic microghone with central floating gimbal design
achieving quadratic-linearized by the acoustic sefrsy mechanism of the parasitoid fly and the
flexible clover-stem-like gimbal structure (right) [31].

1.3 Objectives and Scope of this Doctoral Research

The overall goal of the dissertation work asiivestigate how to use the fly-ear
inspired acoustic sensors for robotic sound solmcalization and tracking and

develop a mobile robot platform along with locatiea algorithms and control
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schemes for sound source localization and trackimgan indoor environment.
Specific objectives include the following:

1. Develop a fundamental understanding of using flyieapired sensors in
robotic sound localization and tracking.

2. Develop a localization algorithm based on modek fgradient descent
method to localize a stationary or moving soundcau

3. Develop a Fuzzy logic model of the fly-ear sensoimtap the directional
cues to the angle of arrival of the sound.

4. Investigate and develop nonlinear and quadratealircontrollers to control
the robot kinematics to localize a stationary aratk a moving sound
source.

5. Carry out experimental studies on a mobile robaticund source
localization platform for implementation and valida of the developed

localization algorithms and controllers.

1.4 Organization of the Dissertation

The rest of the dissertation is organized @fows. In Chapter 2, detailed
derivation of the CRLB for the coupled and uncodpheicrophones is presented to
show the effect of the coupling beam on improvimg theoretical lower bound of the
bearing angle estimation. In Chapter 3, making afséhe fly-ear inspired sensor,
different sound source localization algorithms ameestigated, which utilize an
optimization method, namely, model-free gradienscg@@t method. In addition, a
fuzzy logic model of the fly-ear inspired sensorstsidied, which will be used to

directly map the information extracted from the smn namely, the ITD to the angle
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of arrival (AOA) of the sound. Furthermore, expegimal studies are conducted to
compare the performance of localization and tragkiha single sound source using
the developed fuzzy model to that using the coneeat localization algorithms. In

Chapter 4, nonlinear and quadratic-linear contrelige designed to control the robot
kinematics to localize and track a stationary amaving single sound source in an
indoor environment. In Chapter 5, a robotic platfoequipped with a microphone
pair, acting as a tracker, and another platformipgepd with an omnidirectional

speaker, acting as the sound source, are useddy tbotic sound localization and
tracking with a goal of demonstrating the developkpbrithms and control schemes.
In Chapter 6, a summary of the dissertation woglresvided along with an outline for

future work.
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Chapter 2  Sensor Performance Analysis for Sound Source

Localization

Arrangement of microphones in a microphoneayaris important in sound
localization. Much effort has been made to find Hest arrangement with a given
number of microphones to achieve the desirabledtasalization performance. The
most popular criterion to determine the sound laeéibn performance is based on
the Cramer-Rao lower bound (CRLB) [12], [23-25]gsRppendix A for more
details). The CRLB has been applied to evaluateynsignal processing problems
including range estimation (e.g. sonar, radar, esfubtics) [40], [41], frequency
estimation (e.g. sonar, radar, econometrics, argttspmetry) [42-44], bearing
estimation (e.g. sonar and radar) [41], [45], [46hd autoregressive parameter
estimation (e.g. speech and econometrics) [47]. CReB can be used in these
estimation problems due to the fact that these lpnab are unbiased estimation
problems [48].

In a previous study, Akcakaya and Nehorai gmésd a performance analysis of
the fly ear using the CRLB [49]. In their work, th&o-degree-of-freedom (2DOF)
model of the fly ear was formulated in the statacgpand the frequency response was
obtained accordingly. In the analysis, it was asslirthat multiple sources were
present with unknown incident angles. Even though assumption of multiple
sources represents a general scenario, this assamtnot necessary to show the
influence of the mechanical coupling on the accu@dncident angle estimation. In

addition, the CRLB analysis was performed in thegfrency domain by using the
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geometrical model of the time delay between theagfrom the two ears for both
the coupled and uncoupled diaphragm configurati&@ven though the geometrical
model can be used to obtain the time delay for twooupled microphone, it is not
valid for the fly ear due to the coupling betwebr two eardrums. Furthermore, in
their results, the phase difference between thedgarosignals is shown to be almost
constant over the entire frequency range. Thi®icansistent with the findings from
the previous studies conducted by our group, irclvitihe interaural phase difference
is found to be amplified as the stimulus frequeregches the rocking mode natural
frequency when the signals are out of phase (P&,= 18C) due to the mechanical
coupling between the ear diaphragms. In this disBen work, in order to achieve
the fundamental understanding of the sound lodaizgoerformance by using the
fly-ear inspired sensors, the CRLB of the sensdhwivo coupled diaphragms is
determined, which is compared with that obtaineanftwo uncoupled diaphragms
shown in Figure 2.1(a). As illustrated in Fig@.d(b), the fly-ear inspired sensor has
two circular diaphragms that are coupled by a bpawoted in the middle, which can
help amplify the directional cues. Here the phadérénce between the two
microphone signals [50] is used as the directiang in the analysis. Furthermore,
one acoustic source with single tone is assumethé&analysis.

In this this chapter, the CRLB of the fly-esensor and a conventional two-
microphone array will be derived in detail and camgal to study the effect of the
mechanical coupling between the diaphragms on #mmance of the incident angle

estimation. In addition, numerical simulations wile conducted to compare the
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variance of the estimation by using a well-knowal éme estimator, namely, the

cross correlation, for both the fly-ear sensor gn@dconventional array.

Figure 2.1: Schematic of (a) two uncoupled microphones an) fly-ear inspired sensor with two
coupled diaphragms, d is the separation distance twveeen the two microphones, and +
represents a positive incident angle.

2.1 CRLB of Two Uncoupled Microphones

Here, two uncoupled microphones are considexedghown in Figur.1 (a). For
a pure tone source with a frequericyhe signal received from each microphone can

be obtained as:

X, (t) = A,cos( P ft+F )+ w (1) (2.1)

whereAn, (m=1, 2) is the amplitude of the sound, is the white Gaussian noise with
zero mean and variancé, nis the phase shift of the signal. It is assumed tthe
white noises from the two microphones are uncaedlaThe relationship between

the two phases, (Mm=1, 2) is described by:

F,=F + Zp%sinq (2.2)
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whered is the separation distance between the two miaiogd, is the sound
wavelength, and is the incident angle.

Sampling the signal &1 evenly spaced instants leads to:
x,[n] = A,co( P Dt +F,) +w ][ 1 (2.3)

wheren is an integer from 0 thl-1, tis the sampling interval, andy(n t) is simply

denoted asv,[n]. Accordingly, the signal-to-noise ratio (SNR) das defined as:
SNR,=P,/P,= A? [ ?) (2.4)

wherePs andP,, are the signal and the noise power spectra résphgtand 2 is the

noise variance.

In order to localize the acoustic source, it isessary to estimate the following

parameter vector:
Q=[AAFF] (2.5)

Also, to determine the CRLB, one needs to conditerfollowing probability density
function (PDF) [23], [48]:

2

- x.[1] - Acog P Dtxn+F) ’ (2.6)

2
25° 11 0

p(xQ)=

exp

1
(205°) ™
Further, the corresponding Fisher Information MaiirIM) can be calculated by
taking the following steps [48] (the details aregyi in Appendix A):

i) Take the logarithm gb(x; ) to remove the exponential part.

i) Take the partial derivative with respect to theapagters: = [A A 1 2"

iii) If xy[n] still appears after step ii, the expectation JEOf the obtained Eq. is

calculated.
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Accordingly, taking the natural log pfx; ) leads to:

1 2 N-
2
25° et e

In p(KQ):-%In(Zpsz)- ' x,[F Acod 2D % nF ) * @7

Since there are four parameters, the FIM will B4 matrix, in which the elements

of the matrix can be calculated as follows:

|21
Q= R (2.8)
(Y Iij
Q)] =-E —" —in gxQ)
where ! 1Q.1Q, ’ (2.9)
i,j=123,4

The following trigonometric identities are needed determining the FIM:

sin(2b) = 2sif(b) cogb) (2.10)

cos( ) = co§(b) - si(b)
2coyb)- 1 (2.11)
t  2sif(b)

and

Starting with the first row in Eq. (2.8), the FINrt be defined as:

%(ln p(x;Q)) :s_lzN_-l()i[dCos( P Dn+F,)- Acos( 2D Fl)) (2.12)
T np(xQ)) == 2(1+cof # o+ 26))  (2.13)
1A° ’ §% .2 1 '
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Using the following approximation:
N-1

cod pfDin+ F) N, (2.14)
n=0

then

Qs S (2.15)

Now using Eq. (2.12), taking the derivative witlspect toA; and ,, respectively, it

can be obtained that:

1 1 a1 A =
ﬂﬂ(lnp(X’Q))_ﬂFzﬂAl(Inp(X’Q)) 0, (216)

which gives that
1Ql,=1q ,=0 (2.17)

Similarly, using Eq. (2.12), the third element loé ffirst row is found to be

9

—(Inp(xQ)) =
ﬂFlﬂé (2.18)
; 5_12 (x[rsin(20 fDtx+F |} A sin( 4 fDt n+ 2F))

Sincexy[n] still appears in the second derivative, taking ¢éxpectation of the Eq.

(2.18)(2.18) gives

o' . e
Q.= (E{xl n} sin(20f DN +F ) Alsm(4prtxn+2Fl)) (2.19)

n=0

1[Q] lsz-iN_l(sin(Aprtm+ F)p C (2.20)

52
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Note that
Q] ,=1[q 2, (2.21)
and
Q] ,=1[q] ,=0 (2.22)
For the second row elements, taking the derivabifyéhe PDF with respect té,
gives:
g (np(xQ) =
- (2.23)
= (%[ coq @ fDtxn+F,)- A co¥( 2 fD w4 ,))
n=0 :
Then taking the second derivative of Eq. (2.23)¢ct®

ﬂﬂT;(ln p(x;Q))=-si:- cod(pD&n+F,)  (2.24)

Following Step (iii) and using the identities defthearlier leads to:

[[QL,, =5—12N'1%(1 +cos(4pfDun + 2F, ) (2.25)
By using Eq. (2.14), it gives:
00Ql, o (2.26)
2s

To obtain the first and third elements of the réaking the derivative of Eq. (2.23)

with respect téA; and 1, respectively, gives:

T 91 a1 T -0)) = .

Also note that:
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Q. =1q ,=0 (2.28)

For the elements [I[]]24, [I[ 1]42 using Eq. (2.23) and taking the derivative with

respect to ,leads to

1 1 AN =
i 7a (P 229
1 Nt '

‘= (xz[n]sin(ZOthaner)r AsipfD n R 2))

n=0

Similarly, it can be obtained that

[|[Q|] 24 :[ |[ (ﬂ a2 =
S_lzN-l(E{xz[n]} sin(2o fDtxn +F,)- A sin 4 Dt x+ E 2)) (2.30)

n=0

Using Egs. (2.10) and (2.11), the following FIMrekents are found

1QUL =0 Q=22 fin pfoon 2 F))0  (23D)

n=0
For the third row of the FIM, taking the derivatigePDF with respect to ; leads to:

1
iF,

s—lzN_l - Ax[Hsin@ fDKN+F,)} 2 sin(4 Dt n+ E, )

(Inp(xQ))=
(2.32)
n=0 E

Then, taking the second derivative gives:

%(Inp(X?Q)):
L (2.33)
A" [Hoos 2 1000+ F.)- A cof pTDKN+ )

n=0

Further, following Step (i), the third elemeauitthe third row can be obtained as:
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1q] :iZN_lco§(aath>n +F) - co$ pfDt>n +B,) (2.34)

2
S n=0

Similarly, using Egs. (2.10) and (2.11) leads to

Q] .= A N_l(l- cog 4 fDtxn + ) »Z—Aﬁz (2.35)

33 _252 . 2
Since
1 A= T 1 .0o)) =
ﬂFlﬂ(ln p(X’Q))_ﬂﬂFl(ln p()gQ)) =0 (2.36)
T 1 A= T T .0)) =

andﬂﬂFl(ln p(X’Q))_ﬂFz‘ﬂF 1(In p(%Q)) =0 (2.37)
it can be obtained that 1[Q] ,, =0 (2.38)
and 1[Q] ,=1[q ,, =0 (2.39)

Finally, for the fourth row of the FIM, taking traerivative of the PDF with respect

to ,gives:

1
F

(inp(xQ))=

=

(2.40)

2

siN-l - Ax[nsin(2p fD&N+F , ) %sin(lp foxm F, )

Next, taking the second derivative leads to:

%(In p(xQ)) =-%N__l(>§[ jcof  fDxn+F,)- A cof Af Dn+ E)) (2.41)

Similarly, following Step (iii), it can be shownah

2
44 S =0

1[Q] =£N-lco§(27th>n +F) - co§ AfDtn +B,) (2.42)
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2
n=0

2 N-1
which can be further simplified ad [Q] :'2‘; si’(pfDin +F)

Again, using the identities defined earlier leamis t

Q) =55 (1-cof #D0n + 7)) » 0%

It can be also shown that:

T 1 Ao T A —
E‘HFZ(In p(X,Q)) KK 2('” p( X,Q)) =0,
7T 1 T 1
d — : = — : =0.
an T ‘an(ln p(xQ)) i 2‘”Az(ln p(xQ)) =0

Therefore, it can be obtain that  1[Q] W= [Q] ,.=0

and Q=19 ,=0

Accordingly, the FIM matrix is found to be:

oz O 0 0
0 22'2 0 0
FIM = e
0 0 =7 0
0o 0 N XA’
25?2

Since is a diagonal matrix, the inverse of FIM is founde:
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(2.44)

(2.45)

(2.46)

(2.47)

(2.48)

(2.49)



The CRLB can be written as:

CRLB= (FIM)*

0
N
2
o 3
(FIM) "=
0
0 0
1,
=———" Adjoint( FIM)
detFIM )

0 0
0 0
2
2s i 0
NXAi
252
N xA?

To determine the variance of the following parameete

the variances are related to the CRLB as

where

and

a=[AAqg] =g(Q

var(a)® CRLB,=

10
01

WQ_ 4 o -

Q

0
1

0
1
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2 < cosg) » 0 cost)

(2.50)

(2.51)

(2.52)

(2.53)

(2.54)



10 0

0 1 0
009 -+
19Q ' _ d 5 s
10 2p ; cos@ ) (2.55)
20 n cos@ )

Therefore, the variance of the incident angle estion using Eqg. (2.53) can be

rewritten as

. 11 1 1
)3 (2.56)

Vadq SNR SNR N 2
R R 2 d cas(q)

where SNR and SNR are the signal to noise ratios of the two micropmhgignals,

which are defined as [48]:

_ A
SNR =1
25 (2.57)
SNR =22

2s?

Let the equivalent SNR be defined as:

SNRx SNR

(2.58)
SNR+ SN B,

SNR, =

and the directional sensitivitpS be defined as the derivative of interaural phase

difference (IPD) with respect to the incident angle.

1PD _ 20 d cogq) =DS (2.59)

the variance can thus be determined as
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1 11
SNR, N D$

var(q) 3 (2.60)

2.2 CRLB of the Fly-Ear Inspired Sensor

In the fly-ear inspired sensor, the two diggms are mechanically coupled by a
beam as indicated in Figul(b). As a result, the IPD in the sound stimukus
amplified to the mechanical Interaural Phase Déffee (mIPD). Hence, Eq. (2.2)
needs to be replaced by:

F,=F 4 mIPD (2.61)

where mIPD can be obtained from the equivalent ZD@del of the acoustic sensor
by (details are shown iAppendix B):

G +jtan(IPD /2
G- jtan(IPD /2

mIPD=D (2.62)

_ LW j2qW

where "
h*-W*+ j2hx,W

(2.63)

Also, =f,/f; denotes the ratio of the system first two nattrexjuencies, ;, and »
are the damping ratios, is the sound frequendynormalized by the first natural
frequency of the fly-ear inspired sensor structase =f /f;. Following the same
procedure used in obtaining the CRLB for the unéedipnicrophones in the previous
section and using Egs. (2.61) - (2.63), the vasac&n be obtained for the fly-ear
inspired sensor as

1 1 1
SNR, N mD3

var(q) 8 (2.64)

wheremDSis the directional sensitivity of the fly-ear imsgdl sensor and
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mDs=mIPD (2.65)

fig
Accordingly, to determine th@D§S let
G=R+lj (2.66)
Then, Eq. (2.62) can be rewritten as
- /
R+ | | +tan 2
mIPD=D : (2.67)
R+ j |- tan I
2
where
. d .
=D /—smni )° IPD (2.68)
1/ d
and —— =2p—cos g 2.69
Tq / « ). (269

Multiplying Eq. (2.67) by the conjugate of the dempator, gives:

2R.tan /E
tan(mIPD) = _ (2.70)
R?+ 1% - tan? /E

Next, the derivative ahlPD with respect to the incident angle is determined t

estimate the directional sensitivity as follows:

fmiPD _ o _ 20(d /1 )Rcog (|q2 + yz)( 1+v?)

5 (2.71)
Tg (|q2-Y 2)+ 4RY 2
whereR denotes the real part & as
1-W? + 2xW
= L (2.72)
h*-W?+ 2hgxW
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and are defined as:

Y = tan p% sing (2.73)

Based on Egs. (2.60) and (2.64), it can beclooed that the variance of the
azimuth estimation for both the conventional mid¢rope pair and the fly-ear inspired
sensor is inversely proportional to the equival®NMR number of samples, and the
squares of the directional sensitivity. When #idRand N are assumed to be the
same for both the conventional microphone pair tredfly-ear inspired sensor, for

the ease of comparison, the variance can be naadsdis follows:
varn(q) = var(c7)>SNI3q XN\ (2.74)

In Figure 2.2, comparison of the normalizeRL8 for both the conventional
microphone pair and the fly-ear inspired directiomécrophone is shown, in which
for the simulation purposes, the fly-ear inspiredsor is characterized with the same
calibrated parameters of the fly ear listed in €Bt1l [37]. Two remarks can be
made, based on this figure. First, for both contigions, the CRLB increases as the
sound incident angle increases. This indicates thatincident angle estimation
accuracy decreases when the sound source deviategtfe midline (=0°. Second,
due to the amplification of the directional senstyi by the mechanical coupling
mechanism, the CRLB for the fly-ear inspired sensam be reduced significantly.
For example, at the midline, the directional sewvisjtis amplified from 0.11 deg/deg
in the sound stimulus input to 1.13 deg/deg inrttexhanical response output. As a
result, the CRLB of the fly-ear reduces to be liss 1/100 of that obtained for the

conventional microphone pair with the same sepamatlistance between the two
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microphones. This indicates that the mechanicaplog improved the incident angle
estimation accuracy by 100 times compared with ¢fh#e conventional microphone
pair.

Table 2-1: Parameters used in the 2-DOF model for the fhgar [37]

Parameters Values
Mass of membrane m 2.88x10kg
Translational spring Kk, 0.576 N/m
Translation dashpot &, 1.15x10° N s/m
Torsional spring k 5.18 N/m
Torsional dashpotsc 2.88x10° N s/m
Separation of force locations d 1.2%10n
Tympanum area s 0.288x1 0
Excitation frequencyv 3.14x1d rad/s (5 kHz)
Sound speed ¢ 344 m/s

10 ‘ 1 1 1
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Figure 2.2: Cramer-Rao lower bound (CRLB) of azimuth estination obtained from both the
microphone pair and the fly-ear inspired sensor. Tk separation distance is 1.2mm for both
cases, the frequency is 5kHz, and the parameters|[i87] are used for the fly-ear inspired sensor.

A question needs to be addressed is whethembrased estimator that can be
used to achieve the CRLB exists for the fly-eapiresl sensor and the conventional

microphone array. Clearly, if the CRLB conditiomdae satisfied then there exists an
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unbiased estimator that attains the CRLB, whicthés minimum variance unbiased
(MVU) estimator. Otherwise, an unbiased estimabat @ttains the CRLB does not
exist. But this does not necessarily mean thatthesy not be a minimum variance
unbiased estimator. To further explore this, thd.BRheorem [48] for the scalar and
vector parameters states that:

(i) Cramer-Rao lower bound theorem for scalar parametes

It is assumed that the PDF p(3;satisfies the “regularity” condition

E iIn p(xqg) =0 forallg (2.75)

fig

where the expectation is taken with respecptg ). Then, the variance of any

unbiased estimatdr must satisfy

var(@)? 7 1 (2.76)
-E 17 In p(xq)

where the derivative is evaluated at the true value and the expectation is taken
with respect tq(x; ). Furthermore, an unbiased estimator can be foadattains

the CRLB for all if and only if
ﬂiqln o(xq) = 1(0)” (a(%- G (2.77)

for some functiongy(.) andl (.). The estimator, which is the MVU estimator, is

g = g(X), and the minimum variance is 1/)(

(i) Cramer-Rao lower bound theorem for vector parametes

It is assumed that the PPEx; ) satisfies the “regularity” condition
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E %In p(xqg) =0 forallg (2.78)

where the expectation is taken with respectpfg ). Based on Eq.(2.77), the
covariance matrix of any unbiased estimatsatisfies

Cq - 1"} (g)? 0’ (2.79)
where larger or equal to zero is interpreted asnmegahat the matrix is positive semi
definite. The Fisher information matrg ) is then given as

ﬂZ

[1(g)]; =-E 191q

In )% g (2.80)

where the derivatives are evaluated at the trugevaf and the expectation is taken

with respect tq(x; ). Furthermore, an unbiased estimator can be foadattains

the CRLB in thath: I"*(g) if and only if Eq. (2.77) is satisfied. For a ¢-
dimensional functiong and a g x q matriX, the estimator, which is the MVU

estimator, i = g(X) , and its covariance matrix ig( ).

It is found that Eqgs. (2.12), (2.23), (2.3a@hd (2.40) cannot be rewritten in the
form shown in Eq. (2.77) in the CRLB theorem foe trector parameters. Therefore,
there is no unbiased estimator that can be usatdim the CRLB. To find a possible
MVU estimator, two approaches can be used, namaglylying the Rao-Blackwell -
Lechman - Scheffe theorem [48], which is not comnmompractice, or applying a
linear unbiased estimator. The problem of using sheond approach is that the
sensor behavior is not linear and a linear apprakon can only be made within a
certain range of incident angles. Outside this dineegion, the linear unbiased

estimator is not valid.
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Using the first approach, a single sufficistatistic for should be found by using
the Neyman-Fisher factorization theorem [48]. Thie, sufficient statistic is tested
for completeness. If it is not complete, this aggtocannot be used. If it is complete
a function g of the sufficient statistic that yigldn unbiased estimatbr= g(T(x))
should be found which is the MVU estimator. An aiegive implementation of the
last step can be evaluatifg= E(# [T(X)), where$ is any unbiased estimator.

According to Neyman-Fisher factorization theuy if the PDF p(x; ) can be

written as
p(xq) = o(T(X.9)H 3 (2.81)

whereg is a function depending onthroughT(x) with r x 1 statistic, and also onh
is a function depending only cnandT(x) is a sufficient statistic for.

The PDF in Eq. (2.81) can be re-written as theofeihg:

p(xQ)=

1 exp -t AN oa T gcos(,H AT €S, ) (2.82)
(2ps?) 25" w1 2

ox ) 1 2 N-1 Z[n] y

where the jointly sufficient statistic is repressshas

N-1xm[n] xos(2o f @ R)
T(0="" . (2.83)

[ sin(20 f 0 §)

n=0

Since the PDF (Eg. (2.82)) belongs to the vectgoaential family of PDFs, the

sufficient statistic is complete.
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Based on Rao-Blackwell — Lechman — Scheffe theoifhis an unbiased estimator
of andT(x)is an r x 1 sufficient statistic for, then# = E(# [T(X)) is

i) avalid estimator for (not dependent on),

i) unbiased,

iii) of lesser or equal variance that#Each element of has lesser or equal

variance).

Additionally, if the sufficient statistic isomplete, thedl is the minimum variance
estimator. However, the Rao-Blackwell - Lechmanch&fe theorem cannot be
applied without the estimatoggT(x)) which cannot be easily obtained. Alternatively,

numerical simulations are conducted to find thd@egtimation variance.

2.3 Numerical Simulations

Numerical simulations are conducted to finé #mgle estimation variance by
using the variance of the phase difference betweensignals, namely, the IPD in
Eq. (2.68). The signals from the two microphoneshia fly-ear sensor [37] or the
conventional microphone pair are defines as follows

The fly-ear inspired sensor [37], the signals are

x(t) = Asin(t+£,)+ A cost+f, ),

. (2.84)
X, (1) = Asint+1)- A cosy t+7, ),

where
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_ P xs sinwt /2)

Ao J? - v+ @uxw?
A= Pxs cosivt /2)
m \/('/’42 - W) Qwxu)? (2.85)
2w x w

fo=-tant —/— |
] an W W

o 2mxw
fo=-tant — ,
\ an - W

Here P is the sound pressure level in dBs the sensor diaphragm cross sectional
areamis the mass of the diaphragm,and , are the bending and the rocking mode
natural frequencies, respectively, in rad/ssnd | are the bending (translational) and

the rocking mode damping ratios, respectively, ansd the stimulus frequency.

For a conventional microphone pair, the receivgdas can be written as:
X () = A, sinlmt+£ ), (m=1,2) (2.86)

where

fo=(-1)™p %sin{y ) (2.87)

Here,d and are the separation distance between the microghand the sound
wavelength, respectively. The phase difference betwthe signals is obtained using
one of the well-known methods, namely, the crossetation explained earlier in
Section 1.2.1.2.

The variance of the incident angle estimatannot be evaluated directly, since
the closed form calculation of the incident anglarwot be derived from Eq. (2.62). In
this work a numerical approach is developed touatal the variance of the incident

angle estimation.
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To get the variance of estimating the souncident angle, the variance of
estimating the phase difference can be utilizedesi®D is a function of the sound

incident angle and frequency; that is,

IPD=F(q, f). (2.88)
Taking the Taylor series expansion of Eq. (2.88% apecific known frequency and

ignoring the higher order terms leads to

IPD @ﬂFﬂ—? . (2.89)

The variance is found to be

@var(lPDZ)
MIPD
Tq

var@@) (2.90)

In the simulations, a sampling rate of 500 kélmsed to obtain 1000 data points
for each signal with additive white Gaussian nofegle estimation was conducted
100 times at each hypothetical sound positi®mnce the phase difference estimation
is sensitive to the separation distance and sigoahoise ratio (SNR), these
parameters are kept the same in the simulationgh®rconventional microphone
array and the fly-ear sensor to have a fair corsparunder the same conditions.
Based on Eq. (2.97), the variance of the simulatedsurements is evaluated and
compared with the CRLB obtained for the fly-ear pinsd sensor and the
conventional microphone array, as shown in Figu8 in which the SNR is assumed
to be 30 dB.As expected, a smaller variance is obtained forfljr@ar inspired
sensor than that for the conventional microphomayadue to the higher directional

sensitivity resulted from the mechanical couplirgween the diaphragms. Figure 2.4
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shows the effect of the SNR on the variance ofiticedent angle estimation at a
specific incident angle of 45Both the fly-ear and the conventional microphamay

exhibit a smaller variance with increasing the SNR.
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Figure 2.3: Cramer-Rao lower bound (CRLB) of azimuth estination and the variance of azimuth
estimation using Eg. (2.90). The diaphragms separan is 1.2mm, the frequency is 5 kHz, and
the parameters in [33] are used for the fly-ear ingired sensor. The signal to noise ratio is 30 dB
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Figure 2.4: Variance of azimuth angle estimation at diffeent SNRs. The diaphragms separation
is 1.2mm, the frequency is 5 kHz, the parameters i[83] are used for the fly-ear inspired sensor,
and the incident angle is 4%
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The above results indicate that using theefly inspired sensor with mechanical
coupling between the two microphone diaphragms,att®iracy of estimating the
sound incident angle can be improved. This meaaiskih using a microphone array
with the fly-ear inspired sensor, a reduced sizéhefarray can be obtained, without
significantly compromising the localization perfante. These results demonstrate
that it is promising that the fly-ear inspired sensscan be applied to miniature robots

for sound source localization.

2.4 Summary

In this chapter, the derivation of ti@amer Rao Lower Boun(CRLB) for the
fly-ear inspired sensor and the conventional tworophone array is presented.
Comparing with that of a microphone pair with trem® separation distance and
same signal to noise ratio, it is found that theLBRor the fly-ear inspired sensor is
100 times less due to the mechanical coupling beiwiee diaphragms.

A numerical approach is used to obtain anregion of the incident angle with the
fly-ear inspired sensor and the two-microphone yarrahe simulation results
demonstrate that the fly-ear sensor has a muchrleasance (~500 times) in the
sound incident angle estimation than that for thr@ventional two-microphone array.
The improvement on the incident angle estimationanae for the fly-ear inspired
sensor is related to the high directional sensytighabled by the mechanical coupling
between the diaphragms in the sensor.

These results shown that it is promising taigdghe fly-ear inspired sensors in

miniature robots for sound source localization, alihiwill help to address size
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restrictions associated with the conventional npbeme arrays. These results can

also enhance the understanding of the performainbe dly-ear inspired sensors.

Chapter 3 Sound Localization Algorithms

Although the fly-ear inspired sensor has bpeven to have better performance
in estimating the sound incident angle comparedh witconventional microphone
pair, using the fly-ear inspired acoustic sensarléealizing the sound source has
several challenges. First, based on Eq. (2.62)xpécit analytical expression for the
sound azimuth angle is difficult to obtain from tmeasurement results of mechanical
Interaural Phase Difference (mIPD). Second, sintleDrio sound incident angle is a
surjective (not one-to-one) mapping (i.e., invgeseblem) for different frequencies,
the incident angle cannot be obtained easily. Thirden the mIPD is used as the
directional cues, differentiation between the soprapagating from the front and the
back is challenging which results in the “ambigytgblem”.

In this chapter, two sound source localizatagorithms that can be used along
with the fly-ear inspired acoustic sensors are kgexl. The first sound source
localization algorithm utilizes an optimization rhetd, namely, the model-free
gradient descent method. This algorithm utilizes #xtracted phase difference
information (i.e., mIPD) from the fly-ear inspiregtnsor, which is investigated for
two dimensional sound localization. Instead of gsian iterative optimization
technique to localize the sound, the second algariémploys a fuzzy logic method.

This algorithm can be used to obtain a mapping éetwhe sound azimuth angle and
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the information extracted from the fly-ear inspirgehsor (e.g., mIPD or mechanical

interaural time difference (mITD)).

3.1 Optimization Based Method

In optimization, a gradient descent/ascentthow which is a first-order
optimization algorithm, is commonly used to findagal minimum/maximum of a
function. Using this method, increments proporticimathe negative/positive of the
gradient of the function are taken, at the curpamint to improve the estimates of the

state variablg, which can be written as [51]:
y(i+1) -y(@) = - (v () (3.1)

where is the gain such that

m>0 (searching for local minimum)

. . (3.2)
m<0 (searching for local maximum)

andJ is the objective function used to find a local miom/maximum.

In this work, rather than calculating the gtiahl value for the gradient, the sensor
measurement will be used to numerically evaluage gtadient in the azimuth and
elevation directions. In addition, the gradient da@ approximated as a finite

difference as the following:

e - J(QG+1)- IQ ()
NI =2 D Q0 (3:3)

where is the absolute position of the fly-ear sensor.
In order to illustrate this algorithm, a contienal microphone array with four
microphones is used which satisfies the uniformuéargdistribution [24], as shown
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in Figure 3.1. In this work, the studies are carried out tbe conventional

microphone array, but the methodology can be reagtiplied to the fly-ear inspired
sensor array. Two rotational stages are used ttratoime azimuth and elevation
positions separately. The separation distance leetveach two microphones in the
azimuth/elevation is assumed to be 1 inch (2.54 chiyure3.2 illustrates the setup
of two rotational stages equipped with two of thdi@ohram fly-ear inspired devices
or one of the 3-diaphragm device for sound loc#bzain the azimuth and elevation

directions.

Figure 3.1: Conventional microphone array arrangement, whee and are the azimuth and
elevation angles.
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Figure 3.2: Sound localization with two rotational stagesind the fly ear inspired sensors.

3.1.1 Objective Functions

In this section, two objective functions amvéloped and investigated with a goal
of achieving the least number of iterations andllEstaerror in sound source angle
determination. The first objective function, cdllthe 3-Point Algorithm (3PA), is
defined as:

J = -1ITD/Mg-1ITDA (3.3)

where ITD/ , and ITD/ are the directional sensitivity of the sensor {loe
microphone array) in the azimuth)(and elevation () directions, respectively.
Figure 3.3 shows the contour plot of the negative of dibjecfunction described in
Eg. (3.3), which achieves the global minimum vadti¢he origin ( = = (), when

the sensor is pointing to the sound source.
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Figure 3.3: Contour plot of the objective function given ly Eq. (3.3).

To evaluate the change in the objective fumct(Eq. (3.3)) via the finite
difference approximation, three data points areleden each direction, e.dgT,D( i),
i=1,2,3, in the azimuth direction, where, g, andg represent the starting position,
the end position after one moving step, and thepmsition after two moving steps,
respectively. Letl; denote the objective function based on the fikst tata points,
and J, to be based on the last two data points. Accoldinidpe change in the
objective function can be obtained as:

al=J,- Jl’ (3.4)
The second objective function, called 2-Point Aifon (2PA), is defined as:
J = ITDq2 + ITD,Z, (3.4)

where ITD, and ITD are the ITD in the azimuth and elevation directions

respectively.
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Figure 3.4: Contour plot of the objective function given ly Eq. (3.4).

The objective function J defined in Eq. (3.4kta global minimum valuéT(D = 0)
when the sensor is pointing to the sound sour@etin, as shown in Figu®4. To
evaluate the change in the objective function gikgrEqg. (3.4), two data points in
each direction are needed, namdlyD( 1), andITD( ) where ; represents the
current position and, represents the end position after one moving Jtee.change

in this objective function can similarly be calaeld by Eq. (3.4).

3.1.2 Proposed Localization Schemes

After defining the objective functions a caitfunction needs to be applied to
relate the change in the objective function to step size for moving the rotational
stages using the gradient descent method. Herenpfodel-free localization schemes

are proposed, which are the following:

Dg __ au,
o md o, (3.4)
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Dg _ a O au,
o~ op @ s (3.5)
Dg _ _dJ, 0 day
o - "o Ay o, (3.6)
Dg _ . w, 0 du

and D/ mdad 0 w, du, (3.6)

Here, and are the rotation angles in the azimuth and elematiirections
respectively. , , and denote the gain values, andlis the change in the objective
function,w;; andws, are weighting factors that will be defined latepdnding on the
objective function andu; and u, are the rotation directions (clockwise (+1) or
counter clockwise (-1)) in the azimuth and elevatlirections, respectively. The first
three schemes given by Egs. (3.4) - (3.6) area¢allen Weighted Algorithm (NWA),
while the last one given by Eq. (3.6) is called YWeighted Algorithm (WA). The
characteristics of each scheme are investigatedighr simulations at different initial
positions of the sound source.

The first localization scheme given by Eq4juses the same gain valuand
objective function changel to control both azimuth and elevation rotatiortalges.
The drawback of using this scheme is the largesthvmt. This overshoot is related to
the fact that when the azimuth and elevation angtesnot close to each other, one
term in the objective functions will be dominantig will result in an overshoot in
one of the directions until the two angles (azimatid elevation) become close to
each other.

The second localization scheme given by Ed)(@ses the same but different

gain values (and ) to control the two rotational stages. The drawbafcusing this
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scheme is the need for continuously tuning the gaindifferent sound positions,
which is experimentally impractical unless the gaiohanged adaptively.

The third scheme given by Eq. (3.6) uses #mesgain value but different J to
control the two rotational stages. This case lirthiss working range of the system, in
which the sound position in the azimuth and theatlen directions should be equal
or close to each other, otherwise the system padgnce will be undesirable. For
example, since the two stages are controlled u#wegsame gain with different
changes in the objective function, using a largen gvill cause the direction with the
smaller J to move with a large step. Furthermore, Sincthenlinear region, using
the directional sensitivity,J will be constant and thus there will be no coneexe
toward the zero angle in that direction unlessahenuth and elevation angles are
initially equal or close to each other. On the othand, using a smaller gain may
solve the problem but at the cost of convergemnme.ti

Finally, the fourth localization scheme desed by Eq. (3.6) uses the same gain
value and the samel with weighting factors. For the objective functidafined in

Eq. (3.3), the weighting factors are defined as

- (TITD/ 1g)°
T JTD/ 1)t +(9TD/ §)* | (3.7)
. (MTD/ % )* (3.8)
“ JOTD/ 19)* +(9TD/ §)* .

The localization algorithm based on these g factors and the control
scheme defined in Eqg. (3.6) is called the Weiglaétbint Algorithm (W3PA). Using

the same scheme, the weighting factors can alstefaeed for the objective function
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(3.4) as:

3 ITDq2
W, = (3.9)
\ ITD,” +I1TD,
ITD/.2
W,, = (3.10)

22 2 7
JITD, +1TD,*

In this case the localization algorithm isledlthe Weighted 2-Point Algorithm
(W2PA).

In Figure 3.5, the azimuth and elevation asgibtained with different algorithms,
using the objective functions defined by Eqgs. (3aBy (3.4) and the localization
schemes described in Egs. (3.4) and (3.6), foniali position with 78 azimuth and
20 elevation angles are compared. It can be seeh@atumber of iterations needed
for the non-weighted two-point and weighted thre@p algorithms is larger than
those for the weighted two-point and non-weightédee-point algorithms. In
addition, the overshoot happens in the non-weiglestpoint, the non-weighted
three-point, and the weighted three-point. The Wieng did not help in reducing the
overshoot because of the large gain that is chbased on the criteria in terms of the
number of iterations required to converge andstieady state error. To reduce the
overshoot, a smaller gain can be used at the dostcoeasing the number of
iterations to localize the sound. This means thatet is a tradeoff between the

number of iterations and the level of overshootmgecific algorithm is used.
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Figure 3.5: Time history of (a) azimuth and (b) elevationangles obtained with different
algorithms for the initial sound source position =75 and = 20.

In Figure 3.6 the directional sensitivity updates in the azimaiid elevation
directions obtained with different algorithms ammpared. The overshoot observed
earlier for the weighted three-point algorithm (degure 3.5(b)) agrees with the
overshoot shown in Figure 3.6(b). The overshodheanon-weighted two-point and
the non-weighted three-point algorithms does nfgicathe sensitivity plot due to the
fact that the conventional microphone array or ftixear inspired sensor has linear
response within the incident angle region of°-30 30 azimuth and elevation
directions. The non-weighted two-point and weightfece-point algorithms require
more iterations to achieve convergence than thegiied two-point and non-

weighted three-point algorithms.
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Figure 3.6: Time history of (a) azimuth and (b) elevationdirections sensitivities obtained with
different algorithm for the initial sound source position =75"and = 20.

Table 3-1:Performance comparison of proposed algorithms

Number | Steady state error Steady state erroy
Localization algorithm of azimuth Elevation
iterations (deq) (deq)
Non-weighted 3-point 5 1.45 1.48
Weighted 3-point 7 1.44 1.35
Non-weighted 2-point 7 1.02 1.02
Weighted 2-point 5 1.00 1.00

In Table 3-1, the localization algorithm performance obtainedhwdifferent
algorithms for the initial positions of = 75, and = 20 are compared. As
concluded earlier the number of iterations requicdthe non-weighted three-point
and the weighted 2-point algorithm are less tha fibr the weighted three-point and
the non-weighted 2-point algorithms. The steadyes¢aror, which is defined as the
average of the steady state azimuth/elevation amigferespect to zero, ranges from

1 1.5 degrees for all algorithms in both azimuth atebation directions.
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3.1.3 Ambiguity Problem

The algorithms discussed previously have ts®wwn to be able to localize the
sound source in two dimensions (2D), namely azinauith elevation directions. Here
an answer is sought for the following question: ttaa proposed algorithms be used
to localize a sound propagating from the back, (aebiguity problem)? To answer
this question, the initial sound direction in bethimuth and elevation directions are
changed to = 100, and = -12C to represent a sound from the back of the sensor.

The results are shown in Figu3er.
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Figure 3.7: Time history of (a) azimuth and (b) elevationangles obtained with different
algorithms for the initial sound source position =10 and = - 120.

The results show that the numbers of iterati@yuired to localize a back sound
with the non-weighted 2-point and weighted 3-palgorithms are more than those
obtained with the weighted two-point and non-wegghthree-point algorithms. This
is similar to the previous case for localizing anfr source. The non-weighted two-
point and the non-weighted three-point algorithrriilgit overshoot due to the gain

value and the dominatingfD values associated with the non-weighted cases. To
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reduce the overshoot, a smaller gain can be useéldea¢xpense of increasing the
number of iterations. The control performance isrenchattering for the weighted
three-point algorithm than that for the other thmeethods. The reason is that for the
specific initial position chosen for the simulatiahe derivative ITD/ is larger
than ITD/ so that the localization scheme has more effectthen elevation
rotations. Furthermore, results indicate thatladl &lgorithms can be used to localize
a sound from the back of the sensor without #raliiguity problerh To explain this,
for simplicity, consider sound source localization a 1D case (azimuth only).
Assume that the sign of the measulf€D according to the configuration shown in
Figure 3.1 is positive. Then, the stage will retelockwise, which causes an increase
in the measuretl’D and a decrease in the sensitivity until the mesabiiD reaches
the maximum and the sensitivity reaches the minimAfter this point, the sound
source becomes in frontal position and the locatmaprocess will continue till the
sound source is located. This process of localiarmpck source needs more effort
In Figure 3.8, the sensitivity histories obtainegth different algorithms in the
azimuth and elevation directions for a back souodree are compared. The
sensitivity requires less number of iterationstab#size than the angle, due to the fact
that when the sound position is in the linear regite sensitivity becomes constant.
It is also noted that the large fluctuations in #evation angle history shown in

Figure 3.7(b) for the weighted three-point did slbow up in Figure 3.8.

compared with the front source case, which is cédlet on the number of iterations as

shown in Table 3-2.
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Table 3-2: Proposed algorithms performance for localizinga back source

steady state erro} steady state error
L . Number of . :
Localization algorithm ) . azimuth elevation
iterations
(deg) (deg)
Non-weighted 3-point 6 1.03 1.00
Weighted 3-point 9 1.37 1.90
Non-weighted 2-point 11 1.24 1.02
Weighted 2-point 7 1.00 1.00
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Figure 3.8: Time history of (a) azimuth and (b) elevationdirectional sensitivities obtained with
different algorithms for the initial sound source =100 and =-120.

Table 3-2 summarizes also the localizatiggo@ihm performance obtained with
different algorithms for the initial positions= 100 and = -120. As concluded
earlier, the number of iterations for the non-wégghthree-point and the weighted
two- point algorithm is less than that for the weed three-point and the non-
weighted two- point. The absolute localization effgteady state error) in all cases
ranges from 11.9 degrees for both azimuth and elevation divesti

The gain values used in the simulations iated in Table 3-3. These values are
obtained by using a MATLAB code that searcheslierdains leading to the smallest

number of iterations and the smallest absolute aetrsteady state.
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Table 3-3: Gain values used in different algorithms

Algorithm Non-weighted 2- - Weighted 2- | Non-weighted 3-  Weighted 3-
point point point point
gain 0.034 0.073 320 440

In summary, the model-free gradient descerthatkfor the sound localization
without the problem of ambiguity has been demotstrain the simulations.
However, the main drawback of this method is thas time consuming especially
when the sound source is moving in space follonangunknown path since this
method is based on physical motion iterations noherical iterations. In the next
section a non-iterative approach is investigatedvinich the sound localization is

achieved by modeling the fly-ear sensor using fuagic.

3.2 Fuzzy Logic Method

To carry out robotic sound source localizatitime uncertainties inTD/IPD
measurements should be considered. In additiomisasissed earlier, for a fly-ear
inspired sensor, the relation between the incigergle and the directional cue is
linear within the -30 to 3(° sound incident angle. Outside this linear regiba t
measurement of directional cue behaves nonlineaitir respect to the sound
incident angle. This nonlinear relationship alsaiesa with respect to different
stimulus frequencies. To address this, it is egsetat study a localization algorithm
with which one can make use of the entire rangencifient angles regardless the
frequency of the sound source. Beside the iteratieéhod discussed in Section 3.1,

several methods can be used to localize the saundesin general. The first method
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is based on the assumption that the mIPD has aasdanamplification of the IPD
obtained from a conventional microphone pair, wtiah be represented as

mIPD=M" IPD

: 3.11
IPD:Zp%sin(q) ( )

whered is the separation distance of the microphonabe wavelength, and the
sound incident angle. However, the main drawbacthisf model is that this model
can only be used for a specific frequency and witlertain incident angle range, at
which thelPD is amplified by a certain valud and the inverse of the model can
take values within the range of -1 to 1.

In another method, the mathematical modehefdensor presented in Chapter 2
can be used to estimate the incident angle. Tha dr@wback of the mathematical
model is its complexity. Hence, a closed-form ielathip that maps the sensor
information to the incident angle can hardly beabkthed. The least square error
analysis can be used to determine the incidenteatgit this method is iterative in
nature and it requires a long execution time thairaases dramatically with
increasing the estimation accuracy and the numibenlanowns.

One good method that can address the challehgesing the fly-ear inspired
sensor for sound localization is the Fuzzy Logit)(Fethod. The FL has been
widely used because of its simplicity and flexilyiliFurthermore, the FL method can
be used to model nonlinear systems. In additionafty set of input-output data, a
fuzzy model can be built using some adaptive tepes such as adaptive Neuro-
Fuzzy Inference Systems (ANFIS), which are provigdethe Fuzzy Logic Toolbox

of MATLAB. Furthermore, fuzzy models for the probie that involve human expert
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can be built using the human natural language dowprto the experience of the
people who totally understand the system of intefdserefore, fuzzy models can be
built based on imprecise or uncertain informatiovhich makes it suitable for
applications that involve measurements uncertanfidtne FL method can also be
used with conventional control systems to makesystem implementation simpler
[52], [53].

FL is a logical system that extends the Baollegic concept that has two values,
(i.e., even completely on or off) to partial valeencept that ranges between
completely on and off which is totally differentofn the traditional multivalued
logical systems. The basic idea of FL is that oma btnguistically define some
variables, such as temperature, age, length, éteséelvariables are calletinfuistic
variables which have values that can be defined linguiditycas well. These values
are called linguistic values of the linguistic variables. Imprecision menti@habove
came from the fuzzy way of defining the system mbpem of interest. Fuzzy rule is
another concept in FL, which can be representeniigtically as:

IF AisaThen Xis X,
where A is the linguistic variable that represethies input of the system that has a
linguistic value a. The FL inputs in the fuzzy mulare called d&ntecedents Every
linguistic value is called amiembership functidn These membership functions can
be defined in many different shapes, includingngialar, bell, Gaussian, trapezoidal,
sigmoidal, etc. X represents the output variabé ttas a linguistic value x. The FL
outputs in the fuzzy rules are calledohsequents To have a meaningful system

there should be a translation mechanism that deteerthe relation between the
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fuzzy antecedents and consequents. Fuzzy calciliie imechanism used to do the
transformation from the human linguistic represgota into a meaningful
guantization. The whole system including the ardeoés, consequents, the if-then
rules, and the fuzzy calculus is called the Fuzzference System (FIS). Fuzzy
inference process consists of five steps: fuzZibea of the input variables,
application of the fuzzy operator (AND or OR) irethntecedent, implication from
the antecedent to the consequent, aggregatioreafaisequents across the rules, and
defuzzification [54]. In the fuzzification processhe linguistic values of the
antecedents are defined. When the fuzzy rule ha® th@an one input, the fuzzy
operator is used to obtain a single value thatesgmts the antecedent output of that
rule. Generally in the FIS, each rule has a we({ganging between 0 and 1) that
should be considered in the implication processesmted by the “THEN” word in
the fuzzy rule discussed previously (default weight). The implication process has
two methods: min (minimum), which truncates thepotit and prod (product), which
scales the output. Since the FIS has many rulesotitput of these rules should be
combined to get a single fuzzy set so as to ma#lecssion. This process is called
“aggregation” of the consequents, which is applied across &l riiles. Finally,
defuzzification is the process of getting a singédue from the aggregated single
output fuzzy set which represents the decisiore Bitferent methods can be used for
defuzzification, namely, centroid, bisector, middiemaximum (the average of the
maximum value of the output set), largest of maximand smallest of maximum.
Figure 3.9 shows the components of the FIS andidieof the five steps explained

above.
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Figure 3.9: Flow chart for Fuzzy Inference System.

The most commonly used FIS types are the Maivigpe and Sugeno-type [54].
Mamdani-type FIS, which was proposed by Ebrahim Mann in 1975, has been
used more than Sugeno-type since it was the fimitral system that was
implemented to control a steam engine and boilenkspation by translating the
experience of a human operator to a FIS. The m#erehce between Mamdani-type
and Sugeno-type FIS is that the output membersmptions in the Mamdani-type
are fuzzy as well as the inputs [55]. The outputnership functions in the Sugeno-
type FIS are even constants, which are called #ve-arder functions, or linear,
which are called first-order functions of the inputysing such output simplifies the
defuzzification step. The zero and first order fimts for two inputs (x and y) case

can be represented as the following:
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z=c (constant) (3.12)
z=a % B y c (3.13)

To build a fuzzy model for the input-outputtalaet, one of the soft computing
techniques, namely neural network, can be combingd fuzzy logic so as to
adaptively move and/or widen/narrow the members$hitions used to match the
input-output set. This neuro-fuzzy system is calaethptive Neuro-Fuzzy Inference
System(ANFIS) [54], which has been included in the fuzlngic toolbox in

MATLAB.

3.2.1 Neuro-Fuzzy Inference System (Grid Partitioning vs. Subtractive
Clustering)

In Figure3.10, the IPD of the fly-ear inspired acoustic seras a function of the
incident azimuth angle at different sound freques@re obtained by using Eqg. (2.62)
, which is nonlinear outside the region of 230 3. This nonlinearity is a function
of the stimulus frequencies. The parameters usattain the simulation results are

based on the fly ear parameters listed in Takle

Figure 3.10: (a) IPD versus incident azimuth angle and (b3D surface of the mIPD at different
incident angles and frequencies using the fly ear parameters listein Table 2-1.
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Based on these results, a normalized trutle tzdn be generated that involves all
the theoretical values of the measurements atrdiftefrequencies. The maximum
absolution value of the theoretical measurememiaah frequency is obtained when
the incident angle is at +80These maximum values are used to normalize the
response at each frequency. The obtained dataers sed to model the sensor
response by using fuzzy logic toolbox in MATLAB.

The generated truth table can be used in ANfdi®r to train the data and test
Sugeno-type fuzzy systems to get the sensor fuzmemANFIS GUI can be started
to achieve the following four different tasks [56]:

1. loading, plotting, and clearing the data set,

2. generating or loading the Initial FIS structure,

3. training the FIS,

4. validating the trained FIS.

After loading the data to the ANFIS GUI, sirtbe initial FIS structure has to be
generated, one has to choose between Bed" Partition” method and the
“Subtractive Clusteringmethod. The grid partition (GP) method can beduse
divide the input space into grids. A small numbemambership functions for each
input is needed so the problem of having a largmber of fuzzy rules is not
encountered, which will complicate the computatminthe output [57]. For this
reason, subtractive clustering (SC) is usually useelstimate the number of clusters
and the clusters centers needed for a given inpito data set when the number of
clusters and cluster centers are unknown since & fast, and one-pass algorithm

[58].
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Accordingly, a fuzzy model using each abovexiemed method is constructed
and the results from each model are compared. bteened data set has two inputs
and one output. When the grid partitioning meth®dised, some parameters should
be initialized to generate the FIS model, whichludes the number of inputs and
outputs, the number of membership functions, apé tyf the membership functions
for the inputs and outputs. In this study, sevemssen membership functions for
each input are initialized. For the output membigrdhinction, the linear type is
chosen to get a smoother response.

After initializing the FIS structure, the datal be trained to obtain the best fuzzy
model according to the initialization. The trainiagor as a function of the number of
epochs (i.e., the number of iterations neededhia the data) is shown in Figure 3.11.
After training, the model can be evaluated to fond how well it matches the original
input-output data set. Usually a different set afadcalled the ¢hecking data’is

used to test the model.

Error

Epochs

Figure 3.11: FIS training error history using the Grid Partitioning method.
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The resulted model as illustrated in Fig8r&2 basically has two inputs and one
output. The two inputs are the normalized frequearay the normalized mIPD, with
seven membership functions for each input, whiehspecified in the fuzzy structure
initialization (as shown in Figure 3.13). The omatput is the normalized bearing
angle which is normalized by the maximum estimassthle (96), with 49
membership functions. A total of 49 fuzzy rules apnstructed by multiplying the
number of membership functions in the inputs. Takationship between the two
inputs and the output is shown in Figure 3.14. fizey calculus used to achieve the
mathematical operations in the fuzzy model incltfte AND method that is chosen
to be the product operation and the OR methodithehosen as thepfobabilistic
OR’ (PROBOR) method (also known as the algebraic sumtich is calculated

according to the following equation:

probor(a b = a+ b- at (3.14)

For the implication and aggregation methoddNMnd MAX (minimum and
maximum) operations are chosen respectively. Ferdéfuzzification method, the
“weighted averagdg WTAVER) is chosen. WTAVER can be expressed &snation

of the rule firing strength and the rule outpugttts,

Output=-=—— (3.15)
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where w; is the rule firing strength (output of the antemets after applying the

AND/OR operator) and; represents the output from the zero or first oislegeno

functions.
Figure 3.12: Final Fuzzy model using the Grid Partitioningmethod.
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Figure 3.13: Normalized inputs membership functions usinghe grid partitioning method.
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Figure 3.14: Fuzzy model surface using the grid partitiomig method.

Next, the subtractive clustering algorithmuised to construct the fuzzy model.
After loading the data set from the workspace Rl parameters are initialized. The
parameters need to be initialized include the rarfgafluence, squash factor, accept
ratio, and reject ratio. Therdnge of influence represents the cluster radius
considering the data space as a unit hypercubendl €luster radius will yield to
large number of clusters, which results in morejuailes. On the other hand, a large
cluster radius yields to a smaller number of cisstevhich results in less fuzzy rules.
The “squash factdris a factor that is multiplied with the radiuslves that determine
the neighborhood of a cluster center, so as toceedu even eliminate the outlying
points belonging to that cluster (a default i25). The ‘accept ratid is a threshold
factor that is a fraction of the potential threshof the first cluster center. Above this
threshold another data point is accepted as a hestec center (default value of 0.5).
The ‘reject ratid is another threshold factor that is a fraction tbé potential
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threshold of the first cluster center. Below thiseshold a data point will be rejected
as the cluster center (default value of 0.15) [9%e default values are used in the
simulations. By confirming the FIS parameters thestering process starts grouping
the data points that share certain characteris$icsilar to the model obtained using
the GP method, after initializing the structure ttaga will be trained to get the best
fuzzy model according to the initialization. Thetabed training error history as a
function of the number of epochs needed to tragnddta is shown in Figure 3.15. In
addition, after training, the model can be testedheck how well it matches the
original input-output data set.

Compared with the GP algorithm based fuzzy ehatie number of rules and the
number of output membership functions used in tGeaorithm based model are
less. Next, investigation is carried out to showethler this affects the fuzzy model

performance.
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Figure 3.15: FIS training error history using the Subtractive Clustering method.
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By using the checking data set, the model lmariested to investigate how the
model output matches the original data set. Theltext model shown in Figur@ 16
has the same number of inputs (i.e., the normalieeguency and the normalized
mIPD with seven Gaussian membership functions as showigure3.17) and one
output. The output is the normalized bearing awglkh only 7 linear membership
functions which is much less than that for the G&thad. This will be useful when
the fuzzy model is implemented experimentally tduee the processing time and
needed memory. The relationship between the twatsnpnd the output of the SC
method is shown in Figur8.18, which appears to be similar to that of the GP
method. The fuzzy calculus used to achieve the enaditical operations in this fuzzy

model is the same as the ones used in the GP method

Figure 3.16: Schematic of fuzzy model using the subtracivclustering method.
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Figure 3.18: Fuzzy model surface obtained with the subtrdive clustering method.

The bearing angle estimation obtained withhbot the two fuzzy models are
compared with that obtained by using the theoretid®D as shown in Figure 3.19
and Figure 3.20. It can be found that both modetsk properly with small

estimation error. Since the model generated udiegstibtractive clustering method
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has less number of rules and output membershigtifuns; it can help dramatically

reduce the computational time. Therefore, this madébe used in the later studies.

In this subsection, two fuzzy models were tgwed for the fly-ear inspired

sensor. The first model used the grid partitionhodtand the second model used the

subtractive clustering method to construct the yurwdel. Although the simulation

results showed that both models work properly, thedel created using the

subtractive clustering method has less number lesrwhich will be a critical issue

when all the processing and decision making is gotedl on board and online. To

further validate the fuzzy models, previously colézl experimental data will be used

to test the fuzzy models which will be discussethmnext subsection.
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Figure 3.19: Fuzzy model testing results at different fregencies using the GP method.
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Figure 3.20: Fuzzy model testing results at different fregencies using the SC method.
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3.2.2 Fuzzy Modeling of the Fly-Ear Inspired Sensor

A fuzzy model of the fly-ear inspired sens@ndde constructed by using two
different approaches. In the first approach, themthtical model is used to generate
theoretical input/output data set, which can bbzetl to construct the fuzzy model.
The fuzzy model will then be tested using a dataobéained from the experiment.
The main drawback of this approach is that whentlieeretical parameters used to
generate the theoretical input/output data diffeomf the real experimental
parameters, the model becomes not accurate inastgrthe sound incident angle. In
the second approach, an experimental data sevigediinto training and checking
data sets to construct and test the fuzzy modspexively. However, the main
challenge using this approach is that the traimlata should be accurate enough so
that the obtained model can be used to estimatetitent angle accurately.

To construct the mapping (i.e. the fuzzy mepddased on any of the two
approaches, the training and checking data haveirjputs, namely the normalized
frequency and the normalized mIPD, and one outpmely the normalized azimuth
angle. The frequency space is normalized by theimax applied sound frequency
(22.5 kHz). The azimuth angle space is normalizethe maximum estimated angle
(90°). The mIPD at each frequency is normalized byrtteximum mIPD, which is
obtained when the incident angle is°9at that frequency. Therefore, the
normalization of the mIPD space is different widspect to frequency, which can

help distinguish the sound incident angle at tffileidint frequencies.
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3.2.2.1 Experimental Setup

The experimental arrangement, and the flyieapired sensor developed by
another lab member, Haijun Liu, is used in the expental studies, as shown in
Figure 3.21. The fly-ear inspired sensor was used to cotlee experimental data,
which were utilized later to construct one of thkeZy models of the sensor and to
check the performance of the models. As shown gur€i3.21, the sensor device is
mounted on the tip of an aluminum rod with a diaanetf 0.25", which is fixed on a
motorized rotational stage (Newport, URS75BPP) ected to a motion controller
(Newport, ESP 300). A pure tone or chirp sound afious frequencies is played
through a speaker (ESS Heil air motion transformeo) simulate the movement of
the source, another motorized rotational stage pMesed under the stage mounting
the sensor while the position of the speaker wesdfi The responses from the two
diaphragms were acquired by using a fiber optiedain system for every 2.5
degrees in the range of -30 to 30 degrees (i.eliibar range) and every 5 degrees
outside this range. For each frequency, this peess repeated 5 times and the
average value was obtained. Signals received thenphoto detectors in the optical
detection system were sampled at a rate of 500f&Hzach channel.

The time delay was calculated by finding theximum cross-correlation of
signals from the two channels and converted to etdiference mIPD. For the
sampling rate used in the experiment (500 kHz),tiime resolution of the cross-
correlation is 2 s (note that a center-to-center distance of 1.2aniprenders a time
difference of up to 3.53s). For a sound frequency of 8 kHz, a time delag o$ is

equivalent to a phase difference of 5.760 improve the resolution, a second order
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polynomial is used to perform the curve fittingtive vicinity of the center peak of the

cross-correlation [60].

Figure 3.21: Experimental arrangement of the fly-ear inspied sensor mounted on two rotational
stages for sound source localization.

3.2.2.2 Fuzzy Modeling Based on the Data Set Obtained with the 2-DOF Model

By using the 2-DOF model of the fly-ear inggirsensor (Eqg. (2.62) and the
parameters listed in Tab84), mIPDs at different incident anglesand frequencies
were calculated. The incident angle space was eliviequally with & increments
within the region ||>30 and 2.5 increments within the region| P4'30°. On the other
hand, the frequency space was evenly divided dwefrequency ranges of 1 kHz to
22.5 kHz. The middle region from 5 kHz to 11 kHzsa@ivided into 30 unevenly
spaced segments 100 or 200 Hz increments. Theraotest theoretical training data
was used to get a Sugeno-type fuzzy model usingl8NFhe model was checked

later by using the experimental data set obtaingl the fly-ear inspired sensor. It
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should be mentioned that dividing the training data two sets to get two separate
fuzzy models can enhanced the incident angle estimaince the IPD changes the
sign at the rocking mode natural frequency. Theedrmentally measured sensor
parameters were used to obtain a theoretical nafddle sensor, which are listed in
Table 3-4. Figure 3.22 shows the theoretical mi¥0he sensor as a function of
sound incident angle and frequency by using thesanpeters, which has a good

agreement with the experimental results showngurfe 3.27.
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Figure 3.22: 3D surface of the mIPD at different incidentangles and frequencies using the fly
parameters shown in Table3-4.

Table 3-4: Parameters for the fly-ear inspired sensor dege.

Parameters Values
Mass of bam 2.88x10" kg
Rocking mode natural frequency 9750 Hz
Bending mode natural frequency 22970 Hz

Damping ratio 1 0.18
Damping ratio 2 0.05
Separation of force locatiorns 1.2x10° m
Tympanum area 0.288x10 n?
Sound speed 344 m/s

85



Training with the theoretical data

The general structure of the fuzzy inferengstesm for the fly-ear inspired sensor
has two antecedents, i.e., the normalized frequamclthe normalized mIPD, and
one consequent, i.e., the normalized incident aafjitbe sound source as illustrated
in Figure 3.23. The membership functions of theuis for the two models in two
different frequency regions are plotted in Figl8@4 and Figure 3.25. In both
models, 8 Gaussian membership functions for eagutirwere used for the
comparison purposes. The following first order Swggype rule is used:

Ri: IF nfis NFy; andnmipdis NmIPDy THEN n = agi + a3; & nf + ap & nmipd

By using the subtractive clustering algorithithe antecedent membership
functions were identified with a radius of influenof 0.42 and the default values for
the other factors (squash factor of 1.25, accep td 0.5, and reject ratio of 0.15).
The least square estimation was used to optimize dbnsequent parameters.
Table 3-5 and Table 3-6 list the parameters efahtecedent Gaussian membership
functions, shown in Figure 3.24 and Figure 3.8fich include the standard
deviations ; the cluster centersand the optimized consequent parameteysya;)
after tuning by ANFIS. The weighted average defibgdq. (3.15), of the outputs of

the rules was calculated to obtain the model output
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Figure 3.23: Schematic of fuzzy inference system structuffer the fly-ear inspired sensor.
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Figure 3.24: Antecedent membership functions for the*imodel based on theoretical results.
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Figure 3.25: Antecedent membership functions for the™ model based on theoretical results.

Table 3-5: Antecedent and consequent parameters for thé$t model.

Normalized Normalized Normalized
Rule # Frequency mIPD
[ icl [ icl [3gi & &

[0.137 0.235] | [0.475 0.733] [[31.61 4.652B.168]
[0.137 0.235] | [0.475 -0.733]| [31.61 4.6527.168]
[0.191 0.338] | [0.493 0.00] [0.00 9.029%.00]
[0.134 0.167] | [0.423 0.00] [0.00 -9.4260.00]
[0.056 0.377] | [0.415 -0.886] | [1.902 2.6120.698]
[0.056 0.377] | [0.415 0.886] [[1.902 2.6127698]
[0.128 0.123] | [0.342 -0.89] [11.92 1.9224.585]
[0.128 0.123] | [0.342 0.89] [-11.92 1.9224.585]

O IN|O(O|B[WIN|F-

Table 3-6: Antecedent and consequent parameters for th@sond model.

Normalized Normalized Normalized
Rule # Frequency mIPD
[icl [icl [20i i &l
[0.194 0.733] [0.493 -0.708] [23.71 1&0 -17.785]
[0.194 0.733] [0.493 0.708] [-23.71 1HO 17.785]
[0.214 0.575] [0.519 -0.00] [0.00 2@ 0.00]
[0.184 0.844] [0.449 0.00] [0.00 734 0.00]

[0.077 0534] | [0.433 0.854] | [1.02 .435 1.805]
[0.077 0534] | [0.433 -0.854] | [1.02 .435 -1.805]
[0.178 0.893] | [0.341 0.892] | [7.245 291 11.15]
[0.178 0.893] | [0.341 -0.892] | [7.245 291 -11.15]

O(N|O|UBRWINF

88



Validating the model using experimental data

After the fuzzy models were constructed theyemested using experimental data
set. In Figure 3.26, the estimated incident anglieg the fuzzy logic models as a
function of mIPD are compared with the theoretigat the experimental results at
different frequencies. A complete list of results @l frequencies is provided
in Appendix F. From these figures, the resultamied with the fuzzy models agree
well with the theroretical data but poorly matchtwihe experimental checking data.
Figure 3.26(a) and (b) show the angle estimattdneguencies less than the rocking
mode natural frequency and Figure 3.26(c) and qkddpw the estimation for
frequencies higher than the rocking mode naturadjufency. Comparing the two
regions, mIPD changes its sign at the rocking modwiral frequency, which is
estimated to be 9.8 kHz, and the mIPD range inegeas the stimulus frequency gets
closer to the rocking mode natural frequency. Thgehdiffernce in the mIPD range
does not affect the capability of fuzzy model ttreate the incident angle due to the
normalization of the data. The main advantage ©f tlormalization in constructing
the fuzzy model is the ability to use the sensorainwider frequency range. In
addition, note that the nonlinearity of the senswmreases with increasing the
stimulus frequency. Even though the fuzzy modektasn the theoretical data set
can deal with the nonlinearity, the huge error barobserved between the estimated
angle and the experimental data due to the accwhdlye constructed model. To
improve the estimation accuracy, a fuzzy model thame experimental results is

constructed, which will be discussed in the follogvsubsection.
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Figure 3.26: Estimated sound incident angle compared withthe experimental and
theoretical results at different frequencies (a) f = 5.5 kHz, (b) f .2 kHz, (c) f = 9.8 kHz,
and d) f =12 kHz.

3.2.2.3 Fuzzy Model Based on Experimental Data Set

Here, the previously collected experimentabhdaere used to construct and test
the fuzzy models. The experimental results obtaimech the sensor were divided
into two equal sets, with the same space segmentatiethod explained in
Section3.2.2.2, for training and checking. It should beedothat the experimental
map of the phase difference as a function of tleddént angle and the stimulus

frequency slightly differs from the map shown irgiiie 3.10 even with using the
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calibrated sensor parameters listed in TableSedordingly, new fuzzy models were
created using the subtractive clustering methotil&ily, the mIPD values were
normalized by the maximum value at each frequencthat the incident angle at the
frequencies can be distinguished. Furthermore, ftve@ay models were created, one
for frequencies lower than the rocking mode nattnequency and the other for the
higher frequencies, which can help reduce the itrgirerror and make the offline
training process faster, compared with constructotge model for the entire

frequency range.
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100
0

-100

Phase difference (degree)
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Figure 3.27: Experimental results of the mIPD at different incident angles and
frequencies.

Training with the experimental data

Two fuzzy models were constructed using tlening experimental data. As
mentioned earlier, one model is for the frequenesiesller than the rocking mode
frequency. The membership functions of the two tami the first and second models

are plotted in Figure 3.28 and Figure 3.29, repely. Table 3-7and Table 3-8 list
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the parameters of the antecedent Gaussian membefahctions, shown in
Figure 3.28 and Figure 3.29, which include thendard deviations;, the cluster
centers ¢, and the optimized consequent parametegsa{aay;) after tuning by
ANFIS. Similarly, the weighted average defined hy E3.15), of the outputs of the
rules was calculated to obtain the model outpubld@-7 and Table 3-8 list the
antecedents Gaussian membership function paramsterg/n in Figure 3.28 and
Figure 3.29, identified by the standard deviationsthe cluster centers end the
optimized consequent parameterg daa;) after tuning by ANFIS. Accordingly, the

weighted average of the rule outputs is computegetdhe model output.
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Figure 3.28: Antecedent membership functions for *t model trained with experimental data.
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Figure 3.29: Antecedent membership functions for the™ model trained with experimental data.

Table 3-7: Antecedent and consequent parameters for thé'tnodel trained with experimental
data.

Normalized Normalized Normalized
Rule # Frequency mIPD
[ic] [ icl [a0i &i &l

[0.0847 0.4062]| [0.3159 -0.0090] [-0.593296 0.248]
[0.0487 0.3426]| [0.3434 0.7508] [-1.25378D -0.271]
[0.0618 0.3250]| [0.3432 -0.7190] [1.611.075 0.041]
[0.1067 0.1618]| [0.3168 0.0817] [-0.645862 0.027]
[0.0884 0.1809]| [0.3079 -0.4941] [-0.29617¥ -2.762]
[0.0642 0.3931]| [0.3006 -0.9395] [6.575.980 -2.762]
[0.0427 0.0912]| [0.3003 0.6779] [0.673.30L -0.330]
[0.0736 0.4028]| [0.2911 0.9163] [1.197.346 -0.933]

O IN|O|OTBWIN -
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Table 3-8: Antecedent and consequent parameters for thé2model trained with experimental
data.

Normalized Normalized Normalized
Rule # Frequency mIPD
[ic] [ ic] [Q0i @i &i
1 [0.094  0.494]| [0.310 0.004] [0.960 1.565 -0.430]
2 [0.117  0.857]| [0.328 0.001] [15.387 .31B7 -15.333]
3 [0.0845 0.534]| [0.303 0.706] [0.0542 471. 0.423]
4 [0.102 0.544]| [0.309 -0.781] [0.193 1.316 -0.503]
5 [0.079 0.850]| [0.308 -0.527] [-12.250.083 6.768]
6 [0.082 0.768]| [0.303 0.522] [-0.987-0.1451 -0.0935]
7 [0.091 0.751]| [0.320 0.121] [5.15472.294 -1.204]
8 [0.095 0.938]| [0.318 -0.537] [-51.7780.425  52.49]

Figure 3.30 shows the training error histobyained with different number of the
input membership functions used in the fuzzy modathen the number of
membership functions is larger than 8 the erranrstés at a value of 0.042 to 0.044
at about 50 epochs. This means that increasinguhser of membership functions
will not be useful for further improving the accayaof azimuth angle estimation. To
reduce the computation cost the smallest numberevhbership functions should be
used (i.e., 8 membership functions) especially wdlenalculations are executed on a

robotic platform in future.
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Figure 3.30: Training error history obtained with different number of inputs membership
functions.
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Validating the models with experimental data

After the fuzzy models were constructed, thegre tested using the checking
experimental data set. The estimated incident anogtained with the fuzzy logic
models at different frequencies are compared viigheixperimental checking data, as
shown in Figure 3.31. It can be seen that theltesbtained with the fuzzy model
have a good agreement with the experimental chgckiata, when the sound
frequency is not close to the rocking mode natfremjuency. Figure 3.31(a) and (b)
show the angle estimation for frequencies less ttien rocking mode natural
frequency which is found to be at 9.75 kHz, anduFeg3.31(c) and (d) show the
estimation for frequencies higher than the rockimgde natural frequency. It can be
seen that the results obtained with the fuzy mddele a good agreement with the
experimental checking data, when the sound frequenmot close to the rocking
mode natural frequency. However, due to the abcbphge in mIPD at the rocking
mode natural frequency, when the sound stimulugjugacy is close to this
frequency, a relatively large discrepancy can hadobetween the model estimation
and the experimental data. A complete list of fegufor incident angle estimation at
all checking frequencies are provided in Apperfeix

The root mean square error (RMSE) in the edtoh angles obtained with the
fuzzy model constructed using the theoretical dataand that constructed using the
experimental data set are compared in Figure 33an be observed that under the
same conditions (same frequency, same number alyfazles, same number of
training/checking data points) the fuzzy model ¢arded from the experimental

data is more accurate. This is due to the fact tiratsimple spring-mass-dashpot
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system used to model the fly-ear inspired sensarotsaccurate enough. Another
reason can be the estimation accuracy of the sgragameters used in the 2-DOF

model to map the sound incident angle to mIPD.
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Figure 3.31: Estimated incident angle obtained using the model trained with an
experimental data set compared with the experimentadata at (a) f = 5.5 kHz (b) f = 7.2
kHz (c) f= 10 kHz, and d) f = 12 kHz.
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Figure 3.32: RMSE versus frequency for the two fuzzy modsl

3.2.2.4 Experimental Validation

In this subsection, a reduced frequency rafugey model is constructed by
following the procedure explained in the previoast®n using the experimental data
for stimulus frequency range from 1 kHz up to 9 kHhis model is then used in the
experiment to localize a stationary and track a imgpwsound source, respectively.
The experimental arrangement shown in Fig8r2l was used. The localization
performance with the fuzzy model is compared wiltattobtained with two
conventional methods, namely, the least square @r&E) method and the saturation
function method. To compare the performance, thHeviing four performance
metrics are defined: the settling time, the ovesashthe steady state error, and the
error band. The definitions of these metrics astetl in Table3-9. Figure3.33
illustrates the performance metrics by using a $amime history of localizing a

stationary sound source.
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Table 3-9 : Performance metrics definitions.

Name Units  Definition

The time required for the estimated sound incidemgle to reach and
Settling time [s] remain within an error band regardless the ingishsor orientation with
respect to the sound source.
The maximum difference between the initial estirdasound source
incident angle and the actual incident angle.
Steady state [deg] The difference between the average of the estimatedes during the

error period after the settling time and the true vakexd in this case).

Error band [deg] The maximum range of error of the estimategl@after the settling time.

Root mean A measure of the differences between the estimatident angle and the
s [deg] s imatid:
quare error actual incident angle calculated over the localratrip time.

Over shoot  [deq]

Figure 3.33: lllustration of performance metrics.

The importance of these performance metricsesofrom the fact that one can use
them to evaluate the performance of different mgghand possibly choose a method
with a better performance. Ideally, method thatwshdastest convergence (i.e.,
shortest settling time) to a desired value withghellest steady state error should be
chosen. However, as will be shown later, a tradeofbften found between the
settling time and the error.

In the experiments, localization of a statignsource was first carried out. The
sensor was initially oriented at different at amlanwith respect to the source. The
angle was changed from -18® 170 with an increment of 10 including the case
when the sound source was from the back. Withoss laf generality, the sound

frequency was chosen at 6.25 kHz for the experimEm sound incident angle was
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estimated using the fuzzy model, the LSE method satdration function at each
angular position of the sensor. For the LSE, agfiedd array of experimental phase
difference results as a function of incident argel sound frequency was used as a
map for searching the incident angle at a spefréiguency. If the exact angle cannot
be found from the map, linear interpolation wasdugeestimate the angle using the
data for the frequencies directly higher or lowsart the frequency of interest. For the
saturation function, the mIPD was assumed to beally proportional to the
estimated angle within the range of 236 30. The slope of the linear region was
calculated at the beginning of the experiment Hipbiting the sensor at the chosen
sound frequency. For the sound localization usihghathods, a LabView code was
developed to collect the sensor signals and cd&ul@e mIPD, using the cross-
correlation method explained in Chapter 1. Thesasmements were averaged 15
times, and the averaged results were used for @stimof the sound incident angles
according to the three different methods. The esdtoh angle was then sent by the
LabView code through the serial port (USB) to cohthe rotational stages.

The localization histories obtained by usitg tifferent methods with initial
sound positions of -2Cand 156 are shown in Figure 3.34. As seen in Figure (3)34
the LSE and fuzzy logic methods exhibits a smalkershoot in the incident angle
estimation compared with the saturation functiorthmd. For a sound coming from
the back, the saturation function method requiresentime to pinpoint the sound
compared with the other two methods as shown inrgi@.34(b). This is due to the
fixed moved steps used in the saturation functi@thod when the incident angle is

outside the linear region.
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Figure 3.34: Sound localization histories obtained with dierent methods for initial sound
incident angles of (a) -20and (b) 150.

The performance metrics obtained with the éhneethods used to localize a
stationary source are compared in Figure 3.35aksbe seen from Figure 3.35(a), in
terms of the settling time the fuzzy model perforstightly better than the LSE
method, both of which exhibit much better perfore®than the saturation function
method. The saturation function method requiresentiane to settle beyond the linear
range since the sensor stage will rotate with adistep of 2Duntil it reaches the
linear region. When the source is from the backefsensor, it takes even longer to
achieve convergence. For the LSE method, thersgtilne is almost the same as that
for the fuzzy model. However, at some angles, #tdisg time shows some spikes
which can be attributed to the measurement unodéigaithat in turn will affect the
linear interpolation in the LSE method. Howeverngsthe fuzzy logic method can
eliminate these spikes since the uncertaintiesbeaaddressed in the fuzzy models.
The reason for the long settling time for all thethods is due to the following: i) the
processing time of the sensor signals to get 1SegUddference measurements, ii) the
slow data transfer between the DAQ and the PCjigride limitation of sensor stage
movement speed (30 deg/sec) until it reaches ttimasd position of the sound

source.
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The steady state error obtained from the thmesthods are compared in
Figure 3.35(b). All of them have a steady staterewithin the range of 3to 4,
where the LSE method shows better performancettteaather two methods.

Figure 3.35(c) shows the error band for thee¢ methods which can give an
indication on the level of fluctuation about thealy state for each method. All the
methods exhibit considerable level of fluctuatithoat the steady state. However, the
LSE method exhibits better performance than theratho methods with the smallest
range of fluctuations up td’2

Figure 3.35(d) shows the overshoot for theghmethods. Again, the saturation
function shows higher overshoot than the otherrnvethods outside the linear region.
However, overshoot for all methods starts to ineeedramatically as the incident
angle increases, especially when the sound is @pfmem the back due to the effort
needed to solve the ambiguity problem. On the dtlaed, this figure also shows that
the LSE method suffers from the overshoot spikdschivcan be explained with the
same reasons as those settling time spikes.

Figure 3.35(e) shows the root mean squace tor the three methods, which were
calculated over the entire localization processe $hturation function is shown to
perform poorly again when the source is outside lthear region for the same
reasons mentioned previously, while the other tvathmds show better performance
in localizing the sound source.

Based on these results, for localization stiadionary source can be concluded that

fuzzy logic method can overcome the linear rangetdition the saturation function
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method and the settling time and overshoot spikasUSE suffer from. However, the

fuzzy logic method exhibits more steady state ezoonpared to the LSE method.
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Figure 3.35: Sound localization performance metrics obtaied for different methods: (a) settling

time, (b) steady state error, (c) error band, (d) eershoot, and (e) root mean square error.
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Further, tracking of a moving sound source weasied out. The tracking histories
using the different methods at specific speed safiatio of the speed of the sensor
stage and that of the sound source stage) of Maaré shown in Figure 3.36. It is
difficult to compare between the performance ofedldént methods for tracking a
moving source, since the tracking histories, eggcat low speed ratios, do not look
similar to those obtained for localization of atistaary source, as shown in
Figure 3.36(a). Therefore, to compare the perfoceaf the three methods, different
performance metrics were used. The absolute positad the sensor {nso) and
sound source {owng Stages were acquired throughout the trackingge®owhich was
used to obtain the absolute RMSE, which is defiagdhe difference between the
sound stage positiongung and the sensor stage positiog.{s). The relative RMSE
was also determined, which was defined as therdiffee between the estimated
incident angle (es) and the actual sound incident anglg:(s). In this experiment, a
sound from the back was not tested to protecteéhea@ since the optical fibers used

to detect the sensor signals may be broken esfyeaia low speed ratio.
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Figure 3.36: Sound tracking histories obtained with diffeent methods at (a) speed ratio of 1 and
(b) speed ratio of 4.
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Figure3.37 shows the relative and absolute RMSE for thieet methods as a
function of the speed ratio (relative angular spbetiveen the sensor and source
stages). In both cases, the fuzzy logic methochasva to have better performance
than the other two methods with less RMSE errocsgét a relative RMSE of less
than 2 (the localization accuracy of the fly ear), theeg ratio should be at least 2
for the fuzzy logic, 4 for the LSE, and 5 for thegation function. Due to the delays
that can be attributed to the signals processingleaestimation, and stage motion, a

bias error that decreases with increasing the spatd is present as shown in

Figure3.37(b).
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Figure 3.37: (a) Relative RMSE and (b) absolute RMSE versuangular speed ratio.

3.3 Summary

In this chapter, two methods are investigatedl used for sound source
localization with the fly-ear inspired sensor. Tiret method is based on the model-
free gradient descent method where the sensor istused directly to evaluate an
objective function. Different objective functiongeaused to develop difference

localization schemes. The performance of thesensebés evaluated via simulations.
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Furthermore, this method is shown to have the abfyabf solving the ambiguity
problem. However, the main drawback of this metiwthe iterative nature, which
makes the localization of a moving sound sourcélenging.

A non-iterative method for sound localizatioith the fly-ear inspired sensor is
also developed, namely the fuzzy logic method. $hasor response at different
incident angles and stimulus frequencies is modeledg fuzzy logic. The first
attempt is to select an appropriate method to khiédfuzzy model based on training
set generated from the 2DOF model of the fly-easse Two methods, namely, the
grid partitioning and the subtractive clustering tihoel, are investigated. The
subtractive clustering is found to be the betteriah due to its clustering nature that
require less number of rules which leads to fastecution time especially when this
system is implemented in a mobile platform that lraged processing capabilities.
Furthermore, a previously collected experimentéh dat is used to conduct the fuzzy
model. The experimental data set is divided into grmoups, the training data set and
the checking data set. As indicated by the nanhestraining data set is used to train
the fuzzy model and the checking data is used tmlata the constructed fuzzy
model. It is found that the fuzzy model works pndpen estimating the incident
angle at different frequencies. The challenge ofdifig the maximum phase
difference at the specific sound source frequendych is needed for normalization
of the fuzzy model input, is addressed by usingoakup table and linear
interpolation.

Finally, the fly-ear inspired sensor with adweed fuzzy model is used in

experimental studies to localize and track a statip and moving sound source. The
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performance of the system with the fuzzy modelaspared to that using the least
square error method and saturation function methsmt. sound source localization, it
is found that the fuzzy model overcome the linearge limitation in localization
using the saturation function method and the spikasthe LSE method suffers from.
However, the fuzzy model method is found to havarger steady state error than
that of the LSE method.

The fuzzy modeling of the fly-ear sensor vapen the door for localization of
stationary and moving sound sources by using a lmobbot equipped with the fly-

ear sensor.
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Chapter 4 Mobile Robot Control for Localization and
Tracking

In this chapter, nonlinear and quadratic-linaantrollers are designed to control a
differentially driven mobile platform, equipped Wit pair of acoustic sensors for
localization of a single stationary sound sourcd acking a single moving sound
source without any knowledge about the distancevdsst the robot and the sound
source or the trajectory of the moving sound saugs@erimental implementation of
this platform will be discussed in Chapter 5. Aswh in Figure4.1, the control loop
has a plant (a differentially driven 2-wheeled rokmematics in this case) to be
controlled, a sensor with its own circuitry and takgorithms that calculate the
time/phase difference between the acquired siginafe the two microphones, an
angle estimation block that estimates the incidgargle from the sensor information
by using any of the methods developed earlier iapgBdr 3, and a controller. Here,
different controllers are designed to drive theotaloward the sound source by using
the acoustic sensor information. The well-knowsross correlatiofi method is

applied to calculate the time/phase difference.

Figure 4.1: Mobile robot control loop; 4isthedesired angle, ., is the measured error angle, e is
the error signal ( 4- ), is the robot translational velocity, is the robot angular velocity, X,
Yr, r are the robot position and heading angle.
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In this work, since the goal is to track a mgvsound source by only using the
angle error information, the sound tracking problienconsidered as a path tracking
problem. In the literature, the tracking problemcansidered as a highly nonlinear
problem [61]. Many approaches have been developedotve the general path
tracking problem or the sound tracking problem beatly controlling the dynamics
and kinematics of the tracking mobile robotic pdath. For example, Zhanet al.
developed a Lyapunov approach based nonlinear allamtrto steer vehicles
automatically to track a curved path [61]. In thisrk, the small angle assumption
was not used and the model nonlinear terms weregnoted. Similarly, following
the same approach DeSardisal. experimentally studied the controller performance
compared with a fuzzy controller developed in therdture [63]. Furthermore, Zhang
et al. developed a sliding mode nonlinear controller [§8%]. In addition, Shaoust
al. developed a fuzzy logic robust controller basedageno fuzzy model, in which
the tracking performance was improved even with ¢kistence of noise and the
vehicle parameter variations [66]. Haat al. developed a Mamdani type fuzzy
controller to track a moving object based on thenslosignal detected using a three-
microphone array [36]. Triangulation was employedcalculate the distance and
orientation of the object based on the time difieee of arrival measurements
between the microphone pairs. Gholipour and Yazaaalp designed a tracking
controller for non-holonomic mobile robot [67]. Thgapunov based controller was
designed in two steps. First, the kinematic stahiion was achieved by using
nonlinear control laws. Second, translational andgu#ar velocities were

exponentially stabilized by controlling the accatesn rate. Buiet al. presented a
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simple and robust Lyapunov based nonlinear coetrad track a reference welding
path and velocity of a differential driven mobilebot [68]. Songet al. designed a
PID controller for odor/sound tracking in a mulbbot system [19]. Olfactory robot
used sensor fusion (gas and air flow sensors) toimfermation about the odor
distribution in space and two hearing robots weseduo estimate the time difference
with a microphone pair to geometrically localize thound source. Normey-Rieb
al. developed a PID controller for the path trackimghgpem [69]. The mobile robot
model is normalized to tune the PID gains easilgpkeg a robust and nominal
performance of the system. Experiments demonsttatedontroller performance and
robustness.

Generally speaking, controllers that are usedtontrol a robot dynamics by
directly controlling the motor torques and tractiorces that are not physically
accessible, cannot be implemented regardless hoa geir performance is [61].
Therefore, in this dissertation work, different toflers are proposed, which can be
used to control the error of the robot heading erwghile the robot is moving by
using the robot kinematics. In a robotic platforquipped with the fly-ear inspired
sensor, the output from the fuzzy model will beduas the input of the control laws.
However, here for proof of concept, the geometrinaldel of a microphone pair is
used to estimate the sound incident angle. Theraolstws are derived using the
Lyapunov approach for localization of a stationapund source. The results are
compared with the conventional control of the rolkmematics using a PID

controller.

109



4.1 Robot Kinematics for Localization of a Stationary $und Source

The objective of this section is to derive thbot kinematics for localization of a
stationary sound source, which will be used |lateddrive the control laws using the
Lyapunov approach. The problem of interest is dalyi a robot equipped with
acoustic sensor, which is used to pinpoint the d@mource by using the directional
cue information obtained from the sensors. Thead# between the sound source
and the robot is unknown and cannot be estimatad the sensor measurement. In
addition, there is no predefined path that the tahould follow to reach the source.
Note that the robot position and the sound soumstipn can be connected by a
virtual line regardless the original robot (tragkéeading direction, as shown in
Figure4.2. If the measured robot heading angle relatvihis line is zero, the robot
should move along this line. Note that for a staiy sound source, while the
tracking robot is moving, the measured sound imtidegle not only changes due to
not only the changed tracker heading angle butthlsglanar motion of the tracker.
The problem here is therefore to control the rokiokematics according to the
measured angle. Since the only obtainable infolonas the angle from the sensor,
the decision making will only depends on the semeeasurements to control the
robot angular and translational velocities neededapproach the sound source.
Figure4.2 shows the schematic of the robot and the si@tyosound source. The non-

holonomic constraints of a differentially driverbai are taken into consideration.
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Figure 4.2: Schematic of the robot and sound source positis. . is the heading error
measurement,  is the robot heading angle, Eo is the position vector of the sound source
relative to the origin, Pg/o is the position vector of the robot relative to tle origin, and Ry is the
position vector of the sound source relative to theobot, and are the robot angular and
translational velocities, 2L is the width of the rdot, and X, and Y, are the X and Y axis posture
errors of the sound source relative to the robot irthe global coordinates.

For the posture shown in Figude2, the posture error can be expressed in the Pola

coordinates as:

p= (4.1)
q.
G =Gct+h
and 0 (4.2)
- _£ qe£ L
2 2,

where is an additive measurement noise.

Accordingly, the posture velocity of the saomnfiguration can be derived from

the posture Eqg. (4.1) as:

-1 _XC0S
p=" ="k @) (4.3)
% A
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The main problem of using the polar coordinatéhat the trajectory that the robot
will follow is not clear, according to the contralws that will be derived later. The

posture error can also be expressed in the Camtes@dinates, as

X Xs Xg
P=Y. =F0- Phd Ys- VYr (4.4)
qe qs QR

The corresponding posture velocity error can bevddrfrom EqQ.(4.4) as

X X5~ Xg
Rs: ye = ys_ yR (45)
qe qs_ qR .

For simulation purposes, in addition to thetishary sound source assumption, it

is also assumed that the sound source is a pountesoEq. (4.5) can thus be re-

written as
Xe  -NXCOS(gy)  -NXCOSl,)  -N1.XCOofy )
Yo = -ngxsin(@gg) = -ngxsin@g) = -ngxsingy) (4.6)
q. Gr- Gs Wi Ws We
where Or =0+ G, +p (4.7)
and g, =tan’ Yo (4.8)
XR

Here, and . are the translational and angular velocities,(centrol laws) that will

be derived in the following section by using theapynov approach. However, as
will be shown later, the control laws designed gdime Cartesian coordinates require
more information about the robot states so thatréhet can be driven towards the

sound source. For this reason, the control lawscribesi by using the polar
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coordinates are used to control the robot kinematépresented in the Cartesian

coordinates.

4.2 Lyapunov Based Controller for a Stationary Sound Sorce

In this work, the Lyapunov approach is usededve the control laws needed to
control the mobile robot kinematics. For the posterror using the polar coordinates,

a Lyapunov candidate can be defined as follows:
1
Y =§xj +(1- cogq,)) (4.9)

To ensure that this system is asymptoticatbble according to the Lyapunov
approach, the first time derivative 9fin Eq. (4.9) (i.e!,{ should be less than zero;
that is:

VEO (4.10)
Accordingly, it can be obtained that

V=x .x+sin(q.) g, (4.11)

Substitutingx, and#{ from Eq. (4.3) into Eq. (4.11) yields

V =x,(-n1cos@, )y sin(q.)xw, (4.12)
where
W, = W - Ws
L sin(g.) (4.13)

S

To satisfy the Lyapunov approach condition, théofeing control laws are proposed:

ng =K, %, >€0s@.,) (4.14)
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w, =- K, sin(q.) (4.15)

whereK,.andK . are the control laws gains. Since the range isvpositive in a
polar coordinate, the range term can be removed E&q.(4.14) and it becomes

ng =K, cos@, ). (4.16)
Therefore, one can find
V=-K,x’ cog g,) K, sifg,)? % ( (4.17)
or

V=-K,x co$ ¢} K, sifg,)? % ( (4.18)

Since*(in both cases is less than zero except when .= 0, the system is

globally asymptotically stable.

On the other hand, for the posture error uding Cartesian coordinates a
Lyapunov candidate can be defined as following

% =%(x§ +ya) +(1- cogq.)) (4.19)

Similarly, it can be proved that the systentisfas the Lyapunov condition

(Eq.(4.10)) and is thus asymptotically stable. Tihee derivative of V in Eq. (4.19)

can be expressed as:
V=x 0% e ¥ 8in(g) o (4.20)

Substituting+( - .( -/01"# from Eq. (4.6) yields
V =-71g(%, XC0S@ ¥ YeXSinG: )) +sifiq,) (4.21)
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Substituting g from Eq. (4.7) yields
V = -7, (XXC0S@, +q,+p) +yXsing +q +p))+sifg) w  (4.22)

To satisfy the Lyapunov stability conditiomjet translational and rotational

velocities should follow the following laws:
nR :Kn (XR >(:OS@e-'-QS-'-IO)-'-nySin@e-'-qs-'-p )} (423)

and w,=-K,sin(q,) (4.24)

Accordingly, the condition in EqQ. (4.10) is satefi

V = K, (%-codg+ g+ p)+ ye.si(gs g p)) - K, sifg)E  (4.25)

where

g, =tan* J= (4.26)

Sincet(is less than zero except whag= yr = . = 0, the system is globally
asymptotically stable. The main problem of usingsthcontrol laws (Egs. (4.23) and
(4.24)) is that the information ok, yr,and ¢should be made available to calculate
the proposed control laws. Unfortunately, this mfation is not available since the
only used sensor on the platform is the acoustis@e Accordingly, the control laws
should only be a function of the estimated souraildent angle since it is the only
measurable information. Therefore, the proposedrablaws given by Eqgs. (4.15)
and (4.16) are used in localization of a statiorsoynd source and the tracking of a
moving sound source.

After carefully examining the control laws @&d4.15) and (4.16)), the following

remarks can be made. For the translational veldawy the velocity ranges between
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zero and the maximum translational velocity depegdn the heading angle error;
that is,

[0,V ] (4.27)

As the angle gets closer to zero, the translaltieglacity goes to the maximum.
For the angular velocity law, the angular velocapges between the negative of the
maximum angular velocity to the positive maximungaar velocity; that is,
Wel { wy g ] (4.28)

As the heading angle error gets closer to zerocatigeilar velocity goes to zero.

Furthermore, when the heading angle errorpigra@aching +9%9 the angular
velocity reaches its maximum value with a signtealao the sign of the angle error.
In addition, the gains used in the control lawslasically the maximum translational
and angular velocities of the robot.

Accordingly, the control laws are modified to tledldwing forms

2
q
n=K_ 1- —&
Xo pl2
(4.29)
q
w=-K —&
e w p/2

This controller is called “Quadratic-linear Contesf, which combines linear and
guadratic functions.
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4.3 Simulation Results

4.3.1 Localization of Stationary Sound Source

In a preliminary effort, simulations are cadiout for locating a stationary sound
source using the nonlinear and quadratic-lineartrobbers. Considering the polar
coordinate case using the translation and anguttwcities laws (i.e., nonlinear
controller Eqgs. (4.15) and (4.16)). Figte8 shows the history of the translational
and angular errors. For the angular error, it coye® to zero at about 1 second.
However, the translational error first decreasest,fand then starts to increase. The
increase in the translational error is due to #ut that the robot does not stop when
the measured angle error becomes zero and the kebps moving in a straight line
until it hits the target.

The control history of the translational andgalar velocities is shown in
Figure4.4. The translational velocity saturates afterualio5 second and the robot is
moving with a constant maximum speed afterwarde dimngular velocity converges
to zero at about 1.2 seconds.

The change of translational error with resgedhe orientation error is shown in
Figure 4.5. The convergence of these velocities dependthergains used in the
control laws (i.e.K , andK ). The gain values used in this simulation are OrG8
and 3.88 rad/s, respectively. These control gaieshosen according to the physical

capabilities of the robot in terms of the maximuanslational and angular speeds.
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Time (seconds)

Figure 4.3: History of error obtained by using the nonlinar controller.
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Figure 4.4: History of translational and Angular velocities by using the nonlinear controller.
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Figure 4.5: Translational error X, as a function of ¢ using the nonlinear controller.

Next, the performance of the quadratic-lineamtroller (Egs. (4.29)) is studied in
the simulation.. Figure 4.6 shows the error tiragkistory, in which the angular error
is shown to converge to zero at about 1.2 secohgain, the translational error is
shown to decrease first, and then start to incre@senpared with the nonlinear
controller, the angle error for the quadratic-lineantroller reached zero slower
because the angular control effort is less.

Figure 4.7 shows the history of translatioaa@d angular velocities (control
efforts). The translational velocity is shown tausate after about 1 second the robot
IS moving with a constant maximum speed afterwartise angular velocity
converges to zero at about 1.5 seconds. The tteomsherror changes with respect to

the orientation error are shown in Figure 4.8.

119



Response

Time (seconds)

Figure 4.6: History of error obtained by using the quadratc-linear controller.
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Figure 4.7: History of translational and angular velocities using the quadratic-linear controller.
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Figure 4.8: Tracking error history of x. as a function of measured error . using the Quadratic-
linear controller.

The problem in the localization simulationsthsit since the polar coordinate is
used, there is no information about the trajectdrthe robot (i.e., if the robot reaches
the sound source and how it reaches it). Thereforegrder to show the robot
trajectory, the control laws derived using the paaordinates are used along with
the robot kinematics model in the Cartesian coatddi® in the inertial frame. Again,
no information about the robot posture can beradthexcept the robot heading angle
error, which is defined with respect to the virtliak connecting the robot and the
sound source. In this case, not only the errors bmanracked, but also the robot
motion can be obtained.

A 3D animation of the robot in a virtual eronment for localization of a
stationary source by using the nonlinear and quiadraear controllers is used to
gain more insight about the robot behavior. Figli&shows the virtual environment

built to show the robot trajectory while localizitige sound source (pink box). The
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results are shown in Figurel0 and Figurél.11. For each controller, six parameter
are plotted, namely, angular velocity, translatietocity, robot heading angle, sensor
measurements, and the robot position. The resubiw shat by using either controller
the robot was able to orient itself and move towatee source. Here, noise was not
taken into consideration due to the limitation ofAMLAB ode45 function

(SIMULINK block diagrams are provided #ppendix G).

Figure 4.9: 3D virtual environment.
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Figure 4.10: System responses obtained by using the nomar controller.
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Figure 4.11: System responses obtained by using the quatalinear controller.
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Furthermore, simulations are carried out tonpare the performance of the
developed controllers with the controllers repoitethe literature, which include the
proportional controller presented by Andersseinal. [5] and the PID controller
presented by Songt al. [19] utilizing an Euler integrator. In the simutats, the
sound source is assumed to be at the origin anttdbking robot is 5 meters away.
The initial orientation of the tracking robot issasned to be 9Dwhich corresponds
to an initial heading angle error of 90The gains for the PID controller are
determined by executing enumerative search inrtegrator gain (K and derivative
gain (Kp) spaces and keeping the proportional gaip) fiked. To find the optimal
gains, some performance metrics, namely, the risimg, the settling time, the
overshoot, the PID output, and length of the ttajgcare evaluated and the gain
values that enable better performance are chossrardingly, the optimal gains (K
Kp, Kp) are found to be 0.01, 0.005, and 0.9, respegtiv@bure 4.12 compares the
step responses obtained with different controll&s.shown in Figure 4.12(a), the
angle error reaches zero faster for the nonlineatroller than that for the other
controllers. With a quadratic-linear and proporéibrcontrollers, the angle error
converges to zero at about the same speed coneergeth the PID controller is the
slowest. The control effort used in different coflars are compared in
Figure 4.12(c) and (d). For the nonlinear congmllthe translation and angular
velocities reach steady state faster than thosth&other controllers. The trajectory
of the tracker is shown in Figure 4.12(e). In @dkes, the tracker robot is able to
localize the source, but followed different trapgrads. Using the nonlinear controller,

not only the error converges faster but also thetéollows the shortest trajectory.
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4.3.2 Effect of Measurement Error on Localization Performance

To investigate how the measurement error tfetie sound localization
performance, a random noise with a normal distidoutvas added to the measured
sound incident angle and the step responses weamet. Here, three metrics are
defined to compare the performance of the differmontrollers with the additive
noise, which are the settling time, the steadyesgator, and the error band of the
estimated error angle. The settling time in thesrikations is defined as the time at
which the estimated incident angle becomes smétlen a threshold value. The
steady state error is defined as the average okshienated sound incident angle
starting from the settling time until the trackingpot reaches the sound source. The
error band is defined as the maximum range of esfdhe estimated angle starting
from the settling time.

The settling time of the estimated sound ientdangle using the different
controllers is shown in Figurd.13. The nonlinear controller exhibit the shortest
settling time compared with the other methods. Jteady state error of the estimated
sound incident angle is shown in Figyrd.4. There is no clear relationship that can
be observed between the measurement noise ancetifiagstime as well as the
steady state error for all the controllers. Figdt&5 shows the error band of the
estimated incident angle. It can be seen that flothe controllers the error band

increases as the estimated incident angle noiseases.
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4.3.3 Tracking of a Moving Sound Source

In this subsection, tracking of a moving sousalrce is investigated. The
challenge as mentioned earlier is that the nontiaed quadratic-linear control laws,
that need to be only a function of the angle erffagure4.16 shows the schematic of
the tracking robot and the trajectory of the sosadrce that the robot should follow

using only information of the angle errq¢

Figure 4.16: Schematic of the robot and a moving sound sme positions. . is the heading angle
error, g is the robot heading angle, Eo is the position vector of the sound source relatéevto the
origin, Prjo is the position vector of the robot relative to tle origin, and Ps is the position vector
of the sound source relative to the robot, and are the robot angular and translational
velocities, 2L is the width of the robot, and Xand Y, are the X and Y axis posture errors of the
sound source relative to the robot in the global ardinate.

The kinematics of the robot in the robot bérdyne can be described as [70]

e  cos@y) singy) 0 x,
e = -sin(@) cos@;) 0 v, (4.30)
e 0 0 1 g,

where
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X = Xg= Xg
Ye= Yo~ Ys (4.31)
Ge = Gr- qs_

Taking the time derivative of Eq. (4.30) gives

& Mg + W %6, -/73>COS(§)
e = -upxe +ng Bin(e) (4.32)
& W - Ws
Here, the actual position and orientationha tobot are denoted ba(t), yr(t),
r(t), respectively, and the time-varying sound positemd orientation are denoted

by xg(t), ys(t), <(t), respectively. The sound source is assumed onmecithnal. Based

on the sound and tracker positiogcan bedefined as

g, =tan’’ % (4.33)
S R

The time derivative of Eq. (4.33) is obtained as

_cos @), . ]
WS'(xS-ny((XS X (Ys Y (¥s YN Xs X)F). (4.34)

Following the Lyapunov approach, let the Lyapunamdidate be

Y% :%(ef +¢) +(1- cog ¢)) (4.35)

Using the same control laws derived earlier for $itetionary sound source (EQs.

(4.15) and (4.16)) and taking the time derivati¥¢he candidate, one can obtain that
V=e.gteg.g+sn(e).¢ (4.36)
Substitutingg , €,, ande, from Eq. (4.32) into Eq. (4.36) leads to

V = (K, - ng)xg.cos(g )+ns xg 8in(g) sin(g)( -K sin(g)ng  (4.37)
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where ; %£ ef 32 (4.38)

To satisfy the Lyapunov condition, the followingegualities are found:

cosg )® O

- K, sin’ () <0

(K, - no)xe x0s(e,) +sin(g ) % W) <
ng- K,

t - ®*
&) > e (4.39)

or,

(K, - 75 )< .cos ) < 0
and

(ns>&, - wy)sin(g) < 0
To gain more insight about the conditions tkeasure a stable system, the
localization and tracking problem is simulated lsyng the MatLab SIMULINK. In
the simulations, a moving sound source that foll@avsircular path at a constant
velocity is considered; that is,

Xs = - Rxsin(-at)
Ys = - Rxcos(-at)

(4.40)
whereR is the radius of the circular path and0.3 is the frequency of completing
one revolution of the circular path.

In the simulations different control scenarare studied with different types of
controllers. Both the robot kinematics and the m®uf the robot can be controlled.
Two PID controllers are designed to control thet lahd right side motors.
Furthermore, a PID controller is used to contr@ thbot kinematics while tracking

the sound source. Table 4-1 summarizes the diffesamulation scenarios (the

SIMULINK block diagrams are provided in Appendiy.G
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Table 4-1: List of different simulation scenarios.

Controller PID Motor Im_t'al conditions
tvoe Control Laws Control S: sound source
yp R: robot

n= K, cos(,) :

Non-linear L ’ No RS(3(2mm3 ?nmé

.= - K, sin( ) :(3m,3m,
n= K, cos(,) .
Non-linear <7 Yes R_S.3(2 m,30 mg)
o= - K,sin( ) 1(3m,3m,
2
. nR = Kxe 1- i
Quadratic- p/2 No S:(2m,0m)
linear R:(3m,3m,0
w, =-K,, e
p/2
2
. nR = Kxe l_ i
Quadratic- p/2 Yes S:(2m,0m)
linear R:(3m,3m,0
w, =-K,, e
p/2
. S:(2m,0m)
Linear PID No R:(3m, 3m, 0)
. : S:(2m,0m)
Linear Proportional No R: (3 m, 3 m, 0)

Figure 4.17 - Figure 4.19 show the trackiegults obtained by using the nonlinear
controller with the sound and robot initial positso and orientations listed in
Table 4-1. As shown in Figure 4.17, the robot wafale to track the sound source with
a small heading error. However, as shown in Figuid, after about 13 seconds, the
angle error starts to have large fluctuations. fideson for this is that the robot and
the sound source positions coincide starting attiimee (i.e., the tracking robot hit the
moving source). This also leads to a considerabidral effort as can be seen in
Figure 4.19. When increasing the rotational spgdtie sound source (i.e., increasing

) up to a certain level it is possible to let tmacker keep following the source

without hitting it. This means that there shouldabeelative speed limit that depends
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on the application. For example, a missile trackay not only need track but also hit

the target.

2 QB f

Y coordinate (m)

'?3-2-101234

X coordinate (m)

Figure 4.17: Trajectory of the sound source (red curve), rad the robot (triangles) by using the
nonlinear controller without PID wheel control.
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Figure 4.18: Tracking errors obtained with the nonlinear @ntroller without PID wheel control.
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Figure 4.19: History of control effort obtained with the rnonlinear controller without PID wheel
control.

The sound source tracking results obtainet thié nonlinear controller with PID
wheel control are shown in Figures Figure 4.20gufe 4.25. Although the robot is
able to track the sound source, but the angle @éasrconsiderable fluctuations. The
reason for this is that the wheel control loop etiche until it reaches the steady
state. During this time the angle error is not wpdaand the robot has to put
considerable effort to reach the desired motor dpebased on the error
measurements. This also limits the relative veyob#tween the robot and the sound
source. Furthermore, as shown in Figure 4.22ctmdrol efforts have considerable
variations, especially the angular velocity. Thigl wesult in frequent rotation of
robot, which can lead to high power consumption ahdrten the life time of the
electrical components of the robot. Figure 4.28wshthe history of torques of the

motors based on the required motor angular veé&scghown in Figure 4.24.
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Figure 4.20: Trajectory of the sound source (red curve), rad the robot (triangles) by using the
nonlinear controller with PID wheel control.
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Figure 4.21: Tracking errors using the nonlinear controlle with PID wheel control.
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Figure 4.22: History of control efforts by using the nonlhear controller with PID wheel control.
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Figure 4.23: History of wheel torques by using the nonlirer controller with PID wheel control.
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Figure 4.24: Required angular velocities of the wheels hysing the nonlinear controller with PID
wheel control.
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Figure 4.25: Wheels angular velocities obtained by usindn¢ nonlinear controller with PID wheel
control.
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The tracking results obtained by using thedgaigc-linear controller without the
PID wheel control by using the same sound and rabdtal positions and
orientations (listed in Table 4-1) are shown igufes Figure 4.26 - Figure 4.28.
Similarly, as shown in Figure 4.27 the angle estarts to have large fluctuations at
about 5 seconds. This happens slower than thag) dkan nonlinear controller. The
reason for the angle error fluctuations again ie tiu position coincidence of the
robot and the sound source. This also leads tomaiderable control effort as shown

in Figure 4.28, which is smaller than the one shawthe nonlinear controller.

2 AB |

Y coordinate (m)

'§3-é-101234

X coordinate (m)

Figure 4.26: Trajectories of the sound source (red curvelnd the robot (triangles) obtained by
using the quadratic-linear controller without PID wheel control.
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Figure 4.27: Tracking errors using the quadratic-linear cantroller without PID wheel control.

5 1
v (rad/s)
> 2
35 E
8 | >
2z S
o o
o >
© Or 0.5 <
3 3
=) »
2 &
< —
_5 ! | |
0 5 10 15 28

Time (second)

Figure 4.28: Control efforts using the quadratic-linear catroller without PID wheel control.
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The tracking results obtained by using thedgatéc-linear controller with the
wheel control as shown in Figure 4.29 - Figui@44The robot is shown to be able to
track the sound source with less angle error vanatcompared with those obtained
by using the nonlinear controller with the wheehtrol. The reason for the variations
is again due to the slow wheel control loop. On dkiger hand, compared with the
results obtained with the nonlinear controller, tregiations are less because the
quadratic-linear controller has less control effag shown in Figure 4.31. With less
variation in angle error, the power consumption Wwé less and the life time of the
electrical components will be longer. Figure 4sbws the corresponding motor

torques based on the required motors angular ¥Eeshown in Figure 4.33.
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Figure 4.29: Trajectories of the sound source (red curvelnd the robot (triangles) obtained by
using the quadratic-linear controller with PID whed control.
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Figure 4.30: Tracking errors by using the quadratic-linearcontroller with PID wheel control.
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Figure 4.31: Control efforts by using the quadratic-linearcontroller with PID wheel control.
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Figure 4.32: History of wheel torques by using the quadrat-linear controller with PID wheel
control.
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Figure 4.33: Required angular velocities of the wheels bysing the quadratic-linear controller
with PID wheel control.
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Figure 4.34: Wheels angular velocities obtained by usinché quadratic-linear controller with
PID wheel control.

The sound tracking results obtained by usin@l@ controller are shown in
Figure 4.35 - Figure 4.37. Due to the slow cogeace of the PID controller, which
was discussed, the tracking robot does not hitahget during the tracking process
compared with the nonlinear and quadratic-lineantrdler cases. On the other hand,

Figure 4.37 shows the control efforts by usingRifie controller.
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Figure 4.35: Trajectories of the sound source (red curvelnd the robot (triangles) obtained by
using the PID controller.

2 100
— X - X
S r
— Ys - Yr
% 50
£ 7
= )
o
5 o
& 0
-4 I I I I I I I -50

0 2 4 6 8 100 12 14 16 18 20
Time (second)

Figure 4.36: Tracking errors using the PID controller.
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Figure 4.37: Control efforts by using the PID controller.

Finally, the results obtained by using thepmrdional (P) controller are shown in
Figure 4.38 - Figure 4.40. Due to the absencthefintegrator (I), convergence to
steady state is faster than that by using the Riftraller, but slower than that by
using the Nonlinear controller. The convergencesdpe the same compared with the
guadratic-linear controller. Figure 4.40 shows ttwntrol efforts by using the P
controller. Similar to using the PID controllersnall rapid oscillations exhibit the

control efforts.
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Figure 4.38: Trajectories of the sound source (red curvelnd the robot (triangles) obtained by
using the P controller.

2 100

g 0 50
(@]
= o
X [
5 )
o @
E T
>
% -2 0

_4 1 L L L L 1 L _50

0 2 4 6 8 10 12 14 16 18 20
Time (second)

Figure 4.39: Tracking errors by using the P controller.
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Figure 4.40: Control efforts by using the P controller.
4.4 Summary

In this chapter, different controllers are igased and investigated to control a
robot equipped with acoustic sensor for localizangingle stationary sound source
and tracking a single moving sound source. Simaiatiare carried out to compare
the performance of these controllers to that ofdbmeventional controllers, namely,
Proportional and PID controllers, presented inliteeature.

For localization of a single stationary sowwalrce, the robot kinematics were
modeled using both the polar and Cartesian coowbndt is found that the control
laws should only be a function of the estimatedlarggror since it is the only
measurable information in the system of interestaddition, the control laws derived
in the polar coordinates were used in the Cartes@rdinate model. In terms of

convergence speed of the angle error, the nonliceatroller was the fastest,
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followed by the quadratic-linear and proportionahtrollers, and the PID controller
was found to be the slowest. In terms of the caysmce speed of the X and Y
trajectory errors, the nonlinear controller wasrfduo be not only the fastest in
driving the angle error to zero but also followihg shortest path to arrive the origin.

For tracking moving sound source different toalfer configurations were
investigated. For the control system using the inealr and quadratic-linear
controllers, a PID controller that controls the ablwheel speeds is added to the
control loop and performance is compared to theesasithout the robot wheel
control. It is found that adding the PID controllecreased the control time for both
the nonlinear and quadratic-linear controllers didigion, adding the PID controller
also increased the angle error variation for thelinear controller due to the time
needed for the PID controller to reach the steddjes However, the angle error
variations are less for the quadratic-linear cdlrowith the wheel control. In
general, these variations can lead to more powaswuoption and shorter life time of
the electrical components of the robot.

On the other hand, the performance of the ineat and quadratic-linear
controllers is compared to two conventional cotgrsl (P and PID controllers)
presented in the literature for the same problerhefthe P or PID controllers are
used to control the robot kinematics, it is fouha@ttthe angle error convergence
speed is slower than that using the nonlinear obletr In general, for all the
simulated cases, it is found that there is a linataon the relative speed between the
robot and the sound source, which should be prppeibsen according to the

application.
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In the next chapter, the experimental impletaigon of the models and designed
controllers will be carried out, which will help N@ate the simulation results obtained

in the previous chapters.

148



Chapter 5 Experimental Studies of Robotic Sound
Localization and Tracking Using Mobile
Platforms
5.1 Experimental Setup
The objective of this chapter is to study mobsound localization and tracking
with two mobile platforms (iRobot - Create). Orfdlee platforms is equipped with a

conventional two-microphone array and the other looles a portable speaker. The

two robotic platforms are shown in Figusel.

(a) (b)
Figure 5.1: a) Robotic platform serving as the moving sowe with the following components: 1)
portable speaker (X-mini MAX Il Capsule Speakers), 2) Xbee module for wireless

communication, 3) iRobot — Create robot, and 4) mdeers. b) Tracking robot with the following
components: 1) Xbee module for wireless communicath, 2) electret microphone array
separated by 5 cm with the conditioning circuit, 3)electret microphones power supply (battery
set), and 4) data acquisition (DAQ) board (NI USB-809).

The moving source platform has three main cmmepts: the iRobot-Create
platform, the wireless communication module (Xbea)d the portable speaker (X-

mini MAX 1I), as shown in Figures.1(a). The tracking platform has four main
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components: the iRobot-Create platform, the wie@smmunication module (Xbee),
a microphone pair with a conditioning circuit, aad>AQ board (NI USB-6009), as
shown in Figure 5.1(b).

The Xbee module in both platforms is usedeteive the motion commands from
a PC, which is used to define the path of the ngpwound platform any feedback
control. The path of the moving source can be éefim any arbitrary form. For
simplicity in this work, a straight path and redalar shaped path are chosen. The
tracking platform receives the commands after ektrg the angle of arrival
information of the sound source, which is usedhe tontrol laws defined in the
previous chapter. A list of commands with a brieScription and the corresponding
opcodes can are provided in Appendix H (more @etzn also be found in Ref.
[71]). The signals from the microphones are acgubg using the DAQ. The signal
processing and decision making is conducted byguain_abView code provided
in Appendix H.

The microphone used in the tracking platforsnelectret microphones [72] with a
frequency range of 20 Hz to 20 kHz. The microph@oaditioning circuit is a
compact fully assembled board frokdafruit [73], as shown in Figure 5.2. An op-
amp (Maxim MAX4466) is used to amplify the micropigosignal, which is designed
to have excellent power supply noise rejection [Adgmall trimmer pot is added to

adjust the gain (25x to 125x).
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Figure 5.2: Front and back views of the microphone circuiboard.

Figure5.3 shows the experimental arrangement to obtagn nticrophone
signals from two channel of the DAQ. The signaks sampled at a rate of 22 kHz for
each channel. The acquired signals are transniittedigh a USB cable from the
DAQ to a PC, and then processed to obtain the ptidfszence between the two
microphone signals. To determine the phase diftsyethe time delay is first
calculated by finding the maximum of the cross-efation of the two signals, which
is converted later to phase difference (PD) udiegfollowing relation:

PD=2pf AD (5.1)

A second order polynomial is used to perform dhweve fitting around the center

peak of the cross-correlation to improve the resmh60].
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Figure 5.3: Experimental arrangement for data acquisitionand wireless communication.

5.2 Results

The experiments were carried out in Prof. Hartib lab in the Department of
Aerospace, which is equipped with the VICON tragksystem [75]. The markers
shown in Figureb.1 reflect the red light from the VICON system,igfhcan be used
to collect data about the states (position, orieama translational and angular
velocities) of the robot in 3D. The data is proeesfater and used to evaluate the
localization and tracking performance of the tragkrobot using the control laws
derived in the previous chapter (i.e., nonlinead goadratic-linear controllers (see
Table 4-1)). For the moving sound source experiment, sberce platform is
controlled to move in a straight path and a sgpaté. In all experiments, the sound
source platform and the tracking robot are repiteseas green (referred to as (2))
and blue circles (referred to as (1)), respectiv@lge dashed line represents the
trajectory of each robot during the localizatiord dracking missions. The gains are

chosen to b&,. = 0.10 (m/s), an& = 0.766 (rad/s), which represent the maximum
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translational and angular velocities that the ratast achieve. The tracking robot can

be stopped manually by sending the stop commanthgixbee module.

5.2.1 Localization of a Stationary Sound Source

In this experiment, the robot holding the pbie speaker was fixed in place. The
speaker is located in the cargo bay, which is facip to receive the sound waves.
The nonlinear and quadratic-linear controllers wested at an initial sound incident
angle of 48. Snapshots of the localization of the stationamynsl process are shown

in Appendix |.

5.2.1.1 Nonlinear Controller

The trajectories of the robots in the homingral source with initial angle of 45
are shown in Figur&.4. Figure5.5 shows the history of the measured translational
velocities at the initial sound incident angle. Thistory of the measured angular
velocities at the initial incident angle is shownFigure5.6. The trajectory errorseX
Ye, e are shown in Figur®.7. It can be observed that the tracking robat the
target eventually. As expected, the tracking ratedds more time to hit the target
when the initial angle error increases. The trajgcterrors in XY coordinate
decreases as the tracker moves closer to the sdiweever, they will not converge

to zero since the VICON system considers the onfieach robot at its center.
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Figure 5.4: Trajectory of the tracking robot homing to a gationary source using the nonlinear

controller with an initial angle error of 45°.
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Figure 5.5: History of translational velocity using the namlinear controller with initial angle error

of 45",
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Figure 5.7: Tracking errors by using the nonlinear controler with an initial angle error of 45°,



5.2.1.2 Quadratic-linear Controller

In Figure5.8, the trajectory of the tracking robot in thartiog to the stationary
source by using the quadratic-linear controllersiown. Figure5.9 andError!
Reference source not found.show the histories of the measured translational
velocities of the tracking robot at initial anglé 46°. In Figure5.10 andError!
Reference source not found.the histories of the measured angular velocies
shown. The tracking errors (XY, e are shown in Figurés.11 andError!
Reference source not found. Similarly, the trajectory errors in XY coordinate

decrease as the tracker gets closer to the sdauteill not reach zero.

2.5

1.5

Y (m)

\-’,'o

.Q.I‘

L 4

b 2 -I“.’.

*s

1 2 1 0 1

X (m)

Figure 5.8: Trajectory of the tracking robot homing to a gationary source using the quadratic-
linear controller with an initial angle error of 45°.
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Figure 5.10: History of angular velocity by using quadrate-linear controller with an initial angle

of 45",



=
(4]

=

©
ol

Xq (M), Y, (m),y (rad)

10 15 20 25 30 35 40
Time (second)

Figure 5.11: Tracking errors by using the quadratic-linearcontroller with an initial angle error
of 45°,

5.2.2 Tracking of a Moving Sound Source

In the experiment, two paths were pre-defified the moving sound source
platform, a straight path and a square shaped wath sharp turns (99 at the
corners. Tracking of the moving source was caraetlby using the nonlinear and

quadratic-linear controllers for comparison. Snapslof the tracking of the moving

sound are shown iAppendix J.

5.2.2.1 Nonlinear Controller

Figure5.12 shows the trajectory of the robot in trackaiga source moving in a
straight path using the nonlinear controller. Tietdnies of the measured translation
and angular velocities of the source and tracker strown in Figures.13 and

Figure5.14. The translational velocity of the sourceeptkconstant most of the time,
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and the fluctuations at the end of the trackingpss are due to the tracker hitting the
target. After hitting, both robots were stopped oedly. The tracking errors X Ye,

e are shown in Figure 5.15.
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Figure 5.12: Trajectory of the robot tracking a source wih a straight path by using the nonlinear
controller.
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Figure 5.13: History of translational velocity for robot tracking a source with a straight path by
using the nonlinear controller.
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Figure 5.14: Angular velocity history for robot tracking a source with a straight path by using
the nonlinear controller
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Figure 5.15: Tracking errors for robot tracking a source with a straight path by using the
nonlinear controller.

Experiments were also carried out for trackafign source moving along a square
path. In Figure 5.12, the trajectory of the robatking the source moving along a

square path by using the nonlinear controller adtpt. Note that the tracker robot hit

160



the source at the lower right corner resulting idrdt in the source motion. The
histories of the measured translational and anguédocities of the source and
tracking robots are shown in Figure 5.13 and Fadui4. The translational speed of
the source was kept constant. The square wavefigmalsandicates that the source
has straight motion followed by turning at edgelse Bpikes present in Figure 5.17
are due to the discontinuous velocity at the edgsslted the phase wrapping. The
tracker in this experiment was able to track thevimgp sound source all the time and
eventually hit the target. Figure 5.15 shows theking errors X Ye, e The sign of

e flip at about 50 seconds, which is due to the phaisapping when the angle gets
larger than 180 If the source speed is reduced, the tracker ldllable to hit the
target before the source finishes moving one cstdeg the square path. The speed
of the tracking robot can be adjusted accordinthérequirements of the application

and the goal to be achieved.
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Figure Trajectory of the robot tracking a source wih a square path by using the nonlinear
controller.
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Figure 5.16: Translational velocity history of robot tracking a source with a square path by using
the nonlinear controller.
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Figure 5.17: Angular velocity history of robot tracking a source with a square path by using the
nonlinear controller.
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Figure 5.18: Tracking errors for robot tracking a source with a square path by using the
nonlinear controller.

5.2.2.2 Quadratic-linear Controller

Using the quadratic-linear controller, thgdcaory of the robot tracking a source
moving in a straight path is obtained, as showkigure5.19. The histories of the
measured translational and angular velocities ef gburce and tracking robot are
shown in Figures.20 and Figurd.21, respectively. Again the translational spekd o
the source was kept constant during tracking. Coetpaith the same experiment by
using the nonlinear controller, the control effonsre are less and the tracking is
achieved in less time, which leads to less pow@semption. Also note that the
tracker was able to track the sound source andteain hit the source. In
Figure5.22, the tracking errorseXYe, eare plotted. The X and Y tracking errors do

not go to zero due to the robot centers in the \WWCystem.
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Figure 5.19: Trajectory of the robot tracking a source wih a straight path by using the
guadratic-linear controller.
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Figure 5.20: Translational velocity history of robot tracking a source with a straight path by
using the quadratic-linear controller.
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Figure 5.21: Angular velocity history of robot tracking a source with a straight path by using the
guadratic-linear controller.
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Figure 5.22: Tracking errors for robot tracking a source with a straight path by using the
guadratic-linear controller.

For tracking moving source with square path using the quadratic-linear
controller, the trajectory of the tracking robotsisown in Figure 5.23. The histories

of the measured translational and angular velacitiethe source and tracker are
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provided in Figure 5.24 and Figure 5.25, respebti Figure 5.26 shows the tracking
errors X%, Yo, e These results are similar to those obtained whth nonlinear

controller for tracking of a moving source withguare path.
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Figure 5.23: Trajectory of the robot tracking a source wih a square path by using the quadratic-
linear controller.
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Figure 5.24: Translational velocity history of robot tracking a source with a square path by using
the quadratic-linear controller.
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Figure 5.25: Angular velocity history of robot tracking a source with a square path by using the

guadratic-linear controller.
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Figure 5.26: Tracking errors for robot tracking a source with a square path by using the

guadratic-linear controller.
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5.3 Summary

In this chapter, implementation of nonlinead ajuadratic-linear controllers on a
mobile robotic platform for localization of a sieglstationary and tracking of a
moving sound source was carried out. The robot wagsipped with a two
microphone array. A LabView block diagram was cared, which can be used to
do the following: i) acquire the microphone signaiscalculate the phase difference
between the signals for estimation of the anglarafal of the sound source, and iii)
control the tracking robot based on the estimatedtient angle.

For localizing a stationary source (i.e., floening problem), the source robot was
fixed in an initial position and the tracking robeés oriented initially at 45and 90.
By using both the nonlinear and quadratic-lineartcmlers developed in the previous
chapter, the robot was able to localize the solyd®llowing a nonlinear path.

For tracking of a moving source, the source wantrolled to move in a straight
path and a square shaped path. In the trackingriexgrgs, by using both the
nonlinear and quadratic-linear controllers, theknag robot was able to track the
source and hit the target. For the square pathriexeet, the trajectory of the robot
using the quadratic-linear controller showed lessillation than that using the
nonlinear controller. However, this may simply digethe testing conditions and
angle measurement errors during the experiments.

The purpose of this chapter is to experim@niaiplement the different types of
controllers and to validate the ability of usingeske controllers in robotic sound
localization and tracking. Simulations in the poes chapter showed that using the

quadratic-linear controller the control efforts dess than that using the nonlinear
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controller. However, in the experiments, since #ogustic measurements can be
greatly affected by the surrounding environmerg, tésting conditions can hardly be
kept the same to ensure a fair comparison betwé@reht experiments. It is
suggested that future experiments should be coeductquite room by using mobile
platforms with less vibrations and noise, which bafp improve the accuracy on the

sound incident angle estimation.
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Chapter 6 Conclusions and Future Work

6.1 Summary of the Dissertation Work

In this dissertation, theoretical and experitaemvestigations into sound source
localization and tracking using bio-inspired acausensor have been carried out.
The sensor was previously developed, which wasiregpy the tiny ear of the fly
Ormia. The two ear membranes are mechanically coupléd;hnwhelps significantly
amplify the directional cues that can be obtaingdhe eardrums. In this work, to
achieve an enhanced understanding of the perfomnainthe fly-ear inspired sensor
for sound source localization, the performance loé fly ear sensor has been
compared to a conventional two-microphone arrayebgluating the Cramer Rao
Lower Bound (CRLB). It is found that the fly-earspired sensor configuration can
achieve a much lower (100 times lower) CRLB comgarethe conventional two-
microphone array. In addition, since it is foundttan estimator that can achieve the
CRLB does not exist, the variance of estimatingsihend incident angle by using the
mIPD information is evaluated through numericals ifound that by using the fly-ear
inspired sensor a lower variance in estimating itfeddent angle can be achieved,
compared with that using a conventional microphpaie. These results indicate that
the mechanical coupling not only helps amplify divectional cues, but in addition, it
helps the fly to estimate the sound direction aitinuch improved accuracy.

Furthermore, in order to better use the fly-@aspired sensors, since the
directional cues as a function of sound sourcedem angle is nonlinear and
frequency dependent, two novel approaches have ipeestigated to estimate the
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sound incident angle from directional cues of llgestr inspired sensor. The first one
is an optimization approach based on model freelignd descent method. The
directional cue from the sensor, namely the mIPDused to define an objective
function and the sound incident angle is determifmech minimizing the objective
function in an iterative process. The main drawbeaicthis approach is that a number
of iterations are needed to pinpoint the soundcur

In another approach, a fuzzy logic model isstnucted to map the directional cue
at the different frequencies to the incident angdleo different models have been
constructed. One model makes use of the data eotamom the two-degree-of-
freedom (2DOF) model as the training data set aitevthe other model utilizes the
experimental data obtained from the sensor asréin@rng data set. It has been found
that the model trained by using the experiment#h deas able to model the senor
more accurately. Later, in the experiment, this ehdths been used along with the
sensor for localization of a stationary sound aadking of a moving sound source.
For localization of a stationary source, the expental results have been compared
with those obtained by using the least square €USE) method and the saturation
function method in terms of several defined perfamge metrics, including settling
time, overshoot, error band, and root mean squaice €RMSE). The experiments
lead to the conclusion that the fuzzy model hasetieb performance than the
saturation function method in terms of the settlimge, overshoot, and the RMSE.
Compared to the LSE method, the fuzzy model exhibis performance fluctuations
due to the fact that fuzzy model takes into comsitlen the uncertainties in the

measurements. In addition, LSE method requireschemy a 2D array for
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determination of the incident angle. This means tiwa accuracy of the LSE method
depends on the array size; the larger the arraypdfter the accuracy. However, a
larger array means a longer searching time, whaih lme a problem for a mobile
platform with limited memory and computational chitiies. For tracking of a
moving source, the experimental results have beempared with those obtained by
using the least square error (LSE) method and #teration function method at
different speed ratios. Since the performance im ekperiment differs from that for
the localization of a stationary sound, the reaawd absolute RMSEs are used as the
performance metrics for comparison. It is found th&ing the fuzzy model, a smaller
RMSE can be obtained, compared with that obtainaiiie the LSE and saturation
function methods. The fuzzy model is also shownotercome the performance
fluctuations that the LSE method suffers from daeit$ capability of addressing
uncertainties. In addition, the fuzzy model alser@emes the linear range limitation
in the saturation function method.

In addition, two novel controllers, the nomlar and quadratic-linear controllers
have been designed and implemented to control ailenobbot equipped with
acoustic sensors for localization of a stationayree as well as tracking a moving
source. The nonlinear controller is designed basethe Lyapunov approach with
only the information from the acoustic sensor fothblocalization and tracking. The
guadratic-linear controller, motivated by the noalr controller nature and bounded
values, is designed by inspection. In simulatiobsth controllers have been
demonstrated to have good performance in contgothie robot kinematics for sound

source localization and tracking. The simulatioesufts have also shown that adding
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a PID controller to control the robot wheels, fotho controllers, will result in delays
in the homing and tracking the sound due to theedpenit of the PID controller
loop. Further, the performance of sound localizatémd tracking using these two
controllers has been compared to that using a BHixaller. The PID controller has
been shown to exhibit more oscillations in the oanéfforts, which may result in
high power consumption for the robot platform, espéy for miniature robots.
Experimental investigation of nonlinear and quddsear controllers have also
been conducted for localizing and tracking a sosodrce by using two iRobot
platforms (a source platform and a tracking platfprSuccessful localization and

tracking have been demonstrated with both contolle

6.2 Summary of Contributions

The original contributions of this dissertation Waan be summarized as follows.

1. Enhanced understanding of the influence of the mmgichl coupling on the
fly-ear sensor performance for sound localizatias heen achieved based on
investigating the Cramer Rao lower bound and estimaof the variance of
the sound incident angle.

2. Two novel approaches have been developed to deterthe sound incident
angle from the output (i.e., interaural phase d#fiee) of the fly-ear inspired
sensor. The first one is an iterative optimizatipproach based on the model-
free gradient descent method. Two dimensional ipa@bn of a sound source

without ambiguity has been demonstrated. The seaepptoach is based on
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constructing a fuzzy logic model of the sensor. \Bations and experiments
showed the capability to localize and track a srgglund source.

3. Nonlinear and quadratic-linear controllers havenbdeveloped based on the
Lyapunov approach to control the kinematics of hotm platform. The
controllers that make use of only the estimated@@angle information to
achieve homing and tracking of a single statiomarynoving sound source,
have been demonstrated in simulations to have supserformance than a
PID controller.

4. The nonlinear controller has successfully been emgnted with a mobile

platform for sound source localization and tracking

6.3 Future Work

6.3.1 Design of a Small Size, Standalone, and High Spe&hta Acquisition

Board

In this work, since the signal from flgranspired sensor was detected by using
a large scale optical system, implementation ofdéesor on the mobile platform
cannot be performed. In the future work, a smailé swireless data acquisition and
signal processing device for the fly-ear inspiredsor should be developed, which
can be integrated with a mobile robot for soundre®uocalization. Some efforts
have been undertaken to develop a small opticaless sensor network node with a
built-in optical system to detect the diaphragmletgions of the fly-ear inspired

sensor, as shown in Figusel.
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6.3.2 Robotic Sound Source Homing and Tracking Using FuzzLogic

Control of a robot equipped with the fly-easpired acoustic sensor using fuzzy
logic has not been investigated yet. The fuzzy nsodeesented in this dissertation
work can be extended to a multi input multi outpMiMO) instead of multi input
single output (MISO). Two separate models can leel s a cascaded system: one to
estimate the sound incident angle and the othdedade the translational and angular
velocities of the robot. In this way, the first iyzmodel will take care of the
uncertainties of the measurements and the secondelmwill consider the
uncertainties of the estimated incident angle ftbeprevious model. Furthermore, a
Kalman filter will be used to reduce the incorrestasurements effect on the homing

and tracking performance.

6.3.3 3D Robotic Sound Source Homing and Tracking

As an extension of this dissertation workngsa fly ear inspired sensor with three
coupled diaphragms reviewed in Sectib@.3, along with a quad rotor, 3D robotic
sound source localization and tracking can be stdiThe quad rotors equipped with
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this sensor can also be used to navigation andoeatfn, for example, explore
hazardous environment and perform search and redcsiervivals. Fuzzy logic can
also be used to control the quad rotor with thecadsd system explained in the
previous suggested future work. The Kalman filtell tve investigated to find out
whether it can be used to address the issues at=bevith the measurement errors

and help improve the localization and tracking permiance.
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Appendix A Cramer-Rao Lower Bound (CRLB)

In this appendix, the background of the CRkBekplained briefly (form more
information refer to [48]). CRLB is a lower bound the variance of any unbiased
estimator that allows to confirm that an estimasothe minimum variance unbiased
(MVU) estimator if the estimator attains the bouod all the unknown parameters
values. Furthermore, any unbiased estimator calmeotower than this bound.
Accordingly, the CRLB is the criteria to which tiperformance of any unbiased
estimator can be compared. CRLB is usually usesignal processing applications
such as sonar, radar, robotics, econometrics, repeetry, and speech.

CRLB can be calculated by getting the invastéhe Fisher Information Matrix
(FIM) which is derived from thé’robability Density FunctioPDF) in which the
unknown parameters are embedded. The more the RpPé&nds on the unknown
parameter the more accurate is the parameter ¢éstimdo have more insight on
what this does mean, consider observing a simphpleaas follows:

0] = A+ w0 (A1)
wherew[0] is Gaussian noise with zero mean adwariance, and it is required to
estimate the parametér A good unbiased estimator for this cas&is x[0] with a

variance. The estimation accuracy increases agatti@nce decreases. The PDF of

this example is defined as

p(x; A) = J%.exp[-glz(xm} A7), (A.2)
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If this PDF is viewed as a function of the unknoparameter it can be called the
likelihood function. The sharpness of this functiordicates how accurate the
parameter can be estimated. The sharpness is raddsuthe negative of the second
derivative of the natural logarithm of the likelb function which is also called the

curvature of the likelihood function at the pealakihg the natural logarithm of the

PDF, gives
In PO{OL: A =-InV2ps™ -~ 55 {0k 4* (A3)
Taking the first derivative of Eq. (A.3), gives
Tin PAOEA - L (401 A. (A4)

T7A s?

Then taking the negative of the second derivatiem (A.4), leads to

CPInp({0; A_ 1 (A.5)
A2 s '

According to Eq. (A.5), the curvature decreases “asicreases. Knowing that the
estimatorB= x[0] has a variance?, then the variance of estimating the unknown
parameter A is

1

_TIn p({0]; A
1A°

var(A) = (A.6)

where the variance of the estimator increaseseasutvature decreases.
A better representation of the curvature is theaye curvature of the log-likelihood
function. Mathematically, the average can be tak®the expectation of the negative

of the second derivative of the log-likelihood ftina which result in a function with
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the unknown parameter only. From this explanaten@RLB theorem for scalar and
vector parameters are stated as follows:
(i) Cramer-Rao lower bound Theorem - Scalar parameter

It is assumed that the PDF p(3;satisfies the “regularity” condition

E iIn p(xqg) =0 forallg (A.7)
g

where the expectation is taken with respecpfta ). Then, the variance of any
unbiased estimatdf must satisfy

var(@)? L (A.8)

ﬂ'Z
-E In

where the derivative is evaluated at the true value and the expectation is taken
with respect tq(x, ). Furthermore, an unbiased estimator can be fobadattains

the bound for all if and only if

T px) =19 (9% (A.9)
g

for some functiongy(.) andl (.). The estimator, which is the MVU estimator, is

g =9(x), and the minimum variance 1/ ).

(i) Cramer-Rao lower bound Theorem - Vector parameter

It is assumed that the PDF p(3;satisfies the “regularity” condition

E iIn p(xqg) =0 forallg (A.10)

fig
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where the expectation is taken with respeqi(¥p ). Then, the covariance matrix of
any unbiased estimatétsatisfies

C,- I"*(g)® O (A.11)
where O is interpreted as meaning that the matrix istpessemi definite. The
Fisher information matrix 1() is given as

1‘[2
1979

[l(q)]ij =-E In FXXQ) (A.12)

where the derivatives are evaluated at the trugevaf and the expectation is taken

with respect to p(x,). Furthermore, an unbiased estimator can be foadattains

the bound in tha€_ = 1"*(9) if and only if

ﬂlln p(x9)=1(q)" (9(%- 9) (A13)
q

for somep-dimensional functiomg and some x p matrix I. The estimator, which is

the MVU estimator, ig = g(X) , and its covariance matrix ig( ).

From the CRLB - vector parameter theorem, the FéMhie term denoted d§ )

where the matrix elements are defined by Eq. (A.12)

The procedure of evaluating the CRLB can be sunzedras follows:
1. Taking the log op(x; ) to get rid of the exponential part.
2. Taking the partial derivative with respect to tmkmiown parameters
3. If the observation parameter still appear in treosed derivative, the

expectation{.}) of the Eq. is calculated to get rid of it.
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4. After evaluating all the FIM elements take the irseeof the matrix.
5. The diagonal of the inverse matrix are the variasfaestimating the unknown

parameters.
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Appendix B Equivalent 2-DOF Model for the Fly-ear

The 2-DOF model was proposed originally by Mileset 1995 [37]. As shown in
Figure B.1, the two tympana are modeled as two rigid ltarsnected by a torsion
spring k. The outer end of each bar is supported by alatmsal spring k or k,
which is equivalent to the tympanum stiffness. [padd G, ¢; and sg are added to
account for the damping ratios of the system. iAdl parameters used to study the fly-

ear structure are listed in Taldel.

Figure B.1: Equivalent 2-DOF model of the fly-ear [37]

The governing Egs. of the coupled system can beairwdad as follows:

F
M ac ek 2D (B.1)
X2 I:2
X2 X2
where
m O
M = (B.2)
0 m
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co GG G

B.3
G C2+C;;' (53
_ktk Kk
and K= K, k2+k3. (B.4)

In the case of free vibration, the natural frequesi\and mode shapes of the

system can be found as:
w=Jk/m, m=J(k+2k)/ (B.5)
WV, = (B.6)

The two diaphragms move out of phase in the firstlep and in phase in the
second mode.

In terms of modal coordinates, the acting forceamecan be written as

Fl ” ejwdsinq/Zc .
2 i pOSXé g Indsing/x =R S@( y, +p/2) (B.7)
where
p, = jsin(wd sing / X) ,p, = co¢wd siy /2 (B.8)

By using modal analysis (Meirovitch, 1996) [77]etimodal coordinates of the

response can be obtained as

yole B B B 59
k, 1-W*+ 2 ]Wx, k, h° -W* +2jhWx,

where
W =wlw,h =w, | w, =J1 +2¢, ,c, =K, /k, (B.10)
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andx, =c,/(wm),x,=(c+2¢c)/(w,n,g=x,/ x (B.11)
In terms of physical coordinates of the two DORs, tesponses are

_ ~ G+jtan(f /2
oA e, Coff g GHIEN(I2) g g

X A k, 1-W2+ j2xW G- jtan(f /2)
where
1-W2+j2X1W . d
Jf =Dc , si = B.13
hg_Wz_l_jzhg)qW 2) / W C/ / ( )

The ratio of modal forces; andp, defined in (B.8) can be written as

p./ p,= jtan(f /2). (B.14)
Here, G represents the relative contribution of the twode® subject to unit modal
force, which is dependent on the natural frequeratio /7 (or equivalently the
stiffness ratiocy), the damping factorsq and ratiog), and the normalized excitation
frequency . 7 represents the phase difference of the incidamddield applied to
the two mass-spring systems, which is related eardtio of modal forces, as seen in
Eq. (B.14).

Consequently, mIID and mIPD can be obtained as

|G +jtan(7 /2)

mlID = 20Iogmm = 20log

. (B.15)
A |G- jtan(7 13|
andmipp=pA - p G *itan(s /9 (B.16)
A, G-jtan(f /2

where mIPD ranges fronp+o p. mITD can be calculated via mIPD; that is,

miTD="IPD (B.17)
2PN
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mIPD and mlID can also be interpreted in the complane. In Figure B.2, the

trajectory of Gis first drawn, and a point D is selected for ajien frequency.

When the azimutly increases from<to 9C, point B and C moves along the vertical

axis from the origin to the farthest point possib®nsequently, mIPD can be

interpreted as the angle between vecib_&andﬁS, and mlID as the magnitude ratio

of them. It can be proved that agincreases, mIPD increases monotonically.

However, mlID achieves maximum whéC is perpendicular tﬁB, l.e., mIPD is

equal to 90.

Image Trajectory of C

By

Point B: jtan(f/2)

Rea

Point C: jtan(f/2)

Figure B.2: Interpretation of mIPD and mlID in complex plane.
Let
. tan(f /2)

(B.15) and (B.16) can be rewritten as:

a =bG (B.18)
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PN , .
mIIDzZOIoglO\/1 [2 Zsya = 20log, 1+14L (B.19)
1+¢°- 2 sim z‘+?- 2sima
_£2
mIPD =cos* 17 (B.20)

\/(1- 1‘2)2+ &4 ?cosa
It can be readily verified that whers 1, mIPD is equal to $0and|mlID| reaches

maximum;

1+sina
1- sina

maxmlID| = ‘lologm : (B.21)
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Appendix C MatLab Codes

C.1 Sound Localization Using Two Rotational Stages
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C.2 mIPD vs. the Incident Azimuth Angle
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C.3 Testing the Two Proposed Fuzzy Models
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Appendix D Nonlinear Controllers Simulations

D.1 Testing the Nonlinear Controller Performance Usg the Polar

Coordinates
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D.2 Testing the Nonlinear Controller Performance Umsg the

Cartesian Coordinates
D.2.i) Using the ODE45 Function
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D.2.ii) Using Euler Method

To add the measurement noise just change the adtipined by the random function

in line 32
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Appendix E ANFIS and Fuzzy Toolbox GUI's
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Appendix F Fuzzy models incident angle estimation

F.1 Theoretical model
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Theoretical incident angle atf=1kHz
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Theoretical incident angle atf=2.5kHz
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F.2 Experimental Model
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Appendix G SIMULINK Codes Simulating the Moving
Sound Localization and Tracking Problem
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Figure G.1: Stationary sound localization using the Nonliear Controller.
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Figure G.4: Moving sound tracking using the Quadratic-linear Controller.
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Appendix H LabView Program for Signal Processing and
Decision Making

Figure H.1: Front panel of data acquisition and decision raking VI.

H.1 Description and Instructions

This VI program acquires the signals from the twimrophones then process the
signals (filter) to extract useful information albdbe phase difference between the
two signals that can be used to estimate the AOAhefsound source. Original
signals can be saved as required but the histotlyeotiecision making is saved and
can be plotted later to show the behavior of tH®tavhile localizing and tracking

the sound source.

Instructions:
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1)

2)

3)

4)

5)

6)

7)

Enter the DAQ setting to acquire the signals frohe tchannels the
microphones are connected to. The values showedanpatible with the

DAQ parameters values, i.e. sampling rate, maxiraachminimum measured
voltages...etc.

Initialize the data needed to estimate the soundAAGhe wireless

communication port, the controllers gains, roboeelhradius, robot base line
length, sound frequency (can be estimated as wail), the controller type
(nonlinear/quadratic-linear controller).

Choose the path to which the data need to be saved.

Tracking can be start after running the programtly start localization

button, the tracking platform can be stopped bystiop the robot button, and
the program can be completely stopped by the STudterb

The data can be acquired without moving the tragkobot by pressing the
start localization button (become green) and tbp #te robot button (become
green). To move the robot again, press the stoprabet button again

(become red).

To save the original microphone signals press th&ewutton. The data will

be saved in the directory specified in (3).

Four representations of the signals are displayediianeously. The time
domain signal before and after filtering, the freqcy domain signal

magnitude and phase.
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H.2 iRobot Commands

Start

Baud

Safe

Full

Demo

Demo - Cover
Demo - Cover and Dock

Demo - Spot
Drive
Drive Direct
LEDs

Digital Outputs

PWM Low Side Drivers

Low Side Drivers

Send IR

Song

Play Song

Sensors
Quesy List
Stream

Starts the Ol. Should be always sent before seratiggpther commands
to the OlI.

Sets the baud rate in bits per second (bps).
The default baud rate at power up is 57600 bps.

Puts the Ol into Safe mode, enabling useralooit Create.

Gives the user complete control over Create byimmthe Ol into Full
mode, and turning off the cliff, wheel-drop anckimtal charger safety
features.
Starts the requested built-in demo.
Starts the Cover demo.
Starts the Cover and Dockodem
Starts the Spot Cover demo.

Controls Create’s drive wheels. It takes four datis, interpreted as two
16-bit signed values using two’s complement. Tha fivo bytes specify
the average velocity of the drive wheels (mm/sjhwlie high byte being
sent first. The next two bytes specify the radiasn] at which Create will
turn.

Lets the user control the forward and backward omotif Create’s drive
wheels independently. It takes four data byteschvare interpreted as two
16-bit signed values using two’s complement. Th& fivo bytes specify
the velocity of the right wheel (mm/s), with thegjhibyte sent first. The
next two bytes specify the velocity of the left vehén the same format.

Controls the LEDs on Create.

Controls the state of the 3 digital output pingttom 25 pin Cargo
Bay Connector.

Lets the user control the three low side driverthwariable
power.

Lets the user control the threg ide drivers.

Sends the requested byte out of low side drivgriiZ3 on the Cargo Bay
Connector), using the format expected by iRobot@rs IR receiver.

Lets the user specify up to sixteen songs to théh&@lcan be
played at a later time.

Lets the user select a song to play from the sadded to iRobot
Create using the Song command.

Requests the Ol to send a packet of sgéatsobytes.
Lets the user ask for a list of sensmkpts.
Starts a continuous stream of data packets.
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Lets the user stop and restart the steam witheariclg the list of

Pause/Resume Stream
requested packets.

Script Specifies a script to be played later.

Loads a previously defined Ol script into the dériput queue

Play Script for playback.

Returns the values of a previously stored scripttiag with the
Show Script number of bytes in the script and followed by thept’s
commands and data bytes.

Wait Time Causes Create to wait for the specifieat

Causes iRobot Create to wait until it has travéedspecified

Wait Distance . .
distance in mm.

Causes Create to wait until it has rotated thragpggtified angle in

Wait Angle degrees.

Wait Event Causes Create to wait until it detelogsdpecified event.

Table H-1: iRobot commands opcodes

Iltem # Command Opcode Item# Command Opcd)de

1 Start 128 16 Send IR 151

2 Baud 129 17 Song 140

3 Control 130 18 Play Song 141

4 Safe 131 19 Sensors 142

5 Full 132 20 Quesy List 149

6 Demo 136 21 Stream 148

7 Demo - Cover 135 22 Pause/Resume Stream 160
8 Demo - Cover and Dock 143 23 Script 152

9 Demo - Spot 134 24 Play Script 153
10 Drive 137 25 Show Script 154

11 Drive Direct 145 26 Wait Time 155

12 LEDs 139 27 Wait Distance 156
13 Digital Outputs 147 28 Wait Angle 157
14 PWM Low Side Drivers 144 29 Wait Event 158
15 Low Side Drivers 138 30
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Figure H.2: Block diagram of the VI (left hand side).
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Figure H.3: Block diagram of the VI (right hand side).
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Appendix | Stationary Sound Source

1.1 Nonlinear Controller (initial heading 45°)
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1.2 Nonlinear Controller (initial heading 90°)
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|.3 Quadratic-linear Controller (initial heading 45°)
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|.4 Quadratic-linear Controller (initial heading 90°)

t=6.71(s) t=23.39 (s)
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Appendix J Moving Sound Source

J.1 Nonlinear Controller (straight path)
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J.2 Nonlinear Controller (square path)
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J.3 Quadratic-linear Controller (straight path)
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J.4 Quadratic-linear Controller (square path)
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