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Acoustic sourcéocalizationin 3D complex urban

environmersg

BumsukChoi

(ABSTRACT)

The detection and localization of imgiant acousticevents in a complexrban environment,
such as gunfire and explosions critical to providing effective surveillance of military and
civilian areas and installations. In a complex environment, obstacles sternaas orbuildings
introduce multipath propagatios, reflections, and diffractiong/hich makesourcelocalization
challenging.This dissertatiorfocuses orthe problem of source localization tilreedimensional
(3D) realistic urban environmentTwo differentlocalizationtechniques are developed solve
this problem: aBeamformingusing a fewmicrophonephased arrays in conjunction witthegh
fidelity model andb) Fingerprintingusing manydispersedmicrophones in conjunction with a

low fidelity model of the environment.

For an effective sourcéocalizationtechnique using microphone phased arragseral candidate
beamformers are investigated using 2D aodespondingD numerical modelsAmong them,

the most promising beamformers are choseffuidherinvestigation using B large models. For
realistic validation, localization error of the beamformers is analyzed for diffdesms of
uncorrelatechoisein the environment. Multipl@array processings also considered tomprove

the overall localization performancé&he sersitivity of the beamformers to uncertainties that
cannot beeasily accounted for(e.g. temperature gradient and unmodeled object) is then
investigated.It is observed that evaluation in 3D models is critical to assess correctly the
potential of the localation technique The enhanced minimum variance distortionless response
(EMVDR) is identified tobe the onlybeamformerthat hassuperdirectivity property (i.e.

accurate localization capabilitgnd still robust to uncorrelated noise in the environment.



It is also demonstrated that thdetrimental effect ofuncertainties in the modeling of the
environmentan be alleviated bypcoherenimultiple arrays

For efficient source localizatiortechniqueusing dispersed microphones in the environment
acousticfingerprinting in conjunctionwith a diffusedbased energynodelis developedas an
alternative to the beamfming technique. Tik approach is much simpler requiring only
microphones rather than arrays. Moreover, it does not require an accurate motigheg o
acoustic environmenflhe approachis validated using the 3D large modeldhe relationship
between the localization accuracy and the number of dispersed microphones is investigated. The
effect of the accuracy of the model is also addres3éwd resiis show a progressive
improvement in the sourdecalization capabilities as the number of microphones inciease
Moreover, it is shown that the fingerprints do not need to be very accurate for successful
localization if enough microphones are dispersetthé environment.



Acknowledgements

First, | would like to thank DrRicardoBurdissoand Dr. Marty Johnsofor providing me with

the opportunity to work on thmterestingresearclproject. Especially, bBm deeply grateful to
my advisor,Dr. Burdiso for the constant guidance in my work, and for the invaluable and
critical feedback on my research and presentation skillg|as been a true privilege to be his
student] would also like to extend my appreciation to Dr. Michael Roan, Dr. JelReed, and

Dr. Michael Buehrer for sging on my advisory committee and for their constructive comments

throughout the course of this work.

Next, | would like to thank my fellowesearcherat VAL, especially Stephanie Pasareanu,
Marcel Remillieux and Jo Corcoran. They made my life at school more enjoyable and less
stressful. It has been a pleasure working with them and | wish them all great success in their
future academic and professional careémslso wish to thank Gail Coe for her assis&ame

mary administrative tasks.

| also thank myKoreanfellows at Tech, Kyou Woong Kim, Kye Hun Lee, Hae Soo Kim, Jang
Hoon Oh,Joo Hing Lee Jeong heor.ee, Hyungjoon Cho and Jiduck Choi. Moreover, | would
like to thank all the members at KBCB for their support and prayers.

The final word of acknowledgeent is reserved for my parents, my brothed my wife. | owe
everythingl haveachievel in my life to their love, patience and support.



Contents

(@ aF=T o) (= g A 111 €0 o U Tox 1 o o (A 1
1.1 BACKOIrOUNG.... ..ottt e e e e e e e e e e e e e e e e e e e eeeens 1
1.2 Dissertation ODJECHVES..........cciiiiiiiiiiiiiimme et eeer e e e e e e e e e e e e eaes 4
1.3 Original CoNtrDULIONS..........ovviiiiiiec e e erre e e e e e e e e e e e e e e e eeaeens 6
1.4 Outling Of DISSEITAION. ......ceiiiiiiiiiiieee e eeeas 7

Chapter 2 Literature Review: Acoustic Source Localizatian..............cccceovvvcemmicineeneeennn 9
2.1 Freefield Methods. ..o 9

2.1.1 Time Of ArTIVal (TOA) ..o e er e eeeeas e e e e e e e eeeess 9
2.1.2 Time Difference of Arrival (TDOA)......cuuiiiiiieiiii e 11
2.2 Modeklbased MEthOS.........cooouiiiiiiiii e 13
2.2.1 Received Signal Strength Indication (RSSL)............coooviiiiiieer e, 13
2.2.2 Time Reversal REfOCUSING...........oouiiiiiiiiiiceee e e 15
2.2.3 MFP-based BeamfOrmMUNg..........uuuiiiiiiiiiiiiieeeieeeeeee e 17
2.2.4 FINQEIPINTING.....cotiiiitiiiiiiiees e e eeeeri s e e e e e e e e e e e e e eeees e s s e e e e e eaaaaeeeeeeeeersrnnneeeaaees 18
2.3 Commercial Acoustic Localization SYStemS............cevveiiiiiiimmiiiie e ee e 19
P2 T R = To o]0 o =T =T o o PP PP U RPN 19
2.3.2 ShouldefWorn Acoustic Targeting System (SWATS)........oooviiiiiiiiiiinnnnnnnnd 21

Chapter 3  Numerical Modeling Methodfr Acoustic Propagation.................ccevvvuneene. 24
3.1  Finite Difference Time Domain (FDTD).........ccuuuuiiiimiiiiieemiiiiiiieeeeeeeeee e 24
3.2  Energybased MethOd............oooiiiiiiiiiiiir e e e e e e 28
3.3 Numerical MOEIS..........oooii e 30



B.3.L 2D MO RIS . .o e 30

3.3.2 3D MOAEIS.....oeeieiiiieeeeee e 32
3.3.3  1IUSLrative RESUILS.........ueeiiiiiiiiiiiei et eeer e eeens 34

3.4  Accuracy of the Energhased Method................ooooimiiiiicci e 38
3.5 ComputatioNal TiME ... e eeer e e e e e e e e e e e e e 42
Chapter 4  Localization technique: Beamforming.........ccccccceeeeviiiiccceeceeeeeeeeeeennnn 44
4.1  Beamforming TREOIY.......uuu ettt eeee e e e e e e e 44
4.2 Source LOCAlIALION SYSIEM......uuuiiiiiiiiiiiiiiie et 45
4.3  Mathematical FOrmulatiQn..............oooiiiiiiimmmn e a7
4.4 BeAMIOIMEIS ..ottt ettt e e e e e e e e r e e e s amme e eas 53
4.5 Saurce Localization EStMAatiQN.........ccuuvviiiieiiieeeiiee e rmeen e 60
Chapter 5  Numerical Investigation using Beamforming................eeeeeevieemiiieeeeeeeeennne 62
5.1  Preliminary EValUtion.............cooiiiiiiiieeceeeiiiciieee e eeeeeeeeeeveeee e eeeeeeeenannannann 62
5.1.1 2D MOGEIS....ooeeiiiiiiieieee et 63
5.1.2 3D MOEIS....coooeiiiiiiiieeee e 70

5.2 FiNaAl EVAIUALION.......c..eiiiiiie e ree e rmnee e 77
5.3  Effects Of UNCEIMAINTY........ccoouiiiiii et emmr e e e e et e e e eaees 89
5.3.1 Uncertainty ParameterS.........ccooiiuuiiiiiiiiieeiiiiiiiiieiee e e e eeessseeeeeeeeeeaeeeeaeeeas 89
5.3.2 Performance Degradation due todgmainty...............ooooiviiviimmmnniniiiiieeeeeee 92
Chapter 6  Localization technique: Acoustic Fingerprinting.............ccoevvvvivicceieineeenens 100
6.1  Localization APPrOaCh............uuiiiiiiiiiiii et 100
6.2  Source Localization Mathematical Formulation...............ccccvvveeaeeeiiniiiieeeeeenns 102
6.3  Numerical Validation.............coooiiiiiiiiiii e 112

Vi



6.4  Effect of the acuracy of the fingerprints..........ccccooiriiiiicce e 128

Chapter 7 Conclusions and Recommendations...............ooooiiiiiccee e eeecciiieeeens 132
7.1 CONCIUSIONS ...ciiiiiiiiitte et e ettt emmee e e e e e e e e e e e e e 132
7.2 ReECOMMENUALIONS. .. ...ttt ieee e e e eeemr e e e e e e e e e e e e e e e ammne s 134

2] 0] oo 7= o 1) 2 136

Appendix A Mathematical Derivation of theWNG.............ccooiiiiiiiiiiicee e, 143

Appendix B Mathematical Derivation of EMVDR beamformer..............cccoeeeivieeeeeeeennn. 145

Appendix C Additional Multi-Array Localization Maps.............ccccciviiiiiimemniiiiiiieeeeee 148

Appendix D Localization Maps using Acoustic Fingerprinting for Fort Benning Model..156

vii



List of Figures

HGURE.1: SCHEMATIC DIAGR®F TRILATERATIONMIOAMEASUREMENTS......ceiiiieeeeieieieieeeeeeennnnnnnnnnns e 10

HGURR.2:HYPERBOLA DRAWN BASEDDOABETWEEN TWO MICRORESLEFJAND LOCATION ESTIBADUND AT THE

INTERSECTION OF EHREPERBOLIRBGHT. ...eetttteeeeeiiiiiittitteetteetaeaeessaaanssttsteeeeeeaaaaaaessasaassnbaeseeaeaaaeaasanssannnnes 12
HGURR.3:EXAMPLE OF TIME REYARREFOCUSING WITHD SENSORS IN TNEIRONMENT. ....vvvviiiiiiieeiiiniiirisrnnreeeeneeenss 16
FHGURE.4:BOOMERANGYSTEMLEF ) AND HOWT IS MOUNTED ON THEHICLERIGHY (HANLON2005).........ccovvviveveeeiainns 20
HGURR.5:ACOUSTIC EVENTS GEBNER BY A SHEWMAROTI ET AL2Z004)......cciuuiiiieiiiieieeiiiieeee et 20
FHGURR.6:SWATR.EFJAND INSTALLATIONTE DEVICRIGHT (GOURLEN2009)......ciiiiiieieieeeeeeeeeeeeeeeeeveevevees 22

FHGURE.1:DIAGRAM OF PARTIAEFERENTIAL EQUATIDBCRETIZING SCHERBBTAIRD TOEQUATIONSTOLAN ANISCHNEDER

71010 ) OO 26
FHGURE3.2: 2DMODEL WITH SINGLESORUCTING BUILDING. ....vvvetiiieeeiiiiiiitintsiieseseeneesssssssissrssssssssesessssssssessnnsseees 31
FGURE3.3: 2DMODEL WITH THREE TBISCTING BUILDINGS. ... eevteiiieeeiisiiitinrisreeettenessssssssissrsssssssseseessssssssssnnsseees 31
HGURE.4: 3DMODEL WITH SINGLESORUCTING BUILDISBVIEW(LEFJAND TOP VIEYRIGHY. ....vveeeeiiiieee et e e 32
FHGURE.5: 3DMODEL WITH THREE TRETING BUILDINGEDVIEW(LEFJAND TOP VIEYRIGHY. ...uuviiieieieieeeeeeeeeeeeeeeenanns 33
FHGURE.6:3DARMYFORTBENNINGIODEL3DVIEW(LEFYAND TOP VIEYRIGHY. ...evvvvtvrriririiiiieseseseeeeeeeaeseseeeeesesnnsnnnnns 33
HGURE.7: 3DSIMPLIFIEDRBANMODEL3DVIEW(LEFYAND TOP VIEYRIGHT. ..cuutviiieiiiiiiee ettt 34

FHGURE3.8:(A) TIME HISTORY Al MAGNITUDE OF SPECMIRIF THIRCKER WAVEFORM WCOENTER FREQUENCYQ@H. ...35
FHGURE.9:INSTANTANEOUS ACOOFRESSURE MARSPVIEW BY3DFDTDMETHOD FORRMYFORTBENNINGVMODEL SOURCE
1Sy 0240 T 012 1 TSSO 36
FGURE.10:SPL(DB)MAP FOR THERMYFORTBENNING MODEL DUEDBFERENT SOURCEALGENS USING ENERMETHOD FOR
1/3 OCTAVE BAND WITH TER FREQUENSIHZ . ....e ittt et e e e ettt e e et e e e et e s st e s saba e esannsanes 37
HGURE.11:SPLDB)DISTRIBUTIGAM ABOVE THE GROUNIRFTHIEORTBENNING MODEL USINERGY METHOD ARDTD
METHODCOMPARISONS FOFB OCTAVE BANDS WITHTER FREQUENG®3Hz, B) 100Hz AND p200HzZ SOURCE IS AT

(20,10, 2) M. oo eeee e ettt e e en e 39

viii



HGURE.12:SPLDB)DISTRIBUTIGAM ABOVE THE GROUMIRFTHE SIMPLIFIEIBAR MODEL USING ESERMETHOD ANEDTD
METHODCOMPARISONS F@F8 OCTAVE BANDS WITINTER FREQUENGG3Hz, B) 100Hz AND p200HZ SOURCE IS AT
(L12.5,10, 2) M. vt s s enae s es s s s s s ssnnesnenesnenesnenesnessanennsnennsnenn A0

HGURE.13:SPLDB)DISTRIBUTIGAM ABOVE THE GROUMIRFTHE SIMPLIFIEIBAR MODEL USING ESERMETHOD ANEDTD
METHODCOMPARISONS FQ@F8 OCTAVE BANDS WITINTER FREQUENG63HZ, B) 100Hz AND p200HZ SOURCE IS AT
(20,75,2) M. oottt ettt n et n st 41

FAGURE.14:COMPUTATIONAL TIMERFDHE SOUND FIELBACFED BY A SINGLESECGSOURCE IN THEERICAL MODELS USBGGH

FDTDMETHOD ANBNERGY METHQD. . ..ceetetteererntnrnnnnnaaaaasasaaeeaeeaaseteteeseennnsssssnsnnnnsssaasaseasaaaaeserereeememsnmnnnes 42
HGURHEL.1: SCHEMATIC OF LOCALIZA SYSTEM USINBIBEORMING. .......uvveeieiereeeeessittneeeeesansneeeesassneeessnsnneeeessnnnnees 46
HGURHE.2:EXAMPLE OF THE PREEESDATA AND THEDADVE WHITE NOKIEDB SNR)......oeviiiiiiiiiieiiiiieee e 48
FGURE.3:PHASED ARRAY USEDHHE SIMULATIONS ... teteteeeeeeeeesaeeeeeeessnssnssssssnnnnnnaasaeeeeeeseseseseeeeeeesssssnnnnnnnns 49

FGURH#.4:EXAMPLE OF NARROWBARRDCESSING GBTAIN A SINGLE MA® BEAMFORMING OUTPUTEMCH SPECTRAL UE
(B) COMBINED BEAMFORMIBGTPUT FOR ALL FREIQTIES FROM THE LEWREQUEN®Y, TO THE UPPER FREQ@XEN/,
AND(C) NORMALIZATION OF THEMBINED BEAMFORMIRGTPUTS TO OBTAINE TEDCALIZATION MAP.......ccvvvveerennnnns 52

FGURH.5:EXAMPLE OF TWERRAY PROCESSINGBTAIN A SINGLE MERFE SOURCE IS(40,30,2) AND THE ARRAYAND2 ARE

HGURHE.7:EXAMPLE OF LOCALIDATERROR ANALYSISIGTHE BEAMFORMIBGTPUT CUOFF THRESHOLD IN AREIYFORT

BENNING MODEL.....cetteieeeetteuetstetseaae s e s e e e e e e e e e aeteteeeeeetaease s e s e e e e e e e et e e et eeeeeeeeeeesenenes e s aen e e e reeeeeeeeas 61
FHGURE.1: LOCALIZATION MAPSR2D SINGLBUILDING MODEL WITHIONOISHA) CONVENTIONAS (B) MENNITT
MVDR(C) MVDRAND(D) EMVDRBEAMFORMERS. .....cccciutttttaiitttieaeesaitteeeesasteeeesaansseeeessssbseeesssnsreessssnsseees 64

HGURE.2: LOCALIZATION MAPS RREISINGLEBUILDIG MODEL WITBDB SNRNOISE(A) CONVENTIONAS (B) MENNITT
MVDRC) MVDRAND(D) EMVDRBEAMFORMERS. .......uuutttttiitiaaaaaaaaaaaaaistieseeeeaaaaeesssaaasnnbseseeeaaaaaeesaaannnrnnes 65

HGURE.3: LOCALIZATION MAPSTBEEEMVDRBEAMFORMER F@R SINGLEBUILDINGNVIRONMENT WIBDB SNRNOISE WITH

FOUR ADJUSTMENT FRTA) 6 =0,(B) 5 =0.3,(Q H=0.7AND(D) & =1 ceeereeeeeiiiiiiiieeeeee e ee e 66
FHGURE.4:LOCALIZATION MAPS RERTHREfBUILDING MODEL WITHIONOISHA) CONVENTIONAS (B) MENNITT
MVDRC) MENNITIMVDRAND(D) EMVDRBEAMFORMERS......vvtttteeeeesisssssteneneeeeereeeesssanssssssnerseeeseeeesesannnnnes 67



HGURE.5: LOCAIZATION MAPS F@R THREBUILDING MODEL WITADB SNRNOISE(A) CONVENTIONAYS  (B) MENNITT

MVDRC) MVDRAND(D) EMVDRBEAMFORMERS. ........uuuttttitiieeeeeeiessiaassstsseeeeeeseeesssssasssssssssessessesssannnssnnes 68
FHGURES.6: LOCALIZATION ERRORSIESNRUSING THE CUDFF THRESHOt%t_ o = 0.8 (») 2DSINGLE
BUILDING MODEL AB) 2D THREBUILDING MODEL........ctieiittiteeeiiitieeeeesatieeeesaatteeeeesasbsneesesassseesssasnneeessanes 69

HGURES.7:LOCALIZATION MAPS RERINGLEBUILDING MODELEFYAND THE CORRESPORBI2ZRMODELRIGHYWITHSDBSNR

NOISE(A) CONVENTIONALS (B) MENNITIMVDRBEAMFORMEKC) MVDRAND(D) EMVDREAMFORMERS............. 72
HGURE.8: LOCAIZATION ERROR VERSNSUSING THE CXDFF THRESHot%at_ o = 0.8 () 3DSINGLE
BUILDING MODEL AE) CORRESPONDIRDBMODEL.........cceiviiiiitieiuiiiieasieieseeeaeeeaeaeseseseesseeesnsrnnnnnnnnn s 73

HGURE.9:LOCALIZATION MAPS RARTHREBUILDING MODHELEFFAND THE CORRESPOBRRMODELRIGHYWITHLODBSNR

NOISE(A) CONVENTIONALS (B) MENNITIMVDRBEAMFORMER AND EMVDRBEAMFORMERS.........cvvveeeiiiiieennn 75
FGURE.10: LOCALIZATION ERRORSIESNRUSING THE CAOFF THRESHol%t_ of =0.8: (A 3D
THRESBUILDING MODEL AKE) CORRESPONDIRBMODEL........uuiiiiiiieaiiieesitieeasteeesssieeesneeesssteessasaesssseeessnnessnsns 76

HGURE.11:TIME HISTORY OF THERDPHONE SIGNALERZED AT ARRA{EFYAND ARRAZ(RIGHTIN THE SIMPLIFIEDBAR
MODELSNR/ALUES AFEANDL DB, RESPECTIVELY. .....tuttutuuuuuaaaaaeseeeeeteteteeeeeeeassssssnssnsan s aaaaaaaaaseaaeaaaesaerenes 78
HGURE.12:LOCALIZATION MAPS RIRPLIFIED URBAN ERGNMENT MODEVITHSDB SNRNOISEJSINGA) CONVENTIONALS
AND(B) EMVDRVITHuFO.3BEAMFORMERISOCALIZATION ERROR)R6.2M AND(B) 4.6M. ..coovvniviiieeiiiieee e 79
FHGURES.13:LOCALIZATION MAPS FRDRPLIFIED URBAN ERONMENT MODERYITHSDB SNRNOISEISINGA) CONVENTIONALS
AND(B) EMVIRz L ¢ FO.ZBEAMFORMERSSOCALIZATION ERROR)R6.2M AND(B) 0.4M. ...oeevviiiiieeiiiiee e, 80
HGURE.14:LOCALIZATION MAERDRVIEW FOR SIMPLIFIED UREANVIRONMENT MODELNGA) CONVENTIONALSAND(B)
EMVDR L ¢ E0.8BEAMFORMERS WITH @QNIBP TWO ARRAYS WHSSH? ARBDB AND12DB,RESPECTIVELY
LOCALIZATION ERRORIGSTWO ARRAYS IBBEED TQY) 7.3V AND(B) 0.2M.....eevieiiiiiiie et 81

HGURE.15:LOCALIZATIONRROR VERSBS8IRAT ARRAY FOR3D SIMPLIFIED URBAN I\ED_EUSIN@

cut- off

=0.8: (A) SINGLE ARRAY
AND(B) TWO ARRAY CONFIGURMAIT. ... eettteteeetssaattutesseseeaaaaaaaasaaasssseeseeseeaeaaaaaasaaaasssbssseaeaaaaaaessssaaannrssseees 82

AGURES.16:LOCALIZATION MAPS FORTBENNING URBAENVIRONMENT MODEITH5DB SNRNOISE USING) CONVENTIONAL
DSanND(B) EMVDR L ¢ FO.3BEAMFORMERISOCALIZATION ERROR)SL.5M AND(B) 4.2M. ...evvvveiiiiiieeeiiiieeennn 84

HGURE.17:LOCALIZATION MAPS FRORTBENNING URBAN ENVIRENTMODEL WITSDB SNRNOISE USINB) CONVENTIONAL

DS(B) EMVDR L ¢ EOQ. TBEAMFORMERISOCALIZATION ERROR)S1.5M AND(B) 2.4M. ....eeeeviriieieeeeeeeee e s 85



HGURE.18:LOCALIZATION MAEDRVIEW FORFORTBENNING MDEL USING TEIMVDRVITH(A) CONVENTIONALSAND(B)
ur0.3BEAMFORMERS WITH @NIE TWO ARRAYS WHSSH? ARBDB ANDSDB,RESPECTIVELY
LOCALIZATION ERRORIGSTWO ARRAYS IBBEED TG 18.2M AND(B) 1.5M, RESPECTIWEL. .....uvvvreeiiirieeeeeineee 86

HGURE.19:LOCALIZATION ERRORMESNRAT ARRAY FOR3D FORTBENNING URBAN MODBJN,GE

cut- off

=0.8: (A) SINGLE
ARRAY AN(B) TWO ARRAY CONFIGURAIT ... .eeettteeeeesisiiuusseteereeerseeeeessssaassssssssresresseeeesssanmnsssssssssreeseeeeeessnnnnnnd 87
HGURE.20:AVERAGED LOCALIZATHAROR FOR INCREASIMGBBER OF ARRAY SHEFORTBENNING URBAN MODEING

EMVDRur0.7)BEAMFORMER WHCSE R ARE APPROXIMATEDB (ARRAYL), 8 DB (ARRAY), 2 DB (ARRAB) ANDODB

(ARRAYE), RESPECTIVELY .. 1tttttttstetseteseeeeaeeteeeeesesssesssessneas i aaaaaeaaaaaeeeeereeesresasssnnnsnsnnnnaasaseeeeaeeeeeeseeennnnes 88
FAGURE.21: TEMPERATURE PROFA®S THE TEMPERATGREDIENT FRADZTOB0Z ... s 91
HGURES.22:UNMODELED OBJECT GETRKEG. A BUS.....ceiiutiiieeiiiiiieeeeittee e e e e sttt e e sttt e e e et bee e e e e sntbe e e e s snnbe e e e s anreeas 91
FAGURE.23:ILLUSTRATION OF TREEBRTAINTY STUDYHMIFE UNMODELED GBUE .....uuiiiieeririnseereersneeeseeseninnnessensnnes 92

HGURE.24:LOCALIZATION MAPS RBERSIMPLIFIED URBMODEL WITEDB SNRNOISE USING THMVDRVITHuF0.3:(A) NO

UNCERTAINTY A(B)50TO30°CGRADIENT UNCERTAINDDCALIZATION ERROR)R.IM AND(B) 4.5M....ceveviirieeannne a3
HGURE.25:LOCALIZATION ERRORSIESNR-OR3D SIMPLIFIED URBAN vasm@ut_ ot = 0.8: WITHOUT UNCERTAIMND
WITHS0 TO30CGRADIENT UNCERTAINT.Y. 111ttt tteiaittttnneeeeeeteeeesssaasssnssneeetaeaesesesssassnsrnnneeeeeeeeeesssaassnnnnnnnnes 94

AGURES.26:LOCALIZATION MAF®PVIEW FOR3DSIMPLIFIED URBAN MERDVITHSDB SNRNOISE USING TERVDRWITH
ur0.3FOR UNMODELED OBJEGA) POSITION AND(B) POSITIOR. LOCALIZATION ERROR).0.9v AND(B) 10.3M......95

AGURES.27:LOCALIZATION MAF®PVIEW FOR3DSIMPLIFIED URBAN MERDVITHSDB SNRNOISE USING TEMVDRNVITH
uF0.7FOR(A) NO UNCERTAINTY ABPUNMODELED OBJECP@SITIOR. LOCALIZATION ERROf2)4.4M AND(B) 1.9M..97

FHGURES.28:LOCALIZATION MAF®PVIEW FORSIMPLIFIED URBAN ERONMENT MODEL WIINMODELED OBJECT ERTAINTY

(POSITION) USING THEMVDR L ¢ F0.3BEAMFORMER WITH GNNMD TWO ARRAYS WHESHR ARBDBAND12DB,

RESPECTIVEL®CALIZATION ERRORR)JL0.OM AND(B) L.8M. ...eeviiiieiiiieiie ettt e e e e 98
HGURE.29:LOCALIZATION ERRORSIESNR-OR3D SIMPLIFIED URBAN l\mwsn\ugut_ ot = 0.8 FOR AN UWIODELED OBJECT

UNCERTAINTY AT P@SV1LL: (A) SINGLE ARRAY ABDTWO ARRAYS CONFIGUBM .......coeeeeiiiiiieeeiiiieaeeeaniiieeesennens 29
HGURES.1: SCHEMATIC OF LOCALIZN SYSTEM USINGGERPRINTING METHOD. ...ceeeetiiiiiirrireeeeeeeeeeesessninnenneeeeeees 102

AGURES.2: ILLUSTRATION OF ANBAR ENVIRONMENT MQDVETHVI MICROPHONES DISPERBEROUGHOUT THE RONMENT
SDVIEW(LEFTAND TOR/IEW(RIGHT 11eeeetiiiietititteeieeeeeeeeessssssnttsteeeeeeeesessssnnsssbeaaeeeeaeeesssasnsnnssnnnnnnnenaeeeses 102

HGURE.3:MAGNITUDE OF SPECTRIBMHIRCKER WAVEFORMLIS OCTAVE BANDS .....couvveeeeiririieeessnrreeeeessirneeeenns 103

Xi



HGURES.4: TIME HISTORY AND MAGMDE OF THE SPEGTRIB THEA) NEARSOURCE MICROPHOMERSL AND MICROPHONE
SIGNALS AB) POSITIOR AND(C) POSITIOR. SOURCE LOCATIONTST2,2) M. ...vvvvviieeereeeeeeiessninneenneeeeeaeeessaninnns 104
HGURE.5: ESTIMATELEFFAND MEASURERIGHY SPECTRUM OF TIAENEARSOURCE MICROPHOMNENSL AND MICROPHONE
SIGNALS AB) POSITIOR AND(C) POSITIOB. SOURCE LOCATIONTST 2, 2) M. ...eeeiiiiiiieeiiiiieeeseiiree e et 106
FGURES.6:NORMALIZED ESTIMATEEFJAND MEASURERIGH) SPECTRUM OF TIAENEARSOURCE MICROPHOMENSL AND
MICROPHONE SIGNAL$EAPOSITIOR AND(C) POSITIOR. SOURCE LOCATIONSST2,2) M. ..uevveeeeiiiiieeeeiiieeee e 109
HGURE.7: SMPLIFIEDRBAN ENVIRONMEMODEL3DVIEW(LEFJAND TOP VIEYRIGHY. «.eiivviieeiiiiiieeeiiiieee e e siiieee e 113
FHGURES.8:REALISTIC URBAN EMDNRIENT MODEIABED ON THRRMYFORTBENNING TRAINING AATY 3DVIEW(LEFYAND TOP
V1 (Y A PO PP PPPRPPPP 113

HGURE.9: TIME HISTORY ANIEB OCTAVE SPECTRUM REHROPHONKS) 1, (B) 2, AND(C) 4 FOR SIMPLIFIEBBAN ENVIRONMENT

MODELSOURCE LOCATIONSSA0,2) M. c.eeeeeetiereiuintninnissssessseeaeaaeaeteseseseessessssssnsnnnnnsaasasasaaaeaasasseseesesnssnnnes 114
FGURE.10:MICROPHONE NORMALIFERSURED SPECTRUMEACH FREQUENCYIBAN .....ccevtiivrriieeeerrreneeeesesnnnenes 115
FHGURE.11: PREDICTED FINGERPRDR ACTUAL SOURGEATION. ........uuueetieererreaeeessassssssnsnnnneereeaeeesessnnasnssssseeeeees 117

HGURES.12: LOCALIZATION MAP FOME SIMPLIFIED URBAODEL FOR THE ENAREQUENCY BANDS GBNTH METHODS
METH® 1 (A) AND METHOR (B). SOURCE IS AB,40,2) M. .eeeiiutiiiieiiiiiiee e iitteee ettt ettt e et e e e e ee e 118

FGURE.13:EXAMPLES OF LOCALIZNTMARTOP VIEJWWOR THE SIMPLIFIERBN MODEL USING RAND FIVE MICROPHESN
SOURCE IS AB,40,2) M. ..ttt s e s et e et e e e e e e e e e e e e e e et e et e te b e e e s e seseaaaaaeaeteeeeeseeessseensrnensanns 119

HGURE.14:TIME HISTORY AND SHEIM OF THE RECEISEEINAL AT MICROPHANE), 2(B) AND3(C) FOR AAORTBENNING URBAN

MODELSOURCE LOCATIONTBZ, 3, 2) M. ...uttetitieteeeeeeseeeeeeteateeeeeeaeeeessssasssntesseeenaaeaeeeaessasasnsssseneneaeeaaneeesanannns 121
HGURE.15:MICROPHONE NORMALIEEHASURED SPECTRUMBACH FREQUENCYIBAN ... ccuuiittiieneeitereeetnereneeenenens 122
HGURE.16: PREDICTED FINGERPRIDR ACTUAL SOURGEATION. ... ..eevuneeteruneeretneeesuneessseeserneeesnnseesseeesneessnnaeeees 124

AGURES.17:LOCALIZATION MAFOP VIEWFOR THEORTBENNING URBAN MODEIRFTHE ENTIRE FREGLYEBANDS USING BOTH
METHODSMETHOLL (A) AND METHOR (B). SOURCE IS A52,3, 2) M. .eeiiiiieiiiiiiiiiiiiiee et 125

AGURES.18:LOCALIZATION MAFOP VIEWFORFORTBENNING URBAN MODEITW/ THREE MICROPHONBING METHADSOURCE
1S 7228C T2 1 . PP 125

FHGURE.19:LOCALIZATION MAROP VIEWFOR THEORTBENNING URBAN MODEITWMULTIPLE MICR@NESFROM FOUR TO
NINB USING METHOD SOURCE IS AB2,3, 2) M. ..uuuutiiiiiieieeeeessssssuensteseeeeseaessssssnsssssseneesssseeessssssnssssssseeeeeees 126

HGURHE.20:LOCALIZATION ERROR FEEFORTBENNING URBAN MODEIRANCREASING NUMBERMICROPHONES............ 127

Xii



HGURE5.21:LOCALIZATION MAPOP VIEWFOR THE SIMPLIFIERBAN ENVIRONMENT WITHREE MICROPHONEBNG EXAGIEFT
COUMN, FDTDMODE) AND APPROXIMAEGHT COLUMBNERGY MODJEINGERPRINTS......ceivieiirnireeieeaeeennne 129
HGURE.22:NORMALIZEBUCLIDEAN DISTANCEPNIFOP VIEWFORFORTBENNING URBAN ENVIRENT WITH FOUR TO/BE
MICROPHONES USING BEROPAGATION MODHED TO{LEFTANDENERGBASED METHERIGHT......ccceviireeeeenee, 131
HGUREC.1.1: LOCALIZATION MAPOPVIEW) FORTHE FORTBENNING URBAN MODEEINGEMVDRur02) BEAMFORMER FOR
SINGLE ARRAY CASHSSESNE ARE APPROXIMATE) DB, (B) 8DB, (C) 2DB AND(D) ODB,RESPECTIVESDURCE IS 45,
7 PSR ORR 149
FHGUREC.1.2 LOCAIZATION MAETOPVIEW FORTHE FORTBENNING URBAN MODERINGEMVDRurF02) BEAMFORMER FOR'G
ARRAYCASES WHOSEIR ARE THE SAME ABIGURE A.1.SOURCE IS AD, 72,2)M. ..eevvieeeeiiiiiiiiiieeeeeeaea e e e e e 150
AGUREC1.3: LOCAIZATION MAETOPVIEW FORTHE FORTBENNING URBAN MODEEINGEMVDRuF02) BEAMFORMER FOR
THREE-ARRAYASES WHOSINR ARE THE SAME ABIGURE 4.1.SOURCE IS AD,72,2)M.....ccceevvieieieeeeeeeeeiveenenn 151
HGUREC 1.4: LOCAIZATION MAETORVIEW FORFORTBENNING URBAN MODERINGEMVDRur02) BEAMFORMER FEBUR-
ARRAYCASEVHOSESNR ARE THE SAME ABIGURE A.1.SOURCE IS A, 72,2)M.ccceeieeeieiiiiiiiiiiieeieeeae e e e e 151
HGUREC.2.1: LOCAIZATION MAEOPVIEW FORTHE FORTBENNING URBAN MODERINGEMVDRurF02) BEAMFORMER FOR
SINGLE ARRAY CASHSSESNE ARE APPROXIMAT)BDB, (B) 10DB, (C) 2DB AND(D) ODB,RESPECTIVEBBURCE IS AT
5022 0 Y SRR 153
FHGUREC.2.2: LOCALIZATION MAPOPVIEW FOR THEORTBENNING URBAN MODERINGEMVDRurF02) BEAMFORMER FOR'G
ARRAYASES WHOSERS ARE THE SAME ABIGURE 2.1. SOURCE IS A50, 20, 2)M. ....eevviiiiiiieeee e 154
HGUREC2.3: LOCALIZATION MAPORVIEW FOR THEORTBENNING URBAN MODERINGEMVDRuF02) BEAMFORMER FOR
THREE-ARRAYASES WHOSIENRS ARE THE SAME ABIGURE @.1. SOURCE IS A50, 20, 2)M.....ceveiiieeiiiiiiiiiiieeeeeen, 155
AGUREC.2.4: LOCALIZATION MAFORVIEW FOR THEORTBENNING URBAN MODEEINGEMVDRuF02) BEAMFORMER FOR
FOUR-ARRACASEVHOSESNRS ARE THE SAME ABIGURE 2.1. SOURCE IS A0, 20, 2)M ....ceeeiiiiiieeeiiiieee e, 155
FHGURHD.1: LOCAIZATION MAFTOPVIEW FORTHE FORTBENNING URBAN MODETH AVEMICROPHONESUSNG METHOD 1.
S 0 2 @ = o7 (577 ) |V S 156
AGURMD.2: LOCALIZATION MAFORVIEW FOR THEORTBENNING URBAN MODEITH SX MICROPHONES USNG METHOD 1. SOURCE
7Y (2 2 Y TR UPPPTPPPPR 157
AGURD.3: LOCALIZATION MAPORVIEW FOR THEORTBENNING URBAN MODEITH SEVEN MICROPHONESUSNG METHOD 1.

S 0 2 @ = o7 (5770 ) |V PR 158



FHGURHD.4: LOCALIZATION MAPOPVIEW FOR THEORTBENNING URBAN MODETH BGHT MICROPHONESUSNG METHOD 1.
S o 2 @ = 7 (57720 ) |V T SRR
HGURHD.5: LOCALIZATION MAPORVIEW FOR THEORTBENNING URBAN MODEITH NINEMICROPHONESUSNG METHOD 1.

SOURTEISAT (52, 3, 2)M.. ttteeiitiiee e e ettt e e e ekttt et e e e sttt e e e skttt e e e ekt e e e e e e e aa bbbt e e e ek b et e e e e s b be e e e e e anbbe e e e e annbeeeeeannrnes

Xiv



List of Tables

TABLE2.1: SPECIFICATIONS OF SMEATSENSOFBARGER ANSTANLEY2008)... ... eiiiiieeiieeee e e e e e e sssinnrne e e e e e e e e e e s 22
TABLES.1: MICROPHONE NORMALIFEASURED SPECTRUMEACH FREQUENCYIBAN.......ciccvveirrrreeeeeeeeeesessnnnnennnnens 115
TABLEG.2: EXAMPLES OF PREDICAIEGERPRINTS FOFRFERENT GRID PQINETCANDIDATE SOURCEATIONS........ccvvvvvnnnnn. 116
TABLES.3:NORMALIZED MEASURBEGTRUM FOR EACHRMIBHONE ......cutuuiieiieiiitineeetentiiseseseesssinneesseesssissssesssnnns 122
TABLEG.4: EXAMPLES OF PREDICAINGERPRINTS FORERENT GRID POIN-ESCANDIDATE SOURCEATDONS ......uvveeveeneeen 123

XV



Chapter 1 Introduction

1.1 Background

The detection, characterization and localization of important events in comben
environments, such as moving vehicles, gunfire and explosions, is critical to providing effective
surveillance of military and civilian areas and installationsutdiban environmers, obstacles

such as terrain or buildings introdutmultipath propagatns which makesourcelocalization
challenging.To this end, multipleinexpensivenodes of simple acoustic sensors forming a
distributed sensor network have been the preferred methodtbotpcalize acoustic events
(Brooks et al., 2004 Sensor networkgotentially facilitate efficient surveillance systems since a
large number of sensors enable the redundancy of the observations and close proximity to
acousticsources (Meesookhand Mitra, 2008). Acoustic sensors are alattractivedue tolong

rangecapabilty, high-fidelity, no-line-of-sight to target requirement, and passive nature.

Current applications of this sensor network include surveillance, traffic control, industrial and
manufacturingautomation, and environment and health monitoring (Chong et2@03).
Specifically, networked surveillance has potential in modern warfare to detect, idantfy
locate events on theattlefieldaccurately which will enhance situational awareness, resulting in
decreased casualties (Akyildiz et al., 2002). In addljtthe sensor network can aid residential
security byreportirg gunshot information to the police (Mazerolle et al., 2000). For traffic
control, cheap sensors with embedded networking capability can be deployed at every road
intersection to detect and adwehicle traffic and estimate its speed (Estrin et al., 2001). Sensor
networks can be also used for structural monitoring of buildings by identifying and even
localizing damage within thetructure (Caffrey et al., 2@ Underwater acoustic arrays have
been used to track and study the habits of marine animals, such that human interference into

animal habitats can be minimized (Szewczyk et al., 2004; Tiemann et al., 2006).



There have been many proposed acodetialization techniques. Mangchniquesire based on

time difference of arrival (Drake, et al., 2001), interaural level difference (Birtchfield, et al.,
2005), and triangulations (Kaplan, et al., 2001) which passively exploit phase amgitude
differences between sensors. These methods armaulited assumingfree field wave
propagation and break down in more complex environments such as urban areas. The major
difference between these environments and a free field éisencef terrainandbr buildings

that act as obstacles to acousticver@ropagation. These obstacles obstruct-bifaBight (LOS)

and introduce multiple propagation pathge toscattering, reflection and diffraction of acoustic

waves.

The problem of multipath propagation is well known and many statistical approachdscleave
proposed to mitigate the effect of clutteecausethe complexity made an exact analytical
description of sound propagation unrealistic in the (@atevica2001; Broadhead et al., 2000)
However, recent advances in computational power enablaerical models ofsufficient
complexity to be calculated. In a known environmenpowerful method for acoustic source
localization is time reversal refocusir@ink 192, 1997; Fizell et al., 1985) Due to the
reciprocity of the wave equation, inveattsignals emitted from the sensor locations converge on
the original source location. Investigations of this method have been conducted tusing
dimensional (2Dnhumerical model®f urban environmest(Albert et al., 2005, 2010; Liu et al.,
2007). Sensoimeasuredsignals are backropagated in a virtual environment usiadinite-
difference timedomain (FDTD) model that incorporates the geometry and propagation physics.
In practice, however, a common point in time corresponding to the end of the rearivee s
signal must be damated and any network timesjachronization degrades the overall focusing

ability. In addition, the acoustic model has to be estimated very accurately.

Beamforming usindglatched Field Processing (MFRasalso investigated as aattod to locate
acoustic sources in urban environments using multiplerophonearrays. Matched Field
Processings a parameter estimation technique for localizing the range, depth, and bearing of a

point source from the signal field propagating in anuatio waveguide (Baggeroer et al.,93).
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It involves sophisticated modeling of the propagationaas first used in underwater acoustics,

i.e. ocean acoustig3olstoy, 1993).In contrast to the typical underwater application, there is no
closed brm solution for the array manifold vectors in scattering environments due to the
complex natureof the propagation. To this end, the array manifold vectnes obtainedoy
measuremen(Fialkowski et al., 2000; Johnson et al., 20@8)numerical modelinguch as

FDTD (Mennitt et al.,, 2010). Thevidespreadavailability of urban geographic information
makes the numerical modeling attractive. Regardless of the employed approach, model mismatch
is a concern. Naturally, localizatioperformanceis correlated wh the quality of a priori
informationand there is always some uncertainty in the precise location andoegamceof
scatterers and fluctuation in the atmospheric condit{temaperature, humidity, wind, etcaye

unavoidable.

Some of the effects of ndel uncertainty have been studied in the context of both time reversal
focusing (Liu et al., 2007, Yon et al., 2003) and matched field processing (M@00i& in 2D
environmentsLiu et al. (2007found thattime reversal focusingias generally tolerardf minor
changes in scatterer positidna large number of receive(s 105 are employedYon et al.
(2003) reported similar robustness to perturbations such as m@engpns within a room.
Mennitt (2008) investigated several uncertaintiesuch as microphone calibration error,

perturbationn temperaturgand interarray coherence.

From the previoubrief literaturereview, there are yet unresolved issuesource localization in
urban areadFirstly, the localization work presented in the contextathliime reversal focusing
and beamforminghas not beennvestigatedin 3D environments. It is possible that 3D
environmentganprovide additional information on the propagatlmtweenhe source and the
receiver, whichwould significantly affect thdocalization performanceThere was no such an
effort to investigatdhow those localization techniques work3B environmentsSecondlythe
only previous work using phased arrays and beamforigiennitt 2008) did not showuper
directivity characteristic ®it was claimedlacking in acurate localization capabilityn complex

urban environmentsMoreover, it was the only beaormer implemented in the study. This
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showsa limited investigation on beamforming algorithrfer this type of application. Thirdly,
previousresearchon nodel uncertaintiegs also limited. For examplejncertainty study byon

et al. (2003) was performed on a very small scale assuminfdl@éenvironmens. Uncertainty

such asd@mperaturer calibration error (Mennitt 2008) t®o smple and can be easily detected
and compensatetlincertainty in the scatterer locatiofisu et al., 2007 is practicallysimilar as
calibration errorHowever, there are many other possible sources of model #redrsave not
been investigatedror example, it is typical that tactical vehicles constantly and randomly move
in and out of street blocks for military operations. This results in unexpected addition or
elimination of small scatterers in a given model. Wind is another major uncertainty arteé hard
estimatesince wind has the effect of curving the sound rays. This leads potentially to large
variation in sound levelFinally and more importantlyhoth time reversal and beamforming
techniques need very accurate moddiswever, model complexity cancrease dramatically to
accuragly capture all the detailsf the environment. This can lm®mputationdy burdensome

and also hinder thpotentialas a reatime application in the field. Therefore, theresidll a

significant need for alternative meilfs that do not require very accurate models.

1.2 Dissertation Objectives

This dissertation addresses the above shortcomings of the currerdfgtetart technologies

for source localization in urban environmenthe first objective of thisdissertatbn is to
develop an effective 3D source localization technidae cluttered environment such as
urbanized areas using a set of microphphasedarrays.To this end,the previous approach
developedby Mennitt (i.e. beamforming using MFP) is extended fidinto 3D environments.
Severaladditionalbeamformers are further investigated since his proposed beamforming method
did not show very accurate localization capabi(ity super directivity characteristicé) key

hypothesis of this dissertatias that the localization techniquanust beinvestigated in 3D



environmentsThe reasons for working in 3D are related to the sound propagation characteristic,

number of propagation paths, and sotgersor configurations.

In 2D, soundpropagates asylindrical wave sothe acoustic pressure decays with the inverse of

the square root of the distandeylindrical spreading law)On the other hand,ni 3D
environments theressure decays with the inverse of the distésgkericalspreading law)The
difference in the ecay characteristic described is strictly applicable tofiedé propagation but

it also occurs in cluttered environments. An additional consequence of the different decay rates
is that the microphone signal to noise ratio (SNR) is more favorable im@ils.In other

words, the SNR value will be higher in 2D than in 3D given the same amount of noise in the
environmentand distance of the array to the sourkfence, it is possible that source
localization technique will appear more effective 2D than in 3D, in particular over long

distances

Another reason for performing the investigation in 3D environments is related to the number of
possible propagation paths the signal takes from the source to the monitoring sensors. Due to the
additional dimensio in 3D environmenighere can be substantially more progagapaths than

in 2D environmentsThus,3D localizationapproactwill benefit fromthese extra paths, i.e. there

is more information useful to the localization algorithm

Finally, 2D localizaton is limited in the sense thahe source and sensors amplicitly assumed
to be at the same height from the ground. For a practical scenario where the source (e.g. shooter)

is located at the top @fbuilding, 3D models are neededrtwre accuratg mimic this scenario

The implementation of a microphone phased abvaged localization technique requires an
accurate knowledge of the environment to account for all acoustic efféwseare however,
always model mismatels between the numerically mekbd and the actual environment. Thus,
the second objectiven this dissertations to investigate the sensitivity of the localization
technique to ocertainties in the environmetfitat cannot be accounted feasily This study also

investigates if multifg arrays can alleviate the negative effects of the errors in the model.



Previous research efforis the context of time reversal focusing and matched field processing
were focused on using accurate modelgh a few sensorsHowever, there is a need seek
alternative methods that do not rely heawly the accuracy of the modeldence,a sairce
localization method that uses a low fidelity model of the environment in conjunction with large
number of sensors is of interest to the ommity. Thus, he thrd objective of this dissertation is

to develop an efficient source localization technique using dispersed microphones in the
environment without relying on its accurate knowledgeThe relationship between the

localizationaccuracy and the number of disged microphones is also investigated.

1.3  Original Contributions

The key contributions of this woke addressed here.

Firstly, an accuratesource localization method in 3D urban environmemg a set of
microphonearrays was developeh conjuncion with a high fidelity model There was no
previouseffort to investigate hoviweamformingusing MFPperformsin 3D environments. This
work clearly showedsignificant importanceof 3D over 2D localizationSeveral candidate
beamformersvereinvestigatecandthe EMVDR was identified as the only beamformer that ha
capability to accurately locate the sourasile still robust to uncorrelated noise in the

environment

Secondly,the effect of model uncertainties which cannot be easily corrected or accounted for
and a method to overcome were investigatedising beamformingn conjuncton with a high
fidelity model Detrimental effects of temperature gradient and unmodeled objects in the model
were identified. Thermnulti-array processing was used to overcome thetrimentalimpact and

improved the localization performance.



Thirdly, an efficient source localization method in urban environments using dispersed
microphones wadgleveloped in conjunction with a low fidelity modeThe fingerprinting
positioning technique was combined with anrefficient diffusion-based energynodeling and
applied to acoustic localization in a scattering environmBme. investigatiorshowed that the
fingerprints do not need to be very accurfate successful localizatioif enough micropbnes

are dispersed in éhenvironment.

1.4 Outline of Dissertation

The dissertation is organizedtanseven chapters and five appendices as follows. Chapter 1
briefly discusseshe generalstateof-the-art on theresearchtopic and the research need$he
objectives of this study are also listed. Chapter 2 discusses previous work in the field of acoustic
source localization anthe localization methods developed for different situations. Chapter 3
introduces two numericaimodeling tools for acoustic propagah: a high-fidelity but
computationally expensive FDTD method aadlow-fidelity but computationally efficient
diffusion-based energy method. These tools are used to provide a representation of the
environmentThis chapter also describes the models @isedll the simulationsTwo simple 2D
models aradiscussedollowed by the corresponding 3izersions of thesenodels to allow for

direct comparison between 2D and 3D resultso relatively largeand highly cluttered3D

models arehenpresented that angsedfor more realistic localization studg simplified urban

model consisting of regularly spaced streets forming urban canyons and Army Fort Benning
model without any recognizable urban canyonsegular patternsThe accuracy of the energy

method is Bo studied by comparing the exact solution usintpe FDTD.

In Chapter 4, beamforming algorithms are presented in conjunction with MFP as effective
localization techniques in complex urban environments. General beamforming theory is

discussedollowed by a review of several differefieamformingalgorithms. The Enhanced



Minimum Variance Distortionless &8ponse (EMVDR) beamformer is then introduced as the
most efficientbeamformingmethodamongthem. The robustnegs uncorrelated noisef the

beamformesis also investigated:inally, the localization erroanalysiss discussed.

In Chapter 5, the beamformers described in Chapter 4 eseduated The numerical
investigations are performed using the simple 2D emdespondingBD models described in
Chagper 3 for the initial assessment and down selection of the most prorbesangformersThe
selected beamformers are used for further evaluatidgheimore realistic complex 3D urban
models. Localizationvith themore realistic urban scenario by addingent&inty to the model is

then considered. In other words, the influence of such uncertainty on the localization
performance is investigated. Such uncertainties include temperature gradient and unmodeled

objects.

Chapter 6 investigates source localizati@ing dispersed microphones in conjunction wiitke

low fidelity energybased acoustic propagation model. Acoustic fingerprinting is proposed
because it can be integrated well with the endx@ged method to model the environment.
Similarly, thelocalizaton performance of this proposed method is then evaluatededwo 3D
urban environmest The effect of the accuracy of the fingerprints on the source localization
performance is also addressed using the approximate (using the-baseglyacoustic model)
and exacfingerprints(using the FDTD acoustic model). Finally, the accuracy and confidence in

the source localization of the proposed method is investigated.

Chapter 7 summarizes the work presented in this dissert@tierresearch outcomes are Hyjief
discussedContributions to a field of acoustic source localization are then addressed. In the end,
some comments on future directions are discusSepplementary simulation results including

some of mathematical derivations are providedppendicesat the end of this dissertation.



Chapter 2 Literature Review: Acoustic

Source Localization

In this chapter, a literature revieaf acousticsourcelocalizationmethodss provided.There are
two main categories: Frdeld methods and Moddlased methodd-reefield methods are
based on fre@ield acoustic propagation and have been investigated over the @ealfse other
hand, modebased methods have gained interest more recedtisne methods are based on
statistical propagationmodel. However, the most recemtethods take advantage pfecise
numerical model of the environmentsTwo commercially availablshooter localization systems

are introducedat the end of the chaptas realmarket applications.

2.1 Free-field methods

These methodsassume fredield acousic propagation where sound freely propagates and
spreads uniformly without reverberation. Hence, the accuracy of these methods is sensitive to
clutter. That isthe performancewill be degraded due to multipath, reflection atidraction due

to obstacled the cluttered environment.

2.1.1 Time of Arrival (ToA)

One of the mostpopularmethods forsourcelocalization is the Time of Arrival (ToAfFoy,

1976) The ToA is the most basic positioning technology in thaeed systems. The distance
between the sourcend eachsensoris calculated bylToA multiplied by the speed of sound
(Girod and Estrin, 2001)ldeally, three ToA estimates are enough for localization using

trilaterationmethod.As shown in Figure 2.1a, two ToA case gives two intersection points of the
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circles. On the other hand, Figure 2.1b shows that three ToA estimates resolves the precise
position to a single poinThis method is accurate in a frBeld environment due tthe linear
relationship of lhe distance between the source and each sdrsorchallenge of this method is

time synchronization between the source and each sensor. In gegadiirosizationcan be
accomplished with radio signalmong sensors (Girod and Estrin, 2001). It could became
serious problem, however, if there is m@op information about the sourdeecase the sensors

would not know the exact time when the acoustic event happ&hedaccuracy of this method

is confined by the assumption®f.0S condition (Wang et al., 2002005.

| NV

Mic 1

(a) two ToA case (b) three ToAcase

Figure 2.1: Schematiadiagram of trilateration with @A measurements.

The performancef the methogdhowever, can be influenced bgverberationn a more complex
environment In fact, there exists much work in the literature on how to deal vewerberation
(Stephenne et al., 1999; DiBiase et al, 2000; Julliard et al., 2005; Mak et al., 2008, 2009).
Stephennest al. (1999)proposed a cepstral prefilering techniqueateempt to desnvolve the

effects of reverberation prior wstimating the positiorifhe experiment performed in his work

was, however, limited to colored Gaussian noise as a source due to its sensitivity to the high
variability and nonrstationarity of speech signalsiBiaseet al. (2000proposed a filteandsum
technique which exploits microphone redundancy by combiningnibeophonesignals, rather

than combining a multitude of ToA estimates, to enhance the accuracy of location estimation.
The obvious drawback ifi¢ increase in computational requirements for multiple microphones.

Julliardet al. (2005)pplied holography to cope with reverberation. Holography was initiated as
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an interferometric technique for recording the amplitude and phase of a coherent wave. A
recording of this interference pattern is called a hologram (Gabor, .1Bgt#nation of ToA is
obtained based on phasensitivespectral correlation between holograms. This technique is,

however limited due to large amount of data that needs to be a&cijuir

Recently,a Non-Line-of-Sight (NLoS) localization technique using multiptecrophonesn a

known environment has been proposed (Mak et al., ,2R089). In this technique, ToOA is
estimatedassuming the signal from source firstly argat each micrphone through its shortest

path, rather than multiple paths. NLoS errors are then predicted and corrected recursively by
considering the shortest detectable paths between source and the microphones in a map. The
main limitation of thistechniqueis that tle source has to be known to the receiver and the

developed system is only suitable for a small environment due to high path loss

2.1.2 Time Difference of Arrival (TDoA)

Another timebased localization scheme is time difference of arrival (TDowasured with

pars of microphonesassuming that the speed of sound in the medium is known (Brandstein, et
al., 1995).The TDoA indicates time difference of arrivalf an event produced by a source
betweera pair of microphones.e. differences between ToAsThe TDoA metod has advantage

overthe ToA method in a sense that@quires time synchronization between microphones. only

The TDoA-based source localization methoahsists of a tw«step procedure. First, the TDoA
between microphones is estimated through the tisiene delay estimation (TDE) techniques.

Time delay estimatioris usually accomplished by taking a snapshot of the synchronized
microphone signalsThen the crossorrelation of pairs of microphongignalsis performed.

The peak in the crosrrelationgives the TDoA(Omologo et al., 1996; Svaizet al, 1997).

The estimated TDoAOs estmateddistaece differenaenbetivegheme d |
source andnicrophonesas shown in Figure 2.2&econdly, tis distancedifference estimate

defines a hyerbola betweemrach pair ofmicrophones on which the source may exist. If this

procedure is carried out agawith another pair omicrophonesanother hyperbola is defined.
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The intersectiorof more thantwo hyperbolas results in the position locationreate of the
sourceas shown in Figure 2.2lf-or three dimensional estimates, at least three hyperbolas are
required to locate the source accuraf@randsteirand Ward, 1995). The problem of finding the
intersection of multiple hyperbolas solved as a seif nonlinear equations (Chaa a., 2006).

A closeform approximae solution to the nefinear problem was also develop&dich is welt

suited for reatime implementation(Chanet al., 2006). Unfortunately, the point of intexgion

of two hyperbolas @n change significantly based on a slight change in the eccentricity of one of

the hyperbolas due to noise a\boS propagation erra

source

g

A

@ (b)
Figure 2.2: Hyperbola drawn based on DB between two microphones (left) and location estimate found at the
intersection of three hyperbolas (right).

Althoughthe TDoA-based localization scheme is reasonably effeativaoderately reverberant
environments as ampared to the ToMased schemdBrandsteinand Ward, 1995), the
performancas still affectedby reverberationTo this end, Sasaldt al. (2006)and Valinet al.
(2007)used a beamformer to directionally filter out eeficeceived by numerousicrophones
and concurrently locate the soumsburce in a reverberant environment. Specifically,
conventional delay and sum beamformer is used to calculate the spatial spectrum of the received
signal. Then, frequency band selection is performed to filter mudes sound from the spatial
spectrum until there is no stronger sound remaining after previous filtering. nTétisod
localizes multiple sounds from the highest power intensity to the lowest at each step. The main

drawback is that they assume there is LoS/eehthe sound source and microphones.
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2.2 Model-based methods

This approach enables the inclusioracbustigpropagation models intihielocalization systems.

2.2.1 Received Signal Strength Indication (RSSI)

Received Signal Strength Indicati(fRSSI) is asimplebut effectivesourcelocalization approach
(Seidel and Rappaport, 1992; Bahl and Padmanabhan, 2000arid@doper, 2004; LaMarca et
al., 2005; Ferris et al., 2006). Early work on RSSI medlinate beenapplied to radigrequency
(RF)based localization systs where the sensors are to be localizester, this RSSI method
hasgained interest ithefield of acoustic sourclcalization(Li et al., 2003; Sheng et al., 2005;
Meesookho et al., 2008 their work, statisticalpropagation modelsatherthan phyical based

approaches are used for acoustic energy attenuation with distance from the source.

The RSSI methodises the signal strength, rather than time ddlafgrmation gathered at
multiple sensorsplaced in the environmen©Often, the received signalstrength (RSS) is
equivalently reported as measurgdnal power. This RSScan be acoustic, RF, @ny other

signal In this method, the RSS at each sensor is computed from the time history of the received
signal Then it istransmitted ta fusion centefor combination witithe RSS from other sensors.
Finally, it computes the estimated location by converting the signal propagation loss into
distance with the help of both theoretical and empirical modEterefore a predictive
propagation model is emstial todeterminethe relationship betweesignal strengtland distance

from the source.

For example, @aonventional logdistance RF propagation model has been used extensively in the

literature Rappapor{1996)proposed the following empirical model

RS J= F @ 107log,(d ¢ +X (dBr (2.1)
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where RSg {l is the RSS value alistanced from the sourceP,(d,) is the ggnal strength at a
reference distared, , /1 is the path loss exponent, ailis a raadom attenuation due to clutter
which isrepresenteds aGaussian random variable with zero mean andarian@. The source

power is typically unknown because the source is arbitrary to the sensors. The variance describes
the shadowing due to topographical obstructions. With the randwormable the model can
describe the random shadowing effects which occur avésirge number of measurement
locations. The loss parameté? depends on the cluted environment (buildings, etc.)or
instance, in free field?is equal to 2, and when obstructions are pregentll have a larger

value (Rappaportl996. In practice, the value df ands? are computed from measured data.
The unit ofthe RSS is dBm which indicates thmower ratio in dB of the measd power
referencd to 1ImW.For example, 3dBm means 3dB higher than 1mW, which is 2I\fg. unit

is widely used in RF signals because of its capability to express both very large and very small

values in a short form.

Given the measured RS&lueand usig eq.(213), the estimated distance from the source can

be computed as

aR(dy)+ X -RS$ Y

d=d, 1F (2.2)
Assuming there are at least threensorsthe source location can be thestimatedby using
trilateration methodto determine the position of an object based on simultaneous distance
measurements from three stations located at known sites (Eb88@). It can be trivially

expressed as the problem of finding itmersectiorof three spheres (Coop2000).

As mentionedthe RSSI method has bedocused orRF signals. To this endj variety of radio
propagatiomrmodels have been developed for both indoor and outdoor applications (Anderson et
al, 1995; Neskovic et al., 2000; Iskan@ad Yun, 2002). These modee empirical in nature

so the collection of data has to befficiently large to provide enough accuracy of the model.
The key problem of thisRSSI method, however, stems from the complexity sagnal

propagabn through space, especially in the presewnteobstacles such as buildings. For
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example, it isdifficult to estimate the loss parameter and Gaussian random variabk

neededn eqg. (2.13). Moreover the source signal can have arbitrary charatiesisvhich make
the source power and spectral content okstgeal unknown to the sensoWithout knowing the
source power, the distance cannot be estimatest.ii2.14). To this end, Meesookho et..al
(2008) introduced Gaussian random process to déakwbitrarystatic source localization. Still,

thecorrelation function waassumedo be known.

2.2.2 Time Reversal Refocusing

In a known environment, a powerful method for acoustic source localizatibme reversal
refocusing(Fink 1992, 1997; Fizell edl., 1985).Due to the reciprocity of the wave equation,
inverted signals emitted from the sensor locations converge ooritfieal source location
Figure 2.3shows that the inverted signals at two different sensors argéedntitick to the
environment, Wich in turn converges on where the actual sourceime Teversal acoustics
have been developed recently in many fields such as nhedfiGesound (Tanter et al. 28p
This method is often applied in the physical medium itselfef@mpleto focus wave on the
tone in lithotripsy (Thomas et al., 1996) or remove reverberation in underwater communication
(Kuperman et al., 1998). Recentlpyvestigations of this mebd have been conducted usirig 2
numerical model®f urban environmest(Albert et al.,, 20052010; Liu et al., 2007)Sensor
measuredsignals are backropagated in a virtual environment using firdiéerence time

domain (FDTD) model that incorporates the geometry and propagation physics.

Time reversal processing involves the following stdjst, the soundignatureproduced by a
source is recorded at a number of sensor locations after propagation through the complex
medium; next, the time serisgynaturesare reversed in time; finally, the reversed time series are
emitted from the sensdocations and propagate back through ¢beplexmedium. Because of

the symmetry of the wave equation, this procedure would refocus acoustic energy at the original

source location.
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In practice, however, a common point in time corresponding to the ern® oéteived source
signal must be demnated and any network timesynchronization degrades the overall focusing
ability. Moreover,Mennitt (2009 suggested thatissipation in the medium breaks the invariance
of the wave equation and, practically, thedireversaloperation is achievable only on a limited
aperture time reversal mirror that results in decreased focwgiality in diffracting media.
Additionally, the effect of uncorrelated noise in #r@vironmentcan be detrimental, which was

ignored inthe recent localization work (Albert et al., 2005; Liu et al., 2007).

Another major concern with time reversal is its overall focusing ability related to the number of
sensors in the network. Albert et al. (2005) used only eight NLoS sensors for simutatio
demonstrate its accurate localization. However, there was no investigation regarding the number

of sensors needed to achieve a cettaalizationperformance.

The effects of model uncertainty have been studied in 2D numerical models (Liu eDd)., 20

Liu et al. (2007)found thattime reversal focusingvas generally tolerant djuilding location

errors if a large number of sensors are employed, as with the 105 sensors considered in his work.
It has been also showthat time reversal refocusing wittnly a few NLoS sensors is still

possible, though with degraded resolution, if the building position errors are minor.

Source i Sensor 1 £ ] ]
Converging point

Invert the Sensor emits. I;.-., -
signal . the inverted = -\ -~/

signal

¥

- |
Sensor 2 is T

Figure 2.3: Example of time reversal refocusingth two sensors in the environment
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2.2.3 MFP-based Beamforming

Microphone phased arrays in conjunction WiRP havebeen studied as a method to locae
acousticsource inclutteredenvironmen{Mennitt et al., 2010)The MFP accounts for the unique
signature of the reverberant acousticdiat a receiver such that location of a radiating source
can be determined anywhere in the known environment. In fact, it diffdsction plus
attenuation to a simple plane wave model for the propagation. Since there is no closed form
solution for the aay manifold vectors in scattering environments due to the complex nature of

propagation, the array manifold vectors are obtained by numerical modeling such as FDTD.

Mennitt and Johnsor§2010) recently investigate@ phased array localization approanh2D
numerical modelsisingwhatwas basically a conventional delagdsum beamformethough it
was referred aminimum variancalistortionlessesponse (MVDR) beamformen their work,
only one beamformer was investigated. Moreover, the proposed beamébdnmet show super

directivity characteristic (i.e. poor resolution)

Similarly to the previous time reversal refocusing, the effeatnziertaintyhas been studied in
context of MFPbasedbeamforming(Mennitt and Johnsgn2010). Inparticular uncertainty in

array location, temperature, and various parameters affectingaimégr coherence were
investigated. It was found that uncertainty in array location leads to a perturbation of the steering
vectors, causing théocalization performance degradatiorLike an uncertainty in location,
uncertainty in temperature can be interpreted as a phase uncertainty, having a similar effect. On
the other hand, uncertainty affecting intgray coherence was shown to intensify the effect of

other uncertainty ratherdhn disrupt the localizatioalone

This investigation on model uncertainties, however, is limited in a sense that uncertainty such as
temperature or array location can be easily detected and compensated. Moreover, uncertainty
affecting interarray coherete can be neglected in large urban environmeetausesound

signal that propagates over a long distance through a cluttered environment will eventually

become uncorrelated.
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2.2.4 Fingerprinting

Fingerprintingpositioningmethods provide aalternativesolution to the location determination
problem(LaMarca et al., 2005; Ferris et al., 2006). Fingerprints are unique signatures that are
collected a priori. Theoreticallyanyconsisteninformation can be used asartof the signature

In a static environment,source generates a unique signature at each lodgatibe environment

Fingerprinting position systemavolve two stefs process Firstly, a set of predefined reference
locations(grid points forminga uniform grid to cover the entire area with the dediresolutioh

are used to collet¢he signal strengtassuminghe source is located aachreference location. A
database or table of predetermirséghal strengthst the grid pointsis then createdlhe signal
strengthvector, which consists obignd strengthat eachreceiver,is normalizedso that the
Euclidean length of the vect® equal to one. Thaormalizedsignal strengttvectoris referred

to as the fingerprint of that point. This normalization enables direct comparison with each

fingerprint without any knowledgefasource power.

Secondly, a newfingerprint(or pattern) is detected withe sensors at unknowsourcelocation.

The positioning algorithm tries to find the best match between the currently observed fingerprint
and the referencenfgerprints in the database. The most common algorithm to estimate the
location computes the Euclidean distance between the measgmadl strengtivector and each
reference ihgerprint in the database. The coordinates associated thie fingerprint that
providesthe smallest Euclidean distance is returned as the estimate of thelsoatios. This is
known as theNearest Neighbor algorithifGutin et al., 2002). In fact, two versions ldéarest
Neighbor can be usedeferred to as unconstrained and comatned searclspace The
unconstrained searedpace looks at the entire fingerprint map to find the closest match.
Constrained searespace only searches within a given distance from a previously predicted
location. The idea is that a moving object canydrdvel up to a maximum distance from its

previous location withinthe time it takes to collecthe signal strengtiirom sensors and
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searching through the entire mapuisnecessaryNavarroand Makinen, 2009) Re-calibration

due toapossible dynamic environmecan be avoided using constrained seapdce.

The maximumaccuracythat can be achieved is directly related to tkeolution of the
fingerprinting databaseObviously, a source cannot be localized an areafor which no
fingerprint is availablelt is also impractical to construct the entire database for a large nodel
particular experimentallyTherefore,the fingerprinting position system, in general, requires
dense training coverage and extrapolation éasnot covered during trainifi@aulet al., 2009).

To this end, such as spatial smoothing (LaMarca et al., 2005) and Gaussian processing
(Schwaighofer et al., 2003; Ferris et al., 2006) have been proposed to overcome this issue.
LaMarcaet al. (2005)ntroduced a hierarchical Bayesian tecju@ for learning local Gaussian
likelihood models of signal strength. An important aspect of this method is that the spatial
smoothing correlates the signal strengths measured at neighboring locations. Gaussian
processing isusedto generate an observationodel for signal strength measurements from
calibration data. Once the observation model is bihi#t|ocation ofthe sourcecanbe estimated

from signal strength measurements. This method is able to interpolate between data points while
correctly estimang the resulting uncertainties in predictiohsore detail will be discussed in

Chapter 6.

2.3 Commercial Acoustic Localization Systems

This section briefly introduces two shooter localization systems asnagékt applicationsThe
technology used ithese systems first describé (Gourley, 2009) Their limitations in urban

areas are then addressed.

2.3.1 Boomerang

The Boomerang system was developed in response to a Department of Defense request for an

affordable acoustic sniper detectdhis system habeen constructed for mounting on vehicles
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deployed inconflict areas. Such system employs arrays of seven small acoustic sensors where
six sensors are distributed over the surface of a sphere and the seventh sensor located in the

cener of the sphere (sdegure 2.4.

WIFIANTENNA

COMLY USED FOR SCF TVARE
LOADS AHO RENDTR DISPLAY
W CURREHT RELEASE)

DISPLAY
(WITH N TEGRATED LOUDSPEAXER)

SIGMNAL
PROCESEING 249 HN MYV
T BATTERY

Figure 2.4: Boomerang System (left) and how it is mounted on the vehicle (right)lén, 2003.

Assuming that bullets travel faster than the speed of sougdnshotgenerates two importan
acoustic events: a shock wave and a zteublast as shown in Figure 216is noteworthy that
thelocalizationtechniques described earlier work on the muzzle blastagsyminganarbitrary

source signal.

Figure 2.5: Acoustic events generated by a shot. (Maroti et al., 2004).

The supersonic projectile generates a shock wave in every point of the trajectory, producing a
coneshaped wave fronhssuming the speed of the projectile is const@ntThe projectileds
Mach numbemM determines the angle of the shockwave cone. On the other hanthuizzle

blast produces a spherical wave front that travels at the speed of Sgufrdr6 the muzzleAs
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a projectile passes the system, its shock wave and muastenill reach different sensors in the
array at different times, depending on the trajectory of the projectile. By comparing arrival times
of signals received at different sensors of the array similar to TDoA, the trajectory of a projectile
may be determed. Through a series of mathematical calculations, the trajectory of the projectile
may be extended back to the source of the projectilesalingthe location of the shooter who
launched the projectiléeflhe TDoA measurement due to the muzzle blasbtsnecessary but
useful for localization. Wen the TDoA is taken as the difference between the muzzle blast and
shock wave arrival times at each sensor, the resulting localization performance can be

independent of time synchronization and be less afféstegometryWhipps et al., 2009).

Challenges to overcomeerethe following: 1) to filter out noise from the vehicle on which it
could be mounted (such as loud engines and static stvamdghe radio), 2) to ignorsounds
similar to that of a gunshot (sl asfireworks or a car backring), and 3) to ignor@utgoing fire

from friendly troops.

Still, the performance can be significantly degraded due to NLoS error in TDOA measurements
for a complex urbarenvironment In fact, this system was tested in alrenvironment and
verified to localize fire from AK47s and other small arms at ranges from 50 tordB@it in a

very limited urban environment where there is always LoS withriamber ofbuildings in the

area (Gourley, 2009). Another limitation comesnfr 2D-based assumption, i.e. the constant
bullet trajectory and speed. In 3D environments, this assumption is no longer realistic and
therefore, a degrading bullet speed and the effects on the trajectory due to the gravity should be

taken into account tariprove the localization performance.

2.3.2 Shoulder-Worn Acoustic Targeting System (SWATS)

A system calledShouldefWorn Acoustic Targeting Syste(SWATS)is a warfighteiwearable
variation of the previous localization system as shown in Figure 2.5. The aevisists of a

small sensor box worn on the shoulder, connected by wire to are@amgnd a small visual
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displaywhich is strappetb the chestUnlike the previous Boomerang system, four microphones

are used, which are contained in a small package megficubic inches.

Figure 2.6: SWATS (left) and installation of the devideight) (Gourley, 2009)

This system also works by detecting the gfwmve of a bullet in flight and the muzzle blast. It
then goes through a largeumberof algorithms and, after confirming that those two events
belong together, derives the approximate bearing and distance of an enem\Gsipasigon.
The detail algorims are limited due to the classified information. Relevant technical detail

reported byBarger and Stanlef2008).The specification of the sensor is described in table 2.1.

Table 2.1: Specifications oftie SWAT sensorBarger and Stanley, 20P8

Dimensions Weight Operating Storage Humidity Power
Temperature | Temperature Requirements
7.6cmx 7.6cm x 1.9cm 0.45 kg -20°Cto 60C | -20°Cto 70C | 5to 95% <1W

In urban terrain, the sound of a muzzle blast eshaff buildings and vehicles which makes
calculating range challengin&ince this system is located closer to the ground as compared to
the Boomerang, the ground reflection of the shock wave with a delay corresponding to the path

length difference may cae detrimental effect on the localization performance.

In overall since these systems are based onffed& acoustic propagation, some performance

degradation due to clutter in the environment are expected. Note that the localization techniques
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which will be proposed later in the dissertation are mdmsledand thereforeintendedfor

complex urbarenvironmentsvhere there is not direct LoS to the source
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Chapter 3 Numerical Modeling Methods

for Acoustic Propagation

Because of its major imporiae, noise propagation in urban areas has been stadiedtly A

history of various sound propagation models can be found by Picaut et al. (1999). Urban
propagation is a very complicated problem due to the presence and often irregular structure of
many intersectingstreetsand variously shaped buildings. The complexifythe environment
makes an exact description die sound propagatiorvery challenging andunrealistic
Fortunately, advances in computational power enable numerical methodgsedaethe source
localization techniquedn this chapterfwo acoustic nhumericabols are presenéd the FDTD

and energy mthod The FDTD is a high fidelity model used in previous reseatigre, the 3D

FDTD is presented for more realistic acoustic simutatithis FDTD model will be used in
conjunction withthe beamformingpasedsourcelocalizaton technique described in Chapter 4.

On the othehand, the energy methdds been developedore receny. It is a low fidelity but
computationally efficient modeThis energy method will be used as a tool in combination with

the acoustic fingerprintingsource localization technique discussed in ChapteSderal
numerical models are then presented in 2D and 3D in section 3.3. These models are used in the

investigadion of the proposed localization techniques.

3.1 Finite Difference Time Domain (FDTD)

The FDTD is a high fidelitymodelingtool and it was used in previous souiloealization
techniques. This FDTD methablves theacoustic wavesquationusing finite difference e.g.

equation issolved stepwise in time and spadgecausethe equationsare solvedat each
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discretized point and each time steppe FDTD method idlexible with regard to changing
parameters spatially or temporally. The FDTD methdidws for thecreation ofhigh fidelity

models which campredictthe acoustic field in the presence of complicated phenomena such as
scattering obstacles, transient sources, and a moving inhomogeneous méaliartunately,

this method suffers from excessigemputatiomal time and memory requirements as frequency

of interest increases. Regardless, due to the superior flexibility, accuracy, and ease of

implementation, the FDTD is chosen for this work.

For more realistic acoustic simulatiathe 2D FDTD code was extended 3D using the three
dimensioml coupled wave agption of pressure and velocii@orcoran et al., 2010lror the sake
of completeness, larief description of the formulation of the equations governin@th&DTD

model is presented her&tmospheric atteration is not included in this formulatiorthe

derivation begins with the diffa8bantial wave
2
ﬁzp =cD P (3.1)
and
W
Pp=-r— (3.2)
pit

-

where p is the acoustic pressure;= v, E wylj‘: VzE is the particle velocity vector in-DB; E, F

and Ig are the unit normal vectors in the y, and zdirections;t is the time variable;

p=F M _isthe gradient operatov; is the density of the medium in which the waves
X M Z

propag#e; c is the speed of sound in that medium. Substitwgong3.2) into eq. (3.1 and
integrating once with respect to time gives

% = D& (3.3)

Before using finite difference to solve the jpardifferential equationseq.(3.3) is rewritten in

terms of velocity components as
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Equationg3.3) and(3.4) are discretized in time and space as showfigare 3.1 Each pessure

node is positioned at poilﬁthj D,k i) wherei, j, andk are integer indees andX, Dy, and

Dz are tle spatial steps or grid spacimgthree orthogonal directis. Velocity nodes are offset
by half of a spatial step from the correspondingspure node with the same irds as shown in

Figure 3.1 Therefore, the nodes which contain theamponent of velocity are positioned at

((i+%) B j Ok z\f, the ycomponent a(iD<,(j %) Yok Z\f, and the xomponent at
(iD<,j D,(k %) Z\}. The temporal index is with temporal spacing or time stBb. Each

pressure is known at timgst, while velocities are ain offset and known at tim(as+ }é) .

Z

A Vg k)

A2
LY neli2y s -
J_/\ p(ij,k) v-}.: (i,j,k)
— Ay2 — Y

Figure 3.1: Diagram of partial differential equation discretizing scheme to obtain FDTD equaliolas @nd
Schneider, 2003

Applying the above cheme, the discretized forms efs. (3.3) and (3.4) for constant grid
spacingDx=Dy=Dz=D are
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Note that the superscripts indicate iteratiosther than powers in egs. (3.5) and \3Tthe time

offset by half a step allows for the calculation of pressure from velocities at a previous time, and
the calculation of velocities from thgdated pressures. This is repeated for each successive time
step. A number of these iterations are run before pressure data is stored inghtecammory.
These nodes are defined by spatial ratiohehumber of grid points tthe number of observers

in thex, y, andz-directions. The code propagates uatitlesirechumber of time stepis reached

at which point data is saved@he total number of time steps the simulation runs is equal to the
number of time steps to iterate before saving data melifdy the number of time steps to save

data.

After selecting auniform grid point with equal spacing femmplicity, the time step is calculated
based on the Courant condition (Tolan and Schneider, 2003), which restricts the time step in

order for a 3D FDD simulation to have a stable solutionsh®wnbelow,
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D
Dt % (3.7)

Due to this discretization (either temporal or spatial) inherent in FDTD simulations, there is an
upper frequency limit foaccurate simulations. In the temporal case, the maximum frequency of

the simulation,f

'max

must be lower than the Nyquist frequencfy, , given by

1
fmax < fN :ﬁ (38)

This limits the application of the 3D FDTD code to relatively low frequencies due to

computational time restrictions (Corcoran et al., 2010).

3.2 Energy-based Method

The energypased method has been developed for room acoustics undassilmaption of a
diffuse sound field in order to predict the sound pressure levels. Investigation to extend the
diffuse sound field concept to the prediction of sound propagation in urban areas has been
undertaken by Picaut et al., (1999). This method heen boriginally introduced as a more
computationallyefficient method than the FDTD. However, predicting the proper -tiglay
between an input source and a receiver positioned in the computational domain is not achievable.
Therefore, the focus was on theadystate diffusion equation aradl3D energy code based on

the acoustic diffusion equation has been implemented recently by Pasareanu et allt(B8g1).
been demonstrated that this propagation model provides fairly accurate predittioasound
pressure levehmongst buildings in urban areas, despite the lack of modeling of edge diffraction
at building corners. Detrimental effects of that flaw in the model have been shown significant for
receivers close to the source only. This modeling tool Iktsting investigated and further
improvements are expected in the feturhe major advantage oféimodel is that it allows fast

computation of the sound field in large and complex urban envirosn(€hbi et al, 2012). For
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instance the computationalre ofrunningthis energybased method for the model in Figure 3.3

is just afew seconds, which is significantly faster than FDTD.

The diffusion equation without any mediuassis written as(Pasareanat al., 2010)
). o) =wi ©) 9

whereW(t) is the acoustic power of the source, modeled as a point source at pRsitidhe
environment.e is the energy density (internal energy per unit volume), and fda diffusion

coefficient. In the case of the steadyate, the diffusion equation simplifies to:

-D Be(1,t) wd(t 1) (3.10

S

A popular finite difference scheme, thegbint scheme, is then used to sohhe eq. (3.10). In

2D problem, this scheme tsasedon the calculation of the value at each point using its four
neighbors (Leveque, 2007). Extended to 3D, the computation of the solution at each point of a
domain is done based on all six neighbors. Mtetails on the solution of the eq. (3.10) can be

found in the reference (Pasareanu et al., 2010).

The output data obtained from the solution of the system is the energy density. In turn, the sound
pressure level can be obtained from the relationshipesgtvthe energy density and the root

meansquare (rms) pressyre, ... That is,

Pis = €7 C (3.12)

and

[}

2

SPL( dB =10l0g,, gam (3.12)

ref

O
o]

where p. is thereference pressure.

The energy methodloes not account for the constructive/destruciiterferenceeffect of the

multiple waves present in the sound field, e.g. direct, reflected, diffracted .waves, it is
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applicablefor the estimation of the acoustic energy distributiofrequency bandsuch as 1/&

octave bands

3.3 Numerical Models

Both 2D and 3D models are introdudeereto evaluatehe localizatiormethods which will be
discussed further in Chagss 4 through 6 Firstly, 2D single and threbuilding modelsare
introduceal. Then, the same models are extended tdd38llow for direct comparison between

2D and 3D results. This comparison will allow establishing the importance of assessing the
localization performance in 3D environmeninally, two large 3D models are built for more
realistic localization study. All models assume perfect reflections frorauihdings and ground

e.g. no acoustic lossd2erfect absorption wassumedt the boundaes of the domain.

3.3.1 2D Models

First, a singlerectangulambject (e.g. building) is introduced a40m x 35m area as shown in
Figure 3.2. The object hass&e of 2n x 9m andit will obstructthe direct LoS from the sources
to the array The sound field inhe shadow regiodue to the objeds the result of onlyedge
diffraction effects. This modetepresentshe simplest casewith minimum complexity and

therefore was used for initial investigation on the beamformers.
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Figure 3.2: 2D model with single obstructing building.

The second model consists of three buildings inra $@5m area as depicted in Figure 3.3. The
three buildings introduce multiple reflections in addition to the liffaction effect, thus
resulting in many more propagation paths depending on soecee/er configuration. This
model was built to increagbe complexityof the previous model. This model is also used for

initial investigation on the beamformers.
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Figure 3.3: 2D model with three obstructing buildings.

31



3.3.2 3D Models

Several 3D models are introducdetre The previous single and thréeilding models are
extended to 3D. Then, two more realistic urban modelsd&eussedsimplified urban model

and Army Fort Benning model.

a. Single building model:

Figure 3.4 showghe 3D version of the previous 2D single building model. Boéding has the
same size with 1@ height ina 50n x 45m x 16m volume.The main difference ahis model as
compared to the corresponding 2D in Figure 3.2 is that there is an additional propagation path
over the top of the object. Due to its small height, this new propagation path is ahdrtiely

more dominant that the two sigeopagation paths
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Figure 3.4: 3D model with single obstructing buildin8D view (left) and top view (right)

b. Three-building model:

Similarly, Figure 3.5 showshe 3D version of the 2D threuilding model. The same tw
buildings areintroducedwith an identical height (3n) in a50m x 45m x 20m volume. In this
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model, numerous propagation paths exist between the source and the re=peading on

their locations)
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Figure 3.5: 3D model with three obstructing buildindg3D view (left) and top view (right)

c. Large 3D Models:

Here, twolargecomplex urban modelsre introduced for more realistic scenarios. The fing o
resemblegshe Army Fort Benning training facilt (Dale et al., 2002)vithout any recognizable
urban cagons asshown in Figure 3.6n this environment, there are 15 buildings with different
size, shapeand heightin a 130m x 80m x 14m volume This model is considered as the most

realistic one.

Figure 3.6: 3D Army Fort Benningmodel 3D view (left) and top view (right)
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The second model ia simplified urban environmemonsising of regularly spacedbuildings
forming urban cayonsasshown in Figue 3.7.1t consists ofl6 buildingswith the same size,
shape, antteight (30n x 15m x 7m) in a150m x 100n x 10mvolume Though theFort Benning
modelis a more realistic casg,is not very suitable to perforfiaindamentalocalization stuges
due toits complexity where the localization performanmnbe biased by irregular clutters in
the environment. On the other hanthe simplified urban model allows more efficient
localizationperformance study due teitegularly spaced streets and regular cluigtribution

in the environment.

50 100
X[m]

Figure 3.7: 3D simplifiedurbanmodel 3D view (left) and top view (right)

3.3.3 lllustrative Results

Here,illustrativeresults using both the FDTD and the energy metredresentetd show the
outputs of both modeling tools in a given moddle simulations presented here are limited to

the large 3D models.

a. FDTD Simulations:

Resultsfor the 3D FDTD simulation orthe Army Fort Benningnodel are presented in Figure
3.8 Themonopole noise source is locatdhe coordinat€20, 10, 2 m and itradiates aRicker
pulse(Robinson and Treitel, 198®ith a central frequengy f_ ,of 100 Hz. The mathematical

formula for a Ricker pulses
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s() =1 -2p% f2t?)e” (313

Due tothe numericaktability ofthe FDTD method the maxmum frequencythat can be used to
obtain accurate results without distortion 234 Hz for the grid resolutionof 0.125 m
implemented(Choi et al., 2018). Figure 3.8a shows the Ricker pulse normalized to unit
amplitude. It isshownthat the waveform decays rapidly in time domdihe dominant part of
the spectrunof this waveform concentratesound the center frequency as shown in FE§ub.

The source information isiostly foundin the 50 to 80 Hz frequency rangeith virtually no
content above 250 Hwhich is below the maximum frequency allowedthe simulationsin
addition to the limitation imposed by the grid resolutitm,ersure numerical stability of the
results the time stepn the FDTD calculationmust bechosento avoid temporal aliasing of the
signals.Thus, a time step d.2 msis usedandthe simulationsarerun for a total of 800nsto

allow the pulse excitation tlly propagate through the environment

1 : : : L -20
i /\ ] 30+
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o
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Figure 3.8: (a) Time history and (b) magnitude of spectrum of the Ricker wawvefdth center frequency of 1612.

Snapshots of thenstantaneougpressure at0.038, 0.0498, and 0.0698 seconds into the
simulationare shownin Figure 3.9 The figure shows the top view of the pressure map
height of2 m. A color scheme is used to indicate thstantaneouacoustic pressure, i.eoim -3

(blue) to 3 (redPa. It can be seen that the pressure generated by the source propagates through
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the environment as time goes bevealing eflectionsand diffractiors from buildings and

absorption from the boundaries of the model.

T=0.0378s T=0.0498s

& I L o - N ®w 7

& o EN o - N w 7

& ] EN = - N w

Figure 3.9: Instantaneous acoustic pressure sn@ppview) by 3D FDTD methodior Army Fort Benningnodel
Source is at (20, 10, 2).
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b. Energy method

Similarly, the 3D energ code was run on the Arnfyort Benningtraining facility model shown

in Figure 3.7. Similar to the simulations beforéhe buildings and the ground are assumed to be
perfectly reflective. Perfect absorption wassumedat the boundaries of the domaiRor
simulationresults, the diffusion coefficient was chosen condtanmiugh the environmenit was
calculated based on the average of the st@atth. In the numerical simulationshe source

sound powemwas assumed to be a unit step ingtigure 3.10shows thesteadystate sound
pressure level (SPL) maps (2m above the ground) produced by a source at different locations in
the Army Fort Benning model. Note that the results here are valid for any frequency band since
no parameter of the enerpased metbd depends on the frequency. Tesultsare presented in

decibels on a scale from 5 to 75 dB.

Source is at (50,20,2) m Source is at (67,75,

Source is at (85, 10 ,2) m

!I--' 8,
wA " ... m
m-' m
~ &

| 1 — 11
o DD

o 20 40 50 80 100 120

Figure 3.10: SPL(dB) map for theArmy Fort Benning model due to different source locatiasingenergy method
for 1/3 octave band with center frequency 63Hz
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3.4  Accuracy of the Energy-based Method

The development of an enerdpased approach for modelingban environment is beyond the
scope of this dissertation. The energy model is used here as a tool in combination with a source
localization technique described in chapter 6. It is assumed that as this tool is further improved,
the localization approach wialso yield better results. In this section, results are presented for

the only purpose of illustrating the current level of accuracy of the energy method.

The energybased method was originally developed for the modelingstafionary sound
propagationwith diffusely reflecting boundaries for medium and high freqyebands The
accuracy of the energyased method was studié&y comparingto the exactsolution using
FDTD (Pasareantet al., 2010). It should be noted that theEDTD model was used at low
frequency with buildings producirgpecula reflections. To this endhe transient response from
the FDTD code had to be converted to stestdye responses to be consistent with the energy
code outputThis conversion is not directly relevant to this ditst#on but it can be found in the
work by Pasareanu. To begin witthet results from théoth methodsre obtained assuming a
constant source acoustic power at all frequency ba&wdsthe FDTDresults diffraction effects

are frequency dependargnd thusthe sound distribution in the environment diffdor each

frequency bandOn the other hand, in the energy method the results are the same for all bands.

For comparison, Figure 3.11 presents the SPL maps (2m above the ground) using both methods
for the Army Fort Benning model. The source is locate@2& 10, 2 m. The results obtained

from the energy method and the FDTD approach (data in 1/3 octave band) for the 63Hz, 100Hz
and/or 200Hz bands for the Fort Benning model are shown on the left andcoightn,
respectively. Results have shown that the energy method msotted steadystate sound
distributionin a relativelysimilar pattern as the FDTOrhe agreement between both methods is
good in the vicinity of the source and a bit further away at hiffeguency e.g. differences are

below ~6 dB up to a distance of 60 m from the sauftes can beexplainedby the increased

clutter in the environmentneaninghigherreverberatiorof the sound field better matches the

38



assumption of diffuse field. Howey, it is also noticed that the errors tend to increases as the
observer moves far away from the source. This is because the levels decdetse faster in the

energy method as the soumadve through the clutter.

Energy method Converted FDTD
a) f.=63Hz

Figure 3.11: SPL (dB) distribution 2 m above the ground for the Fort Benning model using energy method
FDTD method. Comparisons for 1/3 octave banidb eenter frequency a) 63Hz, b) 100Hz and d) 20®trrce is
at (20, 10, 2n.
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The same type of results for the simplified urban model is presented in Figurélge$aurces

at (112.5, 10, 2)n. The esults have shown that the energy method nsadebkteadystate sound
distribution in more similapattern ashe FDTD for the simplified urban model. It is because the
simplified urban model consists of regularly spaced buildings and streets, which is more suitable
for the energy method. However, it moticed that in the vicinity of the source the levels

computed by the energy method are a bit lower than the FDTD results at all frequency bands.
Energy method Converted FDTD
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Figure 3.12: SPL (dB) distribution 2 m above the ground for #iraplified urban modelsing energy method and FDTiethod
Comparisons for 1/3 octave bands with center frequency a) 63Hz, b) 100Hz and d)Q00tde.is at (112.3,0, 2)m.
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Similar results are observed fdifferent source position i.e. the source is at (20, 75n2) the
simplified urban environment as shown in Figure 3.13. The relatively similar pattern be
both methods can be found, espected The resultfor 200Hz band, fowhich there is more

frequency lines, shows the best match among them.

Energy method Converted FDTD
a) f.=63Hz

80 100 120

b) f.=100Hz

SPL (dB)

80 100 120

c) f.=200Hz

SPL (dB)

20 40 60 80 100 120 140

Figure 3.13 SPL (dB) distrilution 2 m above the ground for thinplified urban modalising energy method and
FDTD method. Comparisons for 1/3 octave bands with center frequency a) 63Hz, b) 100Hz and dp2060iezs
at (20, 75, 2n.
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3.5

Computational Time

The FDTD method is simple high-fidelity modelingtool but computationally inefficient. On

the other hand, energy method allofast computation of the sound fielgroviding a low

fidelity model To compare the computational time of both methods, Figure 3.14 showmthe

time required to simulate the sound field created by a single noise stardke numerical

model considered earlieNote that thecomputationaltime of the energy method is per

frequency band and here only 3D models are consid@sad can be observed andpected, the

energycoderunsmuchfaster than th&DTD code.For instance, the computational time for the

Army Fort Benning model using the enefiggsed method is only 30 seconds for a single noise

source while the FDTD code takes approximately 24 hoaorevérall, the energy method runs

around 1000 times faster than the FDTD code using the same machine under the same

environment.

Computational time (h)

-3
10‘10 20

—&—FDTD
—— Energy method

L Building

/

Simplified
urban model

V

3 Buildings
Single

Y

Army
Fort Benning
model 1

30 40 50 60

Number of grid points (in millions)

70 80

Figure 3.14: Computational time for the sound field created by a singise source in the numerical models usit
both FDTD method and Energy method
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Finally, it can be concluded that thaergybased method has significant potential for efficiently
predicting the SPLs in urban environments, in particular compared to the Figthod. Firstly,
the energypased methods relatively accuratéo model the sounfield in urban environments,
though it still needs improveents Secondly, the energyased method allows mudasieer
computation of the sounfield, an important requireemt for source localization applications
Therefore, the energyased method is used aonjunctionwith the fingerprinting for source

localization, which will be discussed in more detail in Chapter 6.
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Chapter 4 Localization technique:

Beamforming

In this Chapterthe sourcelocalizationtechnique using a microphone phased arraytisduced.
The source localization system for an impulsive sound source in complex urban envir®isment
describedn section 4.2Beamformng in conjunction with MFRs then presentecsan effective
localization techniques using mathematical formulat®averal beamformer@reinvestigatedas
candidatesThey are the conventionablelayandsum (DS), conventional MinimumVariance
DistortionlessResponsgMVDR), the beamfamer proposed bywennitt and Johnson (2010)
referred here as MennilVDR, andenhanced MVDR (EHIVDR) beamformersThe robustness

of the beamformers to uncorrelated noisals®investigated. In the endnapproach to estimate

the source location descrbed and usedor localization performance analysis.

4.1 Beamforming Theory

Beamformingis a signal processing technique used in conjunction with a microphone array to
provide a versatile form of spatial filtering (Veen et al., 1988). It enhatheesignal fom the
desired spatial directiowhile redudng the signal from other directionsA beamformer
combines the spatially distributedicrophonearraydata linearlywith the beamforming weight

to achieve spatial filteringThe main idea behind the beamformwvgight is to electronically

steer a beamformer in all possible locations and loothfamaximum beamforming output.

Typically, the simpl esfti ed edamfnoordneel r oaf s ssuonuensd
the array to a particular location in teevironment referretb asa grid point. In other words, it

ignores the actual environment. In the presence of clutter, however, tHeslileessumption
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breaks down, aghe propagatingwaves areaffected by objects in the environmenek.g.
reflections, sattering, etc To overcome thisproblem an accurate model of the actual
environment must besed Note that beamforming i@ cluttered environment ishallengingbut
alsoprovidesan opportunity The clutter addsuniquecharacteristics into theoundfield due to
diffraction effects multi-path propagatiorand so forth. These characteristian be used to

distinguish multiple sources located at the same bearing relative to the array.

Beamformers that used an estimate of the actual environment to ®emrai are known as

MFP algorithms (Baggeroer et al., 1993). ThigIFP has been larde developed in ocean
acousticfor source localization and tomograpkfialkowski et al., 2000)In contrast to the
typical underwaterapplication there is no closed formsolution for the array manifold in
scattering environments due to the complex nature of propagation. The array manifold can be
obtained by measurement or numerical modelirige manifold is relatively easy to calculate if

an accurate model of the enviroant is used.

4.2  Source Localization System

Figure 4.1 depictthe proposed localizatiosystemfor animpulsive sound source in a complex
urban environment using aicrophone phased arralyigure 4.1a represents an example of a real
scenariowhere an acouist event occurs at unknown position in evironment(solid circle)

The sound isneasuredby amicrophone phased array deployed in the environment (dotted circle)
such thatit doesnot have a direclLoS to the sourceln the work here,lte phased arraig
assumed to have six microphor(®=6) arrangedon an open sphem@s shown in Figure 4.1b.

For MFP beamforming the transferfunction between each candidate source location in the
environmentand the microphones in the array must be either measurediroates (Figure
4.1d). It is, however, practically impossible to measuredhgansfer functions foa large

environment. To this end, numerical techniques are used to modaldhsticenvironmentand
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provide the transfer fumtions (Figure 4.1c). In MP, these transfdunctionsare the steering
vectorsin the beamforming proceg¢bsigure 4.1e)From the microphone signal in the array the
cross spectral matrix &M) is calculatedor all frequencies withira selectedfrequencyband
(Figure 4.1f). Finallythe beamforming output is computed at each spectral line, i.e. narrowband
processingand added as uncorrelated signals to yield the localization map (Figure #hég).

source is then localized using this map.

Numerical Z
Modeling _/

l \[ Matched Field

Processing
(d) (e)
Transfer
Functions :> Beamformers
Steering
Vector Weighting
\ ® (g) Factors
0.5m ' : —
X Cross Spectral :1> Localization
/" Microphone Matrix Narrowband Map
Pressure Data Processing

Figure 4.1: Schematic of localization system using beamforming
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4.3 Mathematical Formulation

This section presents how the proposed source localizatiormsilatedin general Specifics of
the beamformers are addressed in the following seclibis section also presents how a
localization map is obtained\ description of the approach taken foulti-array processinggs
presentedin this work,the FDTD code is used to generate the microphone signals dbe to

source. The pressure sigmatorde by them"” microphone is

Mm@ =Pr® (1) m E2:-,M (4.2)

where
p,,(t) is the pressure at the microphone due to the source from the FDTD dpdég ou
v.(t) is contaminating noise in the microphone signal assumed to be spatially
uncorrelated white noise, and,

M is thenumber ofmicrophones in the array, efy.

In general,there are several sources for noise in the microphohggical sources are
microphoneself-noise and wind induced noise. Thaind noiseis probably the one of most

concern and particularly dominant at low frequency.

Since the uncorrelated white noise is uniform in the environment, gignalse ratio (SNRfor
each microphone ipotentially different Due to the close proximity of the microphones in an
array, the signals from thaicrophoneshave, however, approximately the same SN SNR
for different arrays willvary more significany. The SNRof the microphonesignalis typically

definedas the ratio of the average mesquarevalue of the signal to the noise. That is

2
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whereT =W [ is the time window legth, Dt is the sampling intervabndW is the number of
samples in the time window. Note tHat an impulsive sourcehe SNR as defined in e.2)

will depend on the time window lengihused in the simulationd o illustrate his point,Figure

4.2 shows the time history of the impulsive signal recorded by the microphone and the white
noise signal addedt is straightforwardhatlower SNRwill be obtainedas the length of the time
window increasesTo resolve this issu@n urambiguousSNR can bealefinedusing the ratio of

the peak value of thienpulsive signal p,.,,) to the peakalueof the noise ¥
in Figure 4.2That is

) as illustrated

peal

SNR =20 Lo%éppeak (4.3)
¢ Vreak
While the peak value for the impulsive signal is obtained from the simulations, the peak value
for the white noise is computed using tirest factoe 4,e.9.v,,, is approximately} times the
rootmeansquare value of the noise (Q1B76). Due to the stochastic characteristics, data sets of
the white noise are generated multiple times for the simulatksan examplefor the case in
Figure 4.2 SNRand SNR are 10 an@1dB, respectivelyln the work here, the SNR in terms of

the peak values are considered to be more representative and used in the numerical simulations.
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A — Pressure
— White noise (10dB SNR)
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Time(sec)

Figure 4.2: Example of the pressure data and the additive white noise (10dB SNR).
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Since all the beamformers here are implemented in the frequency domain, the Fourier Transform

(FT) of the microphone signals are computedilte®) in

() =pu( W ¥, ( W m £2.--,M (4.4)

where W is the angular frequency.

As mentioned,hie phased arrag/areassumed to have six microphones (Mafi)an @en sphere

of 0.5m radius For convenience, parof microphones wre aligned with the Cartesian
coordinate systeni.e. two for each x, y, and z coordinate (one for positive direcaonther for
negative direction) as shown in Figure 4ii3is noteworthythat themicrophonesare located
exactly at a grid point in the FDTD code so that the ratio of the size of array to the grid spacing
should be alwayaninteger. Similarly,the source locatiorshould match the grid of the FDTD

code.

6 Microphones

\ i
07//

Figure 4.3: Phased array used in the simulations.

To implement thebeamformes, a grid of potential source locations must be used, i.e.
j=1,2:--J . All beamformercomputea weighted average of the microphaignals for each
grid point. By definition, the beamformer output is the msgnarevalue (msv) of this weighted
average. The beamformer outdat, at frequencyW for the j™ grid pont is thencommonly

expressed in matrix form as
bj W) = WJHFRRWj (4.5
wherew; is the weighting vector for thg" grid point
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w, ={w, (), gy (e vy (e ( 46)

andF is the cross spectral matrix (C$Mf the microphone signalse. diagonal terms are the
auto spectra while the etfiagonal are the crospectra, given as

FRR(M =rr" (47)
where
r={rm).ro( W, -1 W1, ( )}"} (4.8)

is the vector of the FT of the microphone signals. Note that in the above equations the

superscript$d andT indicate the Hermitian and transpose, respectively.

It is important to note that beamforming assumes the signals are stationary and that multiple time
windows (or snapshots) are taken and the auto and cross spectrum of the microphone signals
averaged. Howevein the current application a single time window is taken due to the impulsive
nature of the source signal considered in this research. Thus, thespeot®l matrix is

computed from a single snapshot (no averages).

The MFP beamformeimplies that thesteering vectors (manifold) used in the beamformer must

represent the actual acoustic environment. That is, they are

dy (W) = A, " m=A,2;--,M; j £2--, (4.9

where A and/ . are the magnitude and phase of thensfer function between thei"
microphone and the source at tffegrid point computed using the FDTD acoustic propagation
model. The transfer function is obtained byimgkthe FT of the input source and received
signals at each microphone in the array assuming a source gt' ttygd point. Thus, the

normalized | steering vectarg, , becomes

(4.10)

with
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d, :{dl,-('/'/),dz,—('/i’,""dnj( e, dy ( *’} (4.11)

This normalizedsteering vector simply defines thmelative phaseand magnituddetweenthe
microphaes to the source. Note thaeamformingis performed in the frequency domaand
thusthe beamformer outpuat multiple spectral lineshould be combined to generate a single
map. To this end, theeamformingoutput iscomputed at eack" spectral lineas illustratedin

Figure 4.4ai.e. narrowband beamformintn fact, the processing of the datanarrowbands

within the consideredfrequency bandresulted in the best results among other methods
investigatedsuch as using a single band or severatlsards for all scenarios and beamformers
(Choi et al., 2010). The reason is that gineanacoustic environmeni the presence of clutter is
highly dependent on the frequency, thus precluding the possibility of collapsing spectral lines

into wider frequency énds.

The beamforrimg outputs for all frequencieffrom the lower frequencyy, to the upper

frequencywy, ) arethen simply added g&igure 4.4b),

b =8 W' () Fee (W) w,( ) (4.12
where vy, is the angular frequenof the K"spectral line
Finally, the resulting beamforming output isiormalized to the maximum level in the

environment, i.e0¢ b, @ (Figure 4.4c).The sourcdocationestimationwill be in the region of

maximumbeamforming outpuas illustrated in Figure 4.4.
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Beamformer
Output

Each ) (a) Add

spectral .~

Normalized
Beamformer

Figure 4.4: Example of narrowband processing to obtain a single (ayfpeamforming output at eagbestral line
W (b) combined beamforming output for all frequencies from the lower frequéfnctp the upper frequency

W, and(c) normaliation of the combinetdeamforming outpustto obtin the localization map

For the case where multiple microphone arrays are deployed in the environment, the processing
described above is applied to each array independently. Tiearray outputs are combined
assuming they are uncorrelatedor to normalization, i.e. no phase information is sharEue

main reason for this processing is that the nsigealspropagatingver a long distance through

a cluttered environment wikventuallypbecome uncorrelated.Assuming there ar&l, arrays,

the array outputs are combined as

1 M2
bj=-ak (4.13)
A 0=l
. h - . - h - -
where b, is the q" array beamforming output (umormalized) for the ™ grid point. The
beamforming majs once again normalized to the maximum level in the environreqire 4.5

shows an example of twarray processing.
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Figure 4.5: Example of twearray procesingto obtain a singlenap The source is at (40, 30, 2) and the array 1
2 are at (7, 42, 2) and (20, 10, 2), respectively.

4.4 Beamformers

The beamformers investigated in this work are described Tikey. are the conventional delay

and sum (DS), carentional Minimum Variance Distortionless Response (MVIDR)ttall et al.,

1969), MennittMVDR (Mennitt, 2008)and theenhancedVDR (Abraham and Owsl/, 1990)

These beamformers are investigated to identify the most efficient beamforming method to locate

sources in noise urban environments.

Due to its importancehe white noise gailfNG is used as a measure fmsessingobustness

of the beamformerto uncorrelated nois@he WNGis defined as the ability of the microphone
array to suppress spatiallysttibuted noise, e.g., sensor noise of the micomgs (Brandstein
and Ward,1995). The WNG (in decibels) indicates the improvement in the SNR due to the

beamformer, i.e. the higher th&NG the better capabilities of the beamformer to suppress
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uncorrelatd noise. Itis important to note that th&/NGas conventionally defined assumes that

the signals are stationaryhis implies that signalare averaged over multiple time windeand

the cross spectral matrix of the noise is diagonal didigonal termsqual to the noise power
However, in this work impulsive sound sources are assumed and a single time window is used
for all spectral calculations, i.e. cross spectral matrix of the noise is not diagonal. However, the
conventional WNG is still a good estimat of the capability of the beamformer to handle
uncorrelated noisé\s a referencehebestWNGpossible to achievis 10logio M whereM is the

number of microphone in the arrajhe derivation of th&VNGis presented ippendixA.1.

Note that WNG is copputed at each spectral line and the dependence on the frequency is omitted

for the sake of brevity.

a. Conventional Delay-and-Sum (DS) Beamformer

The simplest approach to beamforming is conventional DS beamforimitige conventionaDS

beamformer, the wghting vector is the normalized steering vector. That is

(4.14)

It is robust and provides the best rejection to uncorrelated noise. This is measure@bizhs

given as,

2
]

H 2 ¢ 2
WNG=10log, :10Iogo% =10Iogo‘ i Hlog, M (4.19

d'd

ww

The DS beamformas an optimal beamformer to suppregstiallyuncorrelated noise

b. Minimum-Variance-Distortionless-Response (MVDR) Beamformer

In the MVDR beamformer, the outpudignal is minimized subject to a distortionless constraint

that sets the gain iné¢hsteering direction to unitifthe effect is to steer nulls into the direction of
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interference while preserving the response in the look dire@lattall et al., 1969).In general,
the MVDR beamformemives higter resolution compared tthe conventional DS beamformer

In this keamformer, the weighting vectorgssen by,

F..'g
RR

Computing the weight veéer in MVDR involves finding the inverse of the CSM matrg,, *.

The straight computation of this inverse could be difficult to obtain because the matrix might be
poorly conditioned or singular,e. therank of F; is smaller tharM. In fact, for the single
source investigated here the r ank Thefradiiohae CSM
remedy forthis singularity issueis diagonalloading, i.e. the addition of a sma#rm to the
diagonalto make the CSM invertible (Gilbeend Morgan, 1955). Note that all the simulation

resultsin this dissertatiomsing the MVDR beamformer are obtained by the diagonal loading.

Another main issue is that the MVDR beamformer is extremely sensitive to even sorallire

the look direction. For instance, when the direction of the signal source does not exactly coincide
with any of the steering angles, the output signal tends to get suppressed. In addition, the MVDR
beamformer is sensitive tancorrelatednoise (ie. the WNG is small), especially at low

frequencies(Gilbertand Morgan, 1955). TheWNGof the MVDR beamformeis given as
w" ‘ | | ‘ d M
WNG=10lo ‘ =10lo 40lo (4.17)
G D w o w

2
Where‘wH g‘ =1 because of the MVDR unitresponse constraint.

c. Mennitt-MVDR Beamformer

Mennitt (2008) recently proposed a beamformer where an artificially gede€8b F,, is
used in the MVDR formulation instead of the microphone cross spectral nfpixn this

beamformer, the weighting vectorgs/en by
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F, d

TV A S—
d HFW- ld (418)
where
DD"
F,(w)=(1 -e)DD" LM H | (4.19)
H h H
DD" = a djdj (4.20)

and e<1 (e=0.01selected for simulatiofs

As described by Mennitt al. (2010), the CSMF,, is generatedising all the steering vectors
from the region been scannasl in eq. (4.19)in other words, this method assumes that at each
grid point there is an artificial noise sourdde mentioned that this design was to reject
correlatednoise, resulting inincorrelated noise amplified at lowefjuencies. To overcome this,

he artificially added a small scalar to the main diagonal of the matrix, which also conditions the
matrix for inversionas in eq. (4.18). The factécan range from 0 to 1, which is claimed to
result in the unconstrained superdirectiye@=0) or conventional DS beamformgre=1),
respectively. Since the noise field is unknown a priori, he assumedeth@iOl can keep

conservative balance tvgeen sensitivityi.e. superdirectivity characteristicsand theWNG

However, aproblem with this approach is that the beamformer results depend on the grid
selected, i.e. the results are not independent of the etammain Moreover, this can be
computationally burdensome for a large complex environment. The calculation of this matrix
should be made prior to the implementation and stored fotinealsource localizatiornlike

the MVDR beamformer,tiis noteworthythat the inverse of~, existsas long ad 2 Min eq.

(4.19 andhencethe diagonal loadinguggested by Mennitt (2008 not required adescribed

in eq. (4.19)

As it will be shown in simulatioslater, another issue is that the MenAltVDR beanformer
showsinsufficient superdirectiv@roperties Rather, it performed similar to the conventional DS

beamformergee results in Chapter 5) whdbowing pbustness to uncorrelated noise.
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In this beamformer, thé&/NGis given as (see ppendixA.2 for mahematical derivation in detail)

w ‘2 (dH (Fvv'l)H d)2 )
d" (R )" R, d @2
\AY \A%

WNG=10log,, =10log,

ww

Unfortunately, theVNG cannot be explicitly written in terms of the number of microphdvies
because of the unconventional form of the \wiig vector selected ieq. (4.18). Thus, direct

comparison to the other beamformgmough analytical expressioisnot feasible.

d. Enhanced MVDR (EMVDR) Beamformer

This beamformer is based on the conventional MVDR but only the dominantpigeerty of
the CSM is used (Abraham and Owgl 1990).This beamformer was examined using a bottom
mounted horizontal line array in a shallevater environment by Mesrschmitt and Gramann
(1997). Bao (20@) showed the robustness of thisamformefor passive sonar besolving the

bearings of amustic sources using experimental data.

The weighting vector in theeEMVDR beamformer isgiven & (see Appendix B.1 for

mathematical derivation in detail)

H
w=9-4mm g

1- b ‘mlH 9‘2 (4.22)
with
__ 9
b=
strey (4.23)

where/,andm, are the dominant eigenvalue and eigenvector of the ,G88pectively €is a
scala enhancement factor controlled by = / - %; s?is the known uncorrelated noise
variance (ifit is unknown it should estimated). The paramefblcan be adjusted by changieg

which effectively changes the resolution of the beamformer. The maximum resolution is
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achieved by setting =1, or equivalentlg- 8 . At the other extreme, a coefficieat0 results

in theconventional D$®eamformer.

The WNGfor this beamformer iderived in detail in AppendiB.2 for a general value of . For

the two extreme cases, it is given as
whd §  10log,M (=9
}10IoglOM (1— ‘mlH g‘z) (6 =)

WNG=10log,, (4.24)

wHw

This shows the EMVDR beamfmer provideghe possibility of tradeff betweenrejection to
theuncorrelated noisandsuperdirectivity characteristicslepending on the adjustment factar

For example, whemb =0, it becomes optimalto reect noise (as the conventional DS
beamformer) but at the expense of poor resolution. It will be shown later that this beamformer
has the superdirectiveproperties while maintainingufficient WNG This is one of the key

reasons this beamformersaperiorto the other beamformerinvestigated.

e. Comparison of the WNGs

As mentionedthe WNGpredictedn the above equatiorannot be directly quantified except for
theconventionaDS. Here,the WNGfor all beamformerss numerically computed for the simple
2D single building mode(Figure 3.4) Firstly, a FDTD simulation isun for this model to obtain
the steering vectdior the source positigrthe CSMneeded to compute the eigenvector in the
EMVDR beamformerandthe artificially generated matrik,, in the MennittMVDR. For this
beamformer F,, is computed based on all the possible grid points in the modebwith.O1.

For the EMVDR, two adjustment factorsb(=0.3 and 0.") are conglered. The weighting
vector for each beamformer is then computed at each frequency and insertdte MING

equations for each beamformer.
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Figure 4.6 showthe WNGfor all the beamformeras a function of frequencyirsty, it can be
observed thathe conventionalDS beamformer suppresses uncorrelated noise equally at all
frequenciesi.e.10log, M = &B with M=4. The SNR in the DS beamformer is improved by 6
dB. On the other handhe WNG for the MVDR is very poorin particularat low frequacies
because the uncorrelated noise is amplifiddte that the SNR for the MVDR at 60 Hz is
degraded by almost 15 dBhe MennittMVDR beamformeshows nearly the same WNG as the
conventional DS beamformdiuctuating from 2.5 to 6 dB depending on theduency The
results for theEMVDR beamformersshow very goodrobushessto uncorrelated noisén
particular for smallb as expectedror 6 =0.3, the WNGis nearly 6 dB at all frequencies. For
b =0.7, theWNGis reduced to similar values as the MenMWDR beamformerHowever,the
EMVDR beamformerhas superdirectivity characteristics lacking in thélennit-MVDR

beamformer as it will be shown later in Chapter 5.

10

White noise gain(dB)
a

—+— Conventional DS

—— MVDR

—2— Mennitt-MVDR

—— EMVDR with p=0.3

20 . . . ‘ —+— EMVDR with p=0.7

a0 60 80 100 120 140 160 180 200
Frequency(Hz)

Figure 4.6: White noise gainW/NQG for all the beamformers investigated in the 2D single building model.
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4.5 Source Localization Estimation

Localization performance using beamforming is mespedcific as well as highly dependent on
relaive distance (or propagatiotength) between the source and the array. Therefore, the
accuracy and confidence in the source localization should be investigated for multiple source

arrayconfigurations

For the localization error analysis, teeurce locabn is estimatedusinga beamformer output
cutoff thresholdte

cut- off ?

i.e. grid points with a normalized beamforming output lower than the

cutoff threshold are ignored. That is, the source coordinate is estimated as

g

J

Q:=

E= (4.25)

e

a -

j=1

=1
M
where M is the number of grid points whose beamforming outputs are greater thaff cut
threshold, I :{xj,yj,;} is the coordinate vector for thg¢™ grid point and t% is the

corresponding beamforming output included onI;Ejifz 1%

t- off *

In an actual practical scenario, it is very unlikely that a grid point would be situated right where
the source is located. Since the simulations are limit¢ldetaase where the source is located on
a grid point, it is reasonable to choose a weighted average of the coordinates of the grid points

rather than pinpoint the single location with largest beamforming output.

Figure 4.7 shows aexampleof theestimaion of the source locatiomsing thebeamformingcut-
off threshold. Once the localization map is obtained (Figure 4.7a), the beamforming outputs that

are lower than the cff threshold,lE

cut- off

=0.6, are discarded as shown in Figure 4Ten,
the sourcdocation estimate isobtainedby the weighted average of the coordinaiéshe grid
points whose beamforming outputs remain on the mdne actual and estimated source
locations are indicated in the localization map using a cigJediamond shaped symbab)(
respectively.
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Figure 4.7: Example oflocalization error analysis using theamformingoutput cutoff threshold in the Army Fort
Benning model.

In an actual scenaniit is very unlikelythata grid pointwould besituatedright where the source
is located Sincethe simulations are limited to the case where the source is locatadyod
point, itis reasonable to exclude the beamforming output at the actual smsitenfor amore

realistic assessment.

The sourcelocalization error can then be computsitheEuclidean distancbetween the true

and estimated source location as,

(4.26)

whete | is thetruelocation vector ofhe source.
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Chapter 5 Numerical Investigation using

Beamforming

The beamformers described in the previous chap@anitially investigatedusingsimple 2D and

3D models These studies allowed for theitial assessment and down selectainthe most
promising beamformer8Based on this initial investigatiothe EMVDR beamformerand the
conventional DS beamformers are chosen for furteeearchin the more realistidarge 3D

urban environments, whichreadiscussed in the final evaluation section. All these simulations
assume the perfect knowledge of #austicenvironment(i.e. transfer functions). However,

there are always some uncertainties between the numerical model and the actual environment.
Therefore, thesensitivityof the beamformers to the uncertainties in the model @uséed using
numerical examples. In this study, two uncertaintiesirarestigated temperature gradient and

unmodeledbject A way to alleviate the effects of uncertaingyalso investigated.

5.1 Preliminary Evaluation

lllustrative resultsof the beamformers ihe single and threbuilding models (Figure 3.2
through 3.7)are presentetiere For all the caseshé beamforming grid resolution ism. The
narronband beamforing processing usall 64 spectal lines between 50 and 200 ldnd he
64 beamformingoutputsare combinedas explained in sectioh3. Then, the localization map is
obtained bynormalzationas described earligfor each localization map,calor scalds used to
represent the numerical valuesd represesta value of 1 (maximum) while the dark blue is 0
(minimum). The topology, sourcand array(s) are superimposed on tloealization maps
Microphone sefhoise isadded for more realistic resulésnd quantified in terms of the peak

SNR To this end, an artificial white noigs uniformly added to theenvironment.Finally,
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localization error iscomputedusing three different cudff thresholdsof

cut- off

=0.4, 0.6, and
0.8, respectively The estimate sourcelocation is shown in each localization map using the
highest cuff threshold, &

cut- off

(c) Mennitt MVDR and (d) EMVDR beamformer

=0.8. Results ar@resentedor (a) conventional DSb) MVDR,

5.1.1 2D Models

Here,resultsfor 2D models are presented faarticularsourcearrayconfigurations

a. 2D Single-building model

In this model, diffraction of the sound waves around the two ends of the single building is the
only propagation mechanism present in the environnidm.aray is located at12, 18) mwhile
the source is at (30, 1@). TheLoS from the sourceo the arrayis completely blockd by the

object.

The localization mapfor the beamformers without and with noise are shown in Figure 5.1 and
5.2, respectively. Fathe case with noise, the peak SNR is S5BBjure 5.1 shows that, in the
absence of noise, the MVDR and EMVDR beamformers are very accurate showing the expected
superdirectivity characteristics. On the other hand, the DS and MeMMBDR beamformers

show ggnificant ambiguity in the source location. Moreover, they produce almost identical
results supporting the argument that the MerMIMDR is essentially the same as the DS

beamformer

The results in Figure 5fr a SNR of 5 dBhow that all the beamfoers other than the MVDR

are robust to uncorrelated noise, i.e. mapDBr MennittMVDR, and EMVDR beamformers

are very similar in Figuse5.1 and 5.2. The MVDR is, however, extremely sensitive to noise as
shown byFigure 5.2 where a number of fictitiousource candidate locations are now observed.
As a reminder and mentioned in sectibd, aconstant wagrtificially added to theliagonalof

the CSMto computets inversebecause th€SM is rank deficient.
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Figure 5.1: Localization maps for 2D singleuilding model without noise: (a) conventional DS
(b) MennittMVDR (c) MVDR and (d) EMVDR beamformers.
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Figure 5.2: Localization maps for 2D singleuilding model with 5dB SNR noise: (a) conventional DS
(b) MennittMVDR (c) MVDR and (d) EMVDR beamformers.

To illustrate the adjustableselution of the EMVDR beamformeFEigure 5.3showsthe results
for different adjustment factors from the Ioweé?(% 0) to the highest resolutionb(: 1). For the
case o =0, the EMVDR reduceto theDS beamformer as mentioned previously in Chapter 4
Thus,Figures 5.2a and 5.3are identicalAs theadjustment factois increasedthe resolutions
improved and a more accurate estimate of the source location is achieved? F6r3, the

estimated source location is lessrtBBam from the actual source placement.
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Figure 5.3: Localization maps of the EMVDR beamformer for 2D siAgléiding environment with 5dB SNR
noise with four adjustment factor: (&= 0, (b) 6 =0.3, (c) b =0.7and (d)b =1.

b. 2D Three-building model

Here the beamformer performanceimvestigated for the case of multiple buildings in the
environment. Unlike the previous case, the 3 buildings introduce multiple reflections in addition
to the edge diffraction effects thus resulting in many more propagation paths from the source to
thearray.The array is located &7, 38) m and the source is at (40, 3®wherethree buildings
obstructthe direct LoS from the source to the array and introduce cluttering through diffraction
and reflection effectsThe resultsfor the beamformers are pented in the same format as

illustrated in Figure 5.1. Thidcalization maps without and with 10dB SNR noise in terms of
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peak values are depicted in Figure 5.4 and 5.5, respectively. Duecoettsebeamforming grid
resolution(1 m) used the mag showsteplike edges of the buildings. Hence, the actual edges of

the buildings are additionally drawn on the maps.

Figure 5.4 and 5.4bshows that the DS and MennitVDR beamformerssuffer from the
cluttering in the environmemesulting in higher localizain error, even in the absence of noise.
Note that for a potential user, the ambiguity shown in these two localization maps would be of
little use to assess the actual source location. On the other then)VDR and EMVDR

beamformers are still very acctgan spite othe clutter (Figure 5.4c and 5.4d)

Normalized
Beamformer
Output

Figure 5.4: Localization maps for 2D threauilding model without noise: (a) conventional DS
(b) MennittMVDR (c) Mennitt MVDR and (d) EMVDR beamformers.
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The results in Figure 5.5a and 5.5b for a SNR of 10 dB show the robustness of the DS and
Mennit-MVDR to uncorrelated noise as the results are very similar in Figure 5d4a.4in. A
more important observation is, however, that the localization performance of the beamformers is
not very acceptable in the presence of noise with the exception of the EMVDR beamformer. For
EMVDR, the estimated source location is lesstBan from the actual source placeniaevhile

the other beamformegseld morethan 10mlocalization errors.

Normalized
Beamformer
Output

25 30 35 40 45
x[m]

Figure 5.5: Localization maps for 2D threleuilding model with 10dB SNR noise: (a) conventional DS
(b) MennittMVDR (c) MVDR and (d) EMVDR beamformers.
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In order to assess the source localization performance, the localization error for different levels
of uncorrelated noisés computed.Figure 5.6 compares the localization performance of the
beanformers for the single anthreebuilding mode$ for SNR ranging from5 to 20 dB It is
noteworthy thaBNR of 5 dB or lower are extreme cases. For exam@ldBaSNRindicates that

the peak value fothe noise isidentical to that of the signalThe results in Figure 5.6 were
obtained by performing/lonte Carlo trialsby introducing 80 sets of white noise for different
SNRswhile keepingthe same position of the source and the arfe localizationerror, as

given by eg. (4.24) and (4.25)s thenmeasured andveragedver the number of triald hus,

the results in Figure 5.6 represent the expected localization errors.
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4 —>— EMVDR with b=0.7
] L
2 = 7;7,,,,777777777' . -
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SNR(dB) SNR(dB)
Figure 5.6: Localization error versus SNR using the—otftthresholdl?cut_ o =0.8:

(a) 2D single-building model and (b2D threebuilding model

The results irFigure 5.6dor the single building modedhow that he conventional DS and the
MennittMVDR are relatively insensitive to uncorrelated noise (i.e. localization error is almost
constant as function of SNR). This isbecauseof the WNG of both beamformers (i.e. 6dB for
the conventional DS), indicating theestgth of the signal is boosted due to mhierophonesn

the array so that actual SNR becomes higher. At very low SBH#BY, however, it is found that

the localization errors of both beamformers begin to incredse.mly differencebetween the
conventonal DS and the Menni#MVDR is that the localization error of the MenrVDR is

slightly less than theonventionalDS. However, both beamformers aneapableto accurately
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locate the source, causing relatively lasyerageocalization errors. On theontrary, MVDR
shows its sensitivity to noise such that localization error increases asi&Méased-or large

SNR (i.e. >15dB SNR), the localization error of the MVDR is actually smaller than the
conventional DS. However, gets wors than thatof the conventionalDS as the noise level
increases. Most importantly, the EMVDR beamformer demonstrates its accurate localization
capabilityin particular forhigh SNRsi.e. localization error is less tham2for SNR > 10 dB It

is also observed that the Itieation accuracy of the EMVDR degrades as SNR decreases.
However, the localization performance of the EMVDR is still much better than the other
beamformers even at low SNRs. At 0dB SNR, the EMVDR beamformer with higher adjustment

factor becomes more setige to noise, resulting islightly larger localization error.

The results for the three building model are presented in Figure 5.6b. They show the same trends
as for the single building cas€ompaing Figure 5.6aand Figure 5.6b showshowever,the
detrimental effect of the cluttering in the thrbailding model (i.elarger localization errors in

all beamformersin particular for the DS, MVDR, and MennitfVDR beamformerskFortheDS,

the localization errodoublesfrom 7 mto 15m. The localization grformance of the Mennitt

MVDR and MVDR follow the similar patterrOn the other hand, the localization error for the
EMVDR is always substantially less depending on the SNR.

These first set of results showwsat the EMVDRbeamformerclearly outperformshe others. It
basically shows good robustness to noise while demonstmsipgrdirectivity characteristics

critical for accurate localization.

5.1.2 3D Models

The results of the 3D version of the previous 2D models are presented here for a direct
compariso between 2D and 3D localization. To this end, thevieg of the localization map is

shown in thefigure, i.e. localization map of thdorizontalplaneat z-coordinate of the source.
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Similar to the previous section, the localization error resutsal® presented. It isnportant to
notethat the number of microphones the arrayused for 3D models is 6 instead of 4 for 2D

models.

a. 3D Single building model:

The arrayand source are located at the same position in-thplane and 2n above the ground

Here, the localization maps of the beamformers with 5dB SNR noise are shown in Figure 5.7 for
the 3D (first column) and theorrespondin@D (second columninodel. The 2D results are the
same a$ Figure 5.2. Each row corresponds to each beamformer (@ecionventional DS(b)

Mennit-MVDR, (c) MVDR and(d) EMVDR beamformer witth =1,

The results in the first column of Figure 5.7 show that the beamformers follow the same trends in
3D. However, comparing the first to the second golldemonstrates that all the beamformers in

3D caseshow less ambiguity in the source location. This can be explained by an additional
propagation path over the top of the building (dotted line in Figure 5.7a) torithieal edge
diffractions around the uilding (solid line in Figure 5.7a) as mentioned in Chapter 3.3. In other
words the small height of the buildinBm height) allows large amount of sound (and thus
information) over the building to improve the localizatidteence, the improvement of the

localization is expected to degrade with the larger building.
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Figure 5.7: Localization maps for 3D singleuilding model (left) and theorresponding 2D model (right) witF
5dB SNR noise(a) conventional DShj MennittMVDR beamformer(c) MVDR and (d)EMVDR
beamformers.
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Figure 5.8 compares the localization performance of the beamformers between the 3D single
building and the correspomdj 2D modelagain as a function of SNFFirstly, the results in

Figure 5.8a for the 3D single building model show the same trends regarding the robustness of
the beamformers to uncorrelated nogsaong the beamformers as in the 2D c&ampaing

Figure 58b to Figure 5.8a showithat 3Dlocalizationis more accurate than tlerresponding

2D localization For example, the localization error for the conventional DS beamformer
decreases from # to 3.5m. Moreover, the localization error of the EMVDR at IoWRs

become no longer an issue in 3D (i.e. the error is less than 2
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——MVDR d —&—MVDR
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Localization error(m)
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Figure 5.8: Localization error versus SNR using the—otftthresholdlgcut_ off =

0.8:
(a) 3D singlebuilding model and (b) corresponding 2D model.

b. 3D Three-building model:

Similar to the single building casthe arrayand source are located at the same position in-the x

y plane and 2n above the groundTheresultsfor the beamformers are presented in a format
with 2 columns and 3 rows as illustrated in Figure 5.9. The results on the left column of the
figure show topview of the localization maps in the 3D thiieeilding model while the ones on

the right column shwes thecorrespondin@D localizationmaps. The three rows correspond to

the beamformes used: conventional DS, MenarMVDR, and EMVDR beamformer with =1,
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From this poinforward the MVDR beamformer is eliminated from consideratioe to its high

sensitivity to noise.

The results show that the beamformers perform much better in 3D. This is partly because of the
diffraction effects over the buildings asscussedreviously in the 3D single building model.
Another reason is thalere are a lot morgropagation paths between the source and the array as
compared to the 2D modelhen the third dimension is added in a cluttered environnidmns

means that performance of the source localization improves as it takes advantage ofahddition

information on the sound propagation in the&iironmeng.
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Figure 5.9: Localization maps for 3Ehreebuilding model (left) and the ecaesponding 2D model (right) with
10dB SNR noise: (a) conventional D®) MennittMVDR beamformeiand(c) EMVDR beamformers.
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Figure 5.10 compares the localization performance of the beamformers between the 3D three
building model and the correspondind thodelas a function of SNRFigure 5.10a shows that

only the EMVDR is capable of localizing the source accurately. Compared to Figure 5.10Db, the
results in Figure 5.10alemonstratethat 3D localizationyields smaller errors thathe
corresponding 2Docdizationin the threebuilding model. FoconventionaDS, thelocalization

error is reduced from 16 to 11 m. On the other handthe performance improvement of the

EMVDR is more remarkable especially at low SNRs.
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Figure 5.10: Localization error versus SNR using the-otftthresholdt%ut_ o = 0.8:

(a) 3D threebuilding model and (b) corresponding 2D model

From these preliminary resuli, thereare two important observationgirstly, 2D resultsshow

larger errors in the localization because the 3D models have more propagation paths (i.e. more
information about the environment) tgield more accurate localizationTherefore, it is
conclued that evaluation in 3D models is critical to assess correctly the potential of this
localization technique. Hence, 2D model is no longer considered for further evaluation due to its
inadequate representation of the realigivironmeh Secondly, the EIVDR is the only
beamformercapable of accurate source localization and still robust to noise (at least using a
single array). The MenniflVDR is essentially the same as the conventional DS and the MVDR

is extremely sensitive to noisBecause of its super performancethe EMVDR beamformer
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will be used for further evaluatiomheconventionalDS beamformer will still be evaluated for

comparison purposes to the EMVDR beamformer

5.2 Final Evaluation

In this section, theelectedEMVDR beamformeis evaluatd in the twomore realistidarge 3D
urban modelsiescribed inChapter 3.2: simplified urban and Army Fort Benning modal
previously discussed, the localization performance is expected to degrade as the environment
gets more complexResults using e @nventional DS beamformedre also obtainedfor

comparison purpose

The localization maps are generated in the same way as the preliminary evatlatever,
localizationmaps are presentdtbm different angles to better visualize thesultsin the D
environments. Firstly, a 3D viewf the localization mapplots the datan the three orthogonal
planes passing through the position of the souBeeondlythe localization map of the vertical
planenormal to the yaxis aty-coordinate of the sourds presentedgjdeview). Finally, atop-

view shows the localization map of therizontalplaneat z-coordinate of the source.

In addition, multiplearray processing using two arrays is considered for this study to investigate
the performance enhancement dwethe additional array. It is noteworthy that the array

locations willremain the samia all thesimulations.
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a. Simplified Urban Model:

In these simulationghe source is at (33, 53, &) while the arrays arlcated af(112, 12.5, 2)
and (20, 75, Pm, respectively Figure 5.11 shows the noisy pressure received at one of the
microphons in each arrayl'he source signarrives to the microphoret different times due to
the different propagation path lengths fact, the source signal arrives earlio the microphone
in array 2 than the microphoneanray 1.The average SNRs fdine microphone iarray 1 and 2

are5and12dB, respectively.
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Figure 5.11: Time historyof the microphone signaeceived at array 1(left) and array 2(right) in the simplified urk
model. SNR values are 5 and 12dB, respectively.

To illustrate the performance of dhEMVDR beamformerwsing array lonly, Figure5.12
presentghe localization map with 5dB SNR noisea matrix like format with 2 columns and 3
rows. Theresults in the left and rigltolumns correspond time conventional DS and EMVDR
(b = 0.3 beamformers, respectivelyh@& three rows correspond to three vieithe localization

mapsdescribed earlie
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The results in Figure 5.12a show that the localization performance of the conventional DS is very
poor showing significareambiguityin the environment. The localization error is more tham25

On the other handheé results in Figure.b2b show hat the EMVDR beamformeib = 0.3
provides relatively accurate localization capability, the estimated source locatianless tha

5 m from the actual source placenteRoreover.the EMVDR beamformefb = 0.3) shows the

expected supettirectivity characteristics in this model

(&) Conventional DS (b)EMVDR @ = 8).

3D
View
i N o 1 AR T 7 Normalized
side s S VoY Ph WA G EEY, o erne]
! o e B TR LSRN PN IR LA s TR Beamformer
View 0 50 X 100

Output
Top
View

Figure 5.12: Localization map$or simplified urban environment modeith 5dB SNR noisaising (a) conventional
DSand (b) EMVDR withb=0.3 beamformersLocalization error is (a) 26r2and (b) 4.6n.
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Figure 5.13 shows the results for the EMVDR beamformer using higher adjustmen{ffiactor
0.7) versus the conventional DS beamform@s the adjustment factoris increasedthe

resolutionis improved In fact, the EMVDR beamforméb = 0.7) wasable to locate the source
very accurately using a single array despite of the cluttering introduced by multiple busldthgs

the noiseas shown in Figure.b3b.

(@) Conventional DS (b) Enhanced MVDRb(= 0) .
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Figure 5.13 Localization mapgor simplified urban environment modeith 5dB SNR néseusing (a) conventional
DSand ( b) EMVDiRamformeraochlizafion error is (a) 26r2and (b) 0.4n.

Figure5.14compareghe results for theingle andwo arrayconfigurationdor the conventional
DS andEMVDR beamformer(b = 0.3). This figure shows the topiew of the localization
performanceln addition, a zoom of the 3D view in the vicinity of the source is also shown

provide more clear view on the estimated source localiba.resultsshow thatthe additional
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array significantly inproves the localization performance. For examipie,localization error of

the conventionalDS beamformer decreasgem 26 m using a single array taround 7m with

two arrays (Figure 5.14a and 5.148jill, the localization performance of the convenabDS
beamformer is not very accurate even with two arrays. However, the localization error of the
EMVDR beamformekb = 0.3) is reduce from# musing a single array tess than Inwith two

arrays (Figure 5.14a and 5.)4lindicating that the EMVDR bedormer (b = 0.3) has very

accurate localization capability with the additional array.

(a) Conventional DS (b) Enhanced MVDRH( = 8) .
// &= I
80 Source o 80
Location = :
Single O Estimat : Y *
Array 49 Locati 40
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N Output
0 50 0 50 100 b
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80 &5 1 07
(+ Array 2 5 {+ Array 2 (@) 06
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Figure 5.14: Localization mapsgtop-view) for simplified urban environment modssing (a) conventional DS and (t
EMVDR wi t3lbeafmfermdrs with one and two arraylsose SNRs are 5dB and 12dB, respectively
Localization error using two arrays is reduced to (@nand (b) 02m.
In order to compare the source localization performance for singe and two array configurations,
the localization error of the beamformers for different SN&=fined in terms ofrray J is

computed via Monte Carlo simulation. Note thlaé average SNR at array 2 is around 7dB
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higher than thewverageSNR at array 1 due to its closer locationthe source given the same

amount of noise in thenvironment

Figure 515 showsthe localization performancéor (a) the single array an¢b) two-array
configurationfor three beamformers: conventional DS, EMVDR with= 0.3 and0.7. The
results in Figure 5.158r a single arraghow that the conventional DS is apparently incapable
of locating the source, causing large localization error. Howeabher EMVDR beamformer
demonstrates its accurate localization capabilityloaalizationerror is less than & for SNR >

10 dB. Thelocalizationaccuracy of the EMVDR beamformer degrades as SNR decreases as
expected, but the localization performancstil far better than the conventional DS even at low

SNRs.

The results for twarray configuration are presentedn Figure 5.15b. Comparing Figure 5.15a
and Figure 5.158howsthat multiple arrays can make tbenventionaDS beamformer feasible.

For tre EMVDR, the localization becomes very accurate even at low SNRs while the
conventional DS beamformer still causes relatively large localization error. It is noteworthy that
the additional array is located at a more favored position, i.e. closer to tree sban the
original array. Hence, it is not guaranteed duaadditional array always makes such a positive

impact on the overall localizatigrerformance
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Figure 5.15: Localization error vissus SNR at array 1 for 3D simplified urban model uﬁimgoﬁ =0.8: (a)single
array and (b) two arragonfiguration.

82



b. Fort Benning Urban Model:

For the Fort Beming model, the locatiaof thearray 1 and 2 ar€0, 10, 2) and (60, 60, 2),
respectively In this model, the source liscatedat (5, 72, 2m. For this particular sourearray
configuration, he average SNRs for array 1 and 2 @aend8 dB, respectivelyThe same types

of resultsas in the previous caseepresentedn Figures5.16through5.18

In general there exists more uncertainn the location of the sourceue to the higher
complexity of this modelAs in the case of the simplified urban model, domventionalDS
performsvery poorly. Specifically, the top view fothe conventional DS beamformer shows a
large normalizé beamforming outpud0.8 (orangepver most of thelomain (Figure 5.16aPn

the other hand, the EMVDR beamform{ér= 0.3) showssignificantly better performance. The
beamforming output of the EMVDBeamformeis mostly(0.7 (yellow) More importantlythe
higher beamformimy outputs O 0.9 (red) are fairly concentratearound the sourcelocation
(Figure 5.16b). Obviously, it provides a relatively reliakdéreate of the soueclocation in his

more complex urbaenvironment i.e. the localization error is less tham4

83
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Figure 5.16: Localization map$or Fort Benning urban environment modéth 5dB SNR miseusing (a)
conventionabSand ( b) E MV ®deamioimerd ochlizaion error is (a) 51band (b) 4.2n.

Figure 5.17 shows the results for the EMVDR beamformer using higher adjustmenifiactor
0.7) versus the conventional DS beamformer. HMVDR beamformerb = 0.7) showsthe
better resolution, resulting in more accurate localization, i.e. the localization error decreases from

4 mto 2m (Compare Figure 5.16b and 5.17b).
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Figure 5.17: Localization map$or Fort Benning urban environment modéth 5dB SNR noiseising (a) conventiona
DS(b) EMVDR wi t h blodlizatonkereoringd) 6lnb@mre (by 2.4n.

Figure5.18compareghe results for theingle andwo arrayconfigurationgor the conventional

DS and the EMVDR beamformeb & 0.3), respectively. Similarly, e resultsshow thatthe
additionalarray improves th#calization performance due to its closer location from the source.
For examplethe localization error of theonventionalDS beamformer decreasgem around

50 musing a single array tb8 m with two arrays (Figure 5.18a and 5.18b), which is still poor
On the other hand, the localization error of the EMVDR beamformer with two arrays is reduced

to less than Znfrom 4musing a single array
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(a) Conventional DS (b) Enhanced MVDR( = 8) .
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Figure 5.18 Localization mapgtop-view) for Fort Benningmodelusing theEMVDR with (a) conventionaDS and
(b) b = ®beamformers with onand two arraysvhose SNRs are 5dB and 8dB, respectively
Localization error using two arrays is reduced to (a) h&ad (b) 1.5, respectively.

Similar to the previous casEjgure 5.8 showsthe localization performander (a) the single
array and (b) twarray configuratiorto compare the performanceNote that the average SNR
at array 2 isabout 3B higher than thaverageSNR at array Hue to the relative distance from
the source. Basicallyhé resultsn Figure5.19show the same trend.is shownthat only the
EMVDR beamformer is capable of localizing the souaceuratelywith a single arrayi.e.
localization error is less than 2 m for SNR > 10 dBhe localization performance of the
EMVDR at low SNRs is faly poor, resulting in high localization error. However, this can be
improved by the additional array as shown in Figure 5.19b. For the EMVDR beamférmer (

0.3), thelocalizationerror goes below B even at very low SNR.
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Figure 5.19: Localization error versus SNR at array 1 for 3D Fort Benning urban modelﬁé&igfg: 0.8: (a)
single array and (b) two arrayonfiguration.

c. Additional Results for the Fort Benning Urban Model:

It is important to note thatost results so far are obtained using single and two arrays.
Additional results with the number of arrays ranging from anéotr arrays are provided in
AppendixC.1. The locations of the additional arsay and 4 are (100, 20, 2) and (120, 70m2)
respectively. Given the source location at (5, 72n2)he average SNRs for array 1, 2, 3 and 4
areb, 8, 2 and 0 dB, respectiely. There are 15 possilcombinations of arrayse. 4 using
single arrays, 6 using two arrays, 4 using 3 arrays, and 1 using all four afene, 15

localization mapsorrespondingo the array combination are presented.

To summarize,he resultsn AppendixC.1 show thatthe localization capability depends on the
amount of clutter between the souredthe array. The array nearest to the sowiedds the
best results and the localization error increases as the array is farther away fromaadrsour
addition, theresults for mutltiple arraysshow thatthe localization performance strongly
dominated by thelosest array to the sourcas expectedt is alsoshown that additional array

donot always improve the overall localization performanc
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Based on the results presented in Appendix @4 Jdcalization errofor increasing number of
arrays from one to fouis presented in Figure 5.20. Sinteere areseveralpossible array
combinations, théocalization error forall possiblecombinatios is computedand the average
and range (i.e. maximum and minimum) are determifed example, the localization error for
two arrays case is computed for all possiblecsimnbinations The average (&) is then plotted
using the open circle symbol whitbe bar indicated the maximum and the minimafrthe
localization errorsAs expected,hte resultsn Figure5.20 show that theaveragedocalization
error decreasg asthe number of arrays increasebhe localizationerror for one array case is
around 15m whereas thdocalizationerror forthreearray case decreases to less than No
significant improvement is observed over the three array case. The figure also shows a reduction
in the uncertainty of the estimate. For example, diffierencebetween tB maximum and the

minimum for one array is approximately 86as compared to 118 for threearray case.

35 T 1

25 y

20 .

151 — y

Localization error(m)

10 y

Number of arrays
Figure 5.20: Localizationerror (averagedand rangejor increasing number of arrays in thert Benning urban

modelusingEMVDR (b = 7)@eamformemwhose SNRs are applioxately 5dB (array 1) 8dB (array 2) 2dB
(array 3)and OdB(array 4) respectively.
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The results fordifferent source pasion can be found in Appendix C.Basically, he results
show the same trend as for the case of the original source po3itiemrmainobservaion of this

study is that there is substantial benefit by deploying multiple arrays in the environment.

5.3  Effects of Uncertainty

In previous simulations, it was assumedf@erknowledge of the acoustic environment (transfer
functions) to implement the beamformmerNaturally, localization performanceof the
beamforming approachés correlated with the quality of a prignowledge of the environment

to accurately compute thsteering vectorsHowever, there are always some uncertainties
between the numerical model and the actual environment. Therefore, it is important to study the
sensitivity of the beamformeto errorsin the model.The main objective of this uncertainty
study isto determinehe severity of thigproblemand how to overcomé. In this section, the
uncertainties investigated gpeesentedirst. As before, microphone setioise isadded for more
realistic results.The effect on the performance of tbeamfomers is thenassessed and the

resultsarediscussedlt is also investigated ddditional arrays can alleviate the problem.

5.3.1 Uncertainty Parameters

It is important to note that this uncertainty studiges not investigate all possitdeurcs of
model erros. For example, the effect of wind is not considered in this study due to the limitation
of the FDTD code tancorporate this effect into the modelinBifferent positiors of the
buildings canbe consideredas a possible uncertainty the modeling Howeer, current

technologesenables to find the position and size of the buildings accurately.

In this study, two uncertainties are investigated: (a) temperature gradient and (b) unmodeled
object (i.e. uncertainty in geometry). Firstly, temperamgnadientis a commonuncertainty in
realistic 3D environmentslt is difficult to measure and it changes through the day/night
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Secondly, in urban environments, there are always unpredictable geometric changes on the
terrain such as movement of vehiglaswbuildings not yet mappedgemolition of the buildings

and so forth Hence, it is important to investigate how the uncertainty in geonuetey to
unmodeled objectsaffects the localization performance. It is also noteworthy that both

uncertaintycasesave not ben investigated in any previous work.

a. Temperature Gradient

The first uncertainty considerésla temperature gradient such as inversion (lapse), i.e. increase
(decrease) in temperature with altitudm basically, a uniform temperature (zgradient$ is
assumed in the numerical model while there is a gradient (lapse or inversion) in the real
environment. Since the speed of sound fsirection of temperature,hie temperature gradient

uncertainty implies a spatial distribution of the speed of sautidheaght.

Based on observations from the lowest h00f the atmospherehe air can be divided in two
distinct parts: a layer above the ground in which the rate of change of the temperature gradient is
log-linear, and a second layer in which the temperajuadient is constant with heigfGeiger

et al., 2009) The height of the first layer is a minimum of 4 m in winter and 30 to 40 m in
summer. The second layer is a few hundred meters in hdigbttemperature profile used

follows the equation

a
T,=T, talng? (5.1)
ca
where T, and T, are the absolute temperature in Kelvin at two different heighhdz,

respectiely and a is the profile constant.

This expression requires the knowledge of the temperature at two different heights., trseially
values usedre the surface temperature (just above the ground) and the air temperature (usually
2 m above the groundiere,5 0 e C t i®chddh@maximum and minimum temperature

in the profile respectively as shown in Figure2® and thecorrespondingprofile constang is

approximately 8.69. Thigemperature gradient is rather extreme. However, it was chosen
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because, a# will be shown, the beamformer is not very sensitive to common temperature

gradients.
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Figure 5.21: Temperature profiles for the temperature gradient froegCotd 3G C.

b. Unmodeled Object

In urban envionmens, objects or structures can be mistakenly added to or omitted from the
numerical model due to urgdictable changes on the envinzent (e.g. movement of vehicles,
demolition ofbuildings, and so forth). Terepreserg an uncertainty in the geometrjjo study

this typeof uncertainty, an object withO m x 2.5m x 3 m dimensions (such as a large bus or

truck) is added to the modé¢Bee Figure 5.22

2.5m/

10m

.....................................................

Figure 5.22: Unmodeled object geometrg.g. a lis).

Originally, four positionsvere chosen for the amodeled object: 2 positions near the array and 2

positions neathe source. These positions wesaected to be very close to the source or the
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array so that the influence of the object on the transfatimbetween the source and the array

can be maximized.

5.3.2 Performance Degradation due to Uncertainty

To evaluate the performance degradation due to uncertaéinggimplified urban environment
model without any uncertaintys considered as the baselinedarsed to compute the transfer
functions.Errors due to ncertaintes (temperature gradient or the-mmodeled objectyverethen
introduced as a modification of the base model. In other word, thbeamformersare
implemented using the information fromettbaselie model but the actual acoustield

recorded by the microphones is the one from the perturbed m®dbbwn in Figure 5.23

Baseline model

Perturbed model

/
gy DY,
~/4 iy

Microphone Transfer T - /A

Signals Functions

Beamformers

Figure 5.23 lllustration of the uncertainty study with the unmodietdject.

a. Temperature Gradient

To be consistent with the previous resultg arrayand source are located at the same position
The average SNRs for array 1 is 5 dB. Taselinecase without any uncertainty (i.20C
uniform temperaturgss preserdd in Figure 5.24 for comparison purpose. Ndteat the results
in Figure 5.24 are identical to the ones in Figure 5.1@m the other hand, Figure 52ghow

the results for tle caseof temperature gradienresent in the actual environment but not
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consdered by the beamformeCompared tathe resultsin Figure 5.24, it is clear that the
EMVDR beamformerstill showsrelatively good performance, i.e. the ‘nmodeled temperature
gradient resulted in minor degradation of the performanke.minor degradain is noticeable
as the localization error increas&®m 2 m without uncertaintyto more than 4m with

uncertainty

(a) Without Uncertainty (b) With Uncertainty

3D
View
Side Normalized
. Beamformer
View Output
Top
View

Figure 5.24: Localization map$or 3D simplified urban model with 5dB SNR noise usthg EMVDR with b=0.3:
(a) no uncertainty and (50 to 30C gradientuncertainty Localization error is (a) 2rhand (b) 4.5n.

In order to conpare the source localization performance with and witteaperaturegradient
uncertainty, the localization errors of theamformerdor different SNRs are computed and
presentedn Figure 5.25The results show that the overall performance of the lwramefs with

uncertainty (dotted line) degrades due to the inaccuracy of the estimated transfer functions. For
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instance, the localization error of the conventional DS increasesnbgue to the uncertainty.
For the EMVDR, the uncertainty causes the laeaion error to be 3n higherfor SNR >5 dB
and has more detrimental effect as SNR decreases. However, the EMVDR still works much

better than the conventional D& all SNRs
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Figure 5.25: Localizationerror versus SNR for 3D simplified urban model uﬁcagoﬁ =0.8: without uncertainty
and with50 to 30C gradientuncertainty.

It is importantto notethat minor degradation due to the temperature gradient uncertainty is
inevitable. Howeverthe negative impact on the localization performance turnsoolog rather

insignificantgiven that theemperaturg@rofile useds a relatively extreme case.

b. Unmodeled Object

Figures5.26 shows the localization maps of the EMVDR beamformer with 5dB Shibtse br
the case ofthe unmodeled objectincertaintyat two different positiongshowedin the figure as

a dark blue rectanglehn this case, the unmodeled object is placed very close to the sburce
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general, it is observed that the presence of uhenodeled object near the source has a
significantnegative effect on the beamformer performaiae.both cases, the localization error
increasego at least 10n. This observation is obvious by comparing these maps to the baseline
case inthe first colunn in Figure 5.24The degradation iaoticeablefor the case of position 1
where a strong spurious source appears at the opposite side of the Hikk&lingue to the
reflections caused by the object which is right below the source olirdaionof the array.The

cas for position 2 is even worse showing a lot more ambiguity oveenttiez=domain, i.e. the
beamforming output is much higher. This is most likely because the object in position 2 blocks

larger amountof the propagation from the sourcethe array.

(a) Position 1 (b) Position 2
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Figure 5.26: Localization maps (topiew) for 3D simplified urban model with 5dB SNifbise usinghe EMVDR with
b=0.3 for unmodeled object in (a) position 1 and flsition 2 Localization error is (al0.9mand (b)10.3m.
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It is noteworthy that the case where the object is very close to the array would result in similar

results Hencethe results fothe object close to the array are pogsentedhere.

The same type of the investigation is then performedxfdifferent source location to see the
effect of the uamodeled uncertainty when it is nmtaximized i.e. the uAamodeled objectioes

not directly hinder the sound field between the source and the array. To this end, the source is
choserto be at (20, 25, 2n while the array position is the same. For this study, the localization
maps of the EMVDR beamformer with and without thenomdeled uncertaty are presented in
Figure 5.27a and 5.B7 respectively. Again 5dB SNR microphone swalise is added for more
realistic results.The results in Figure 5.B7show that the EMVDR beamformer provides
accurate localization capabilityith the unmodeled object not in the proximity of the souree

the estimated sourdecationis less than 2n from the actual source placementel¢domparison
between Figure 5.27a and 5@2%hows thathe presence of the objefetr from the source has
negligible effed on the beamformer performanée. the results of Figure 5.27a and h2fe
similar. This implies that the performance degradation due to the uncertainty in geometry

depends heavily on the relative location of the object given the satrayeonfiguration.
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(a) Without uncertainty (b) With uncertainty
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Figure 5.27: Localization maps (topiew) for 3D simplified urban mdel with 5dB SNR noise usirtge EMVDR
with b=0.7 for (a) no uncertainty and (b) unmodeled objeqidsition 2 Localization error is (a) 1mand (b) 1.en.

C. Multiple Arrays to Minimize Effect of Uncertainties

Previoussimulation results have shown thahe addition of the second array improved the
performance of thdeamformerassuming perfect knowledge of the environment (see Figure
5.15 and 5.19)It is important to find ouif multiple arrays can help icompensating for lackf

knowledge in the model

Here, two array configuration is investigatetb assessf multiple arrays can overcome the
uncertainties in the model use8ince the detrimental effects of the temperature gradient

uncertainty aréenconsequentiakhis studyis focusedon the uncertaity of the unmodeled object.
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Figure 5.28 compareghe single and two array cases corresponding tatineodeled objecat
position 1. As shown in le figure, the negative effects of the uncertainty are virtually
compensated by the second ari@ince the gurious source was founckar the second array, it
disappearcompletelyusing two array. Compared with the baseline case without uncertainty
(See Figure 5.1d and 14), the improvementobtained by the two array configuration is

significant, i.e. the lodezation error decreasdém 10mto only2 m.

(a) Single Array (b) Two Arrays
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Figure 5.28 Localization mapsgtop-view) for simplified urban environment modeith unmodeled object
uncertainty(position 1) using thE MV DR wi B8 Beanfforner@ith one and two arrayghose SNRs are 5dE
and 12dB, respectivelyocalization error is (a) 10rBand (b) 1.8n.

Figure 5.3 comparesthe source localization performance witie unmodeledincertaintyat
position 1 for (a) sigle and (b) two array configurations. The results in Figur@abshow the
performance degradation due to the uncertainty for the single array. For conventional DS, the
localization errorincreasedy around 10m, from 27 to 37m. Thelocalizationerror usng the
EMVDR beamformerff = 0.3) also increases up tord at very low SNR. Similarly, the results
in Figure 5.83b show the performance degradation due the uncertainty for the two arrays. The
localization error does not increase as much as for the single array case. For ink&ance,

localization error of conventional DS increases by oniy,3rom 6 to 9m. The performance

degradation of the EMVDR beamformer is even smaller.
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(b) Two Arrays
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Figure 5.29: Localization error versus SNR for 3D simplified urban model uﬁzm_goﬁ =0.8 for an unmodeled

object uncertainty at position 1: (a) single array and (b) two arrays configuration.

From these resultshe key observations that twaarray confguration can help significantly to

compensate the detrimental effects of uncertainty (unmodeled object).
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Chapter 6 Localization technique:

Acoustic Fingerprinting

This chapterdiscusses source localization technique using microphones disparsedluttered
environment such as urban cesten conjuncton with a low fidelity acoustic model. The
approach imfgmented here is to integrate famgerprinting method with the energybased

acoustic model of thenvironment

The fingerprinting approach has been usesl an alternative solution to the source localization
problem in RF signals (LaMarca et al., 2005; Ferris et al., 2006). However, it has not been
investigated in acoustic sourdecalization combined with the numerical model of the

environments.

The sourcdocalization system using thepproachis described in section 6.1. Mathematical
formulationon integration of the approach with the energy method is then provided in section
6.2. This proposed approach is validated usimegwo large 3Drealistic complg urban models
(Figure 3.6 and 3.7). Singerequires several single microphones dispersed in the environment,
the relationship between the localization accuracy and the number of dispersed microphones is
also investigated=inally, the effect of the aceacy of themodelis addressed bgomparing the

results based on the estimat@agerprints (energybased method) to the results by using the

exactfingerprints(FDTD).

6.1 Localization Approach

Figure 6.1 depicts the localization system for a sound sourca complex urban environment
using multiple dispersed microphones. Figrka represents an example of a typical scenario
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where an acoustic event (such as a gunshot) occurs at an unknown position in the environment
(solid circle). Due to the either immiNve or continuousoise produced by the source, the sound
would propagate through the environment and be recorded by the microjpthatites circls) in
Figure 6.1c. These signals arthen transformed to the frequency domain by taking Baest
Fourier Traasform. In this application, the magnitudes of the spectrums of the microphone
signals are the measured signal strendthigure 6.1d). The fingerprinting method requires
estimating the signal strength (spectrum) at the microphonegsoda sourceat grid points
(Figure6.1e). The estimated spectrumabtained using a predictive propagation model become
the referencefingerprins andare saved in the database (FiguBéf). Next, the best match
between the currently observéar measuredyignal strengthand the reference fingerprints in

the databasis found (Figuré.1g). Finally, he coordinates associated with the fingerprint that
provides the smallest Euclidean distance is returned as the estimate of the source(fogatieon
6.1h).

The predictive aaastic propagation model considered here is based on the 3D diffusion equation
(i.e. theenergybased methoddsmentionedn Chapter 3. Tie major advantage ofifmodel is

that it allows fast computation of the sound field in large and complex urbaroemens.
Therefore, this propagation model is used in the present study to generate the reference
fingerprints by efficiently predicting th8PL distribution in a given urban environment. Due to

fast computation of the energy model, relatively dense cgeeoaer the entire domain can be

achieved.
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Figure 6.1: Schemdt of localization system usirfgngerprinting method.

6.2 Source Localization Mathematical Formulation

Figure 6.2 illustrates the Fort Benningurban environment witiM microphones dispersed
throughout the environment. A noise source generates an impulsive noise that propagates

through the environment and is reded by the microphones

Microphones

Figure 6.2: lllustration of an urban environmemtodelwith M microphones dispersed throughout the environme
3D view (left) and topview (right).
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Since the source is Ricker pulse with center frequency of 100Hz, most of the source
information s concentrated between 50 and 24z. Hence, thisrequency rangés considered

for frequency domain source localizatiomhe measured signal strength needed in the
fingerprintingmethodis the microphonsignalspectrum magnitude. Since theegygy method is

useful for prediction in frequency bands, the narrowband spectrum is used to compute the
spectrum in wider frequency bands such as 1/3 octave Dafiitién thisrange there are six 1/3
octave bands ith center frequencies between 63 an@i20. The magnitude of spectrumf the

source for all sixbands is presented in Figure 68s observed, the band whose central
frequency is 160Hz shows the maximum amount of energy among them. Although the spectrum
concentrates around the 100Hz (see FEgBu8b), there are more spectral lines in this band,

resulting in greater sound pressure level.
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Figure 6.3: Magnitude of spectrum of the Ricker wauvefon 1/3 octave bands

Figure 6.4 illustrates the necrophone noise signals at different positions andctireesponding
spectrums in 1/3 octave band$e first microphone position is chosen right next to the source
(Im to the left) Hence, the source signal arrives to the microphone with a vealy detey as
shown in Figure 64 Note that the magnitude of spectrum looks very much the same as the
resuls in Figure 6.3 The positions of the second and the third microphones are further away

from the ®urce. As observed in Figure 6.4b andc6the source gnal is distorted due to the
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environment and arrives to the microphones at different times due to the different propagation

path lengthslt is clear that the original spectral content of the source is distorted by the presence

of the clutterecenvironmen{Compare Figure 6.3 and Figure 6.4b orch.4
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Figure 6.4: Time history andnagnitude of the spectruaf the (a)nearsource microphone signahd

As implemented herg¢he magnitude of the spectrum of tineh microphone signal is written in

vector form as
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{Pm} :{ Pm( fl)""' Pm( fb) 1’ Pm( fB)}T m4,2;-- M (6.1)

where f,,b=1,2;.- B is the b-th band center frequencfach termP,(f,) in the vector

represents the meansquarevalue (msv) of the acoustic pressurein the band, i.e.
pmsv( fb) = pzrms( ft) .

The energybasedacoustic pppagationmodelis then used tpredict the signal strength at each
microphone due to a source located at the grid p¢iggire 6.1e)The output of the acoustic
model is the magnitude of the spectrum at the microphone locations due a steady noiss source

thej™" grid point at the same frequency barfglsThat is

(Pd={Ry(8) By (f) o Ry )} mA2eM; | 2200 (62)

where P, ( f,)is the predicted spectrum magnituder@m®” microphone, for th&" frequency
band, and due to a source at fffegrid point. These estimated microphone spectrums form the
fingerprint in thefingerprinting method. The energy method is used to generate a database of

spectrums for all grid pointse.adatabase of fingerprin{gigure 6.1f).

Figure 6.5 illustrates an example of the estimated spectrums in 1/3 octave bands at each
microphone due to a source located at (5, 72n 2nhd compares it tdhe measured speams

from Figure 6.4. As expected, the estimated spectrums atreamcbphonedecrease as the
distance from the source to the microphone increases. Note that the estimated spectrums at each
microphone are the same for all the bahdsaus the same amounf energy was inserted in

each frequency band and the perfectly reflective boundaries were assuimddund that the

spectral content of the source is shown only in the measured spectrum

105



@)

(b)

(©)

Source pressure (Pa)

15

63 80 100 125

Frequency(Hz)

160

200

Source pressure (Pa)

Source pressure (Pa)
L
[ 14

I
3]

Figure 6.5: Estimatedleft) andmeasuredright) spectrunof the (a)nearsource microphone signahd

x10°

T T T T T T

63 80 100 125

Frequency(Hz)

160

63 80

100 125
Frequency(Hz)

160 200

N w
O w a >

Source pressure (Pa)
=
o N

[

0.5

Source pressure (Pa)

x10°

63 80 100 125

Frequency(Hz)

160 200

63 80 100 125

Frequency(Hz)

160 200

Source pressure (Pa)

63 80

100 125
Frequency(Hz)

160 200

microphone signals at (b) position 2 and (c) position 3. Source location/ig, &,m.

106



Source localzation in thefingerprintingmethod is based on comparitige measured spectrums

in eq.(6.1) to the estimated ones in €§.2). However, these comparisons cannot be performed
because the spectral content of the noise source is unknownig/hiséded irthe computation

of eq. (6.2). This can be also observed by comparing the estimated and measured spectrums

shown in Figure 6.5.

This problem can be overcome by normalizing the spectirother words, only the spectral

shape is consideredo this end, ta measured microphone spectrums are normalized as follows

(5

where the normalized level in th¥ frequency bandEn( f,) is given as

3 M

(), B( 1), By fB)}T m=.2;-- M 6.3)

M 6.4
a P (f.) 64
m=1
Since the mswf thepressure is proportional to the sound power of the so@def,)” W( 1,),
it is evident thatthe normalized spectrum in e¢f.3) is independent of the source spectral

content. Similarly, the predicted spectrums in(€&®R) are normalized to yield

(B} ={B (1) B (6) Bt} maL2- M | 2203 (65

where

. 6.6
a Pi (1) ©9)

Thefingerpiinting method can now be implemented by comparing the normalized measurements,
{RS$ , to the predicted fingerprinl{sRS$} :

That is,
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where

{(Rsq A} ={® O B H. B J)
{Rss( A} ={B(HBOH B

Figure6.6 illustrates the normalized estimated spectrums in 1/3 octave bands at each microphone
due to a source located at (5, 72n2and the normalized measured spectruins shown that
both estimated and measured spectrums becutependentf the spectral content of the source

after normalization

108



1 s T T T 1
0.8 0.8
1S IS
2 =
3] ©
:’.J_ 0.6 ;.J_ 0.6
(@) z 2
R R
‘S 04 F 04
£ £
(=} (=]
z z
0.2 0.2
0 0
63 80 100 125 63 80 100 125 160 200
Frequency(Hz) Frequency(Hz)
1 T T T T 1 T T T T T T
0.81 0.8
€ £
= =
°© °©
2 0.6F 206
" "
(b) g f:
T 0.4 T 0.4
£ £
o [=}
P4 z
0.2r 0.2
0 0
63 80 100 125 63 80 100 125 160 200
Frequency(Hz) Frequency(Hz)
1 T T T T 1 T T T T T T
0.8r 0.8
€ £
= =
° °©
2 0.6F 206
2] "
el e}
(©) g 8
< 0.4 T 0.4
£ £
(=} (=}
P4 P4
0.2r 0.2
A B I B I BN
63 80 100 125 63 80 100 125 150 200

Frequency(Hz)

Frequency(Hz)

Figure 6.6: Normalized estimated (lefgndmeasuredright) spectrunof the (a)nearsource microphone
signaland microphone signals at (b) position 2 and (c) position 3. Source locatio72sZbm.

109



The second issue regarding the implementatiotihe source localization technique is related to
the type of sound source. Thiegerprintingmethod was envisioned for steastate RF sougs.

Here, the sound sour@an be eithermpulsive or continuous while the enerdpased method
assumes that theoise source is stationarflowever, this is not an issue for a linear system and

as long as the spectrum of the impulsive signal is computed consistently for all microphones. In
particular, the time window used to compute the Fourier Transform (or theFbBasiker
Transform) must be of the same length for all microphoimeaddition, the time window must

be sufficiently long such that the impulsive signataptureby all the microphones. Therefore,

the normalized spectral shape estimated at the micreghwitl be independent of the character

of the source, impulsiver steadystate.

Though several matching algorithms can be applied, here the Euclidean distance between the
measuredpectrumand each fingerprint in the databgbskearest Neighbons usedFigure 6.19)

This matching approach can be implemented in two different waythe first approach, the
measured and predictespectrumfor each frequency band is used in the calculation of the

Euclidean distance. That is

= = 2 .
d (,)={Rsg S} { Rs$ .} #a(%e JERO bz, Bl (69
m=1
The grid point that leads to the minimudp( fb) yields the source location. Thus, a seurc
location estimate will resufrom each frequency band. To compute a single estimated source
locaion independent of the fgeiency band, the result in e@.6) can be average across the

bands. That is

j A2 (6.10)

_Q_
1]

|-

QDo

Qo

—

Cf-h
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o
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In the second approach, the measured and prediptztrumfor all the bandsare used in the

calculaton of the Euclidean distancét is,
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d ={Rrs$ { Rs¥ qlaa(EP)f Ee )l Lz, (6.11)

The comparisobetweerthesetwo methods is discussed further with the numerical results in the
next section The Euclidean distance can also be presented graphical form similar tahe
acoustic map as uséa beamforming.To this end, the Euclideatistancels normalized relative

to the maximum level in thenvironment, i.0 ¢ dj d.

Notethat d; playsasimilar role as b, in the beamforming source localizatidtence, thesource
location can bestimated in a similar wayp thebeamformingcase, i.e. coordinate weighted by
map level with a sgcific cutoff threshold. Since the larger Euclidean distance corresponds to
the smaller beamforming output, the grid poinith a normalizedEuclidean distance greater

than the cubff threshold (E are ignoredThat is, the sarce coordinate is estimated as

9 é(l' (Ej)li
E=rf— (6.12)
a (- &)

wherel, :{xj Y 4} is the coordinate vector for thg" grid point andf. is the corresponding

Euclidean ditancencluded only if & ¢ &,

t- off *

Similarly to the beamforming localization techniguas very unlikelythata grid pointwould be
situatedright where the source iscated Sincethe simulations are limited to the case where the
saurce is located oa grid point, theEuclidean distancat the actual source positiexcluded
for a more realistic assessmentThe sourcelocalization error can then be computasl the
Euclidean distancketween the true and estimated source locaison

£,

e=

(6.13)

where | is thetruelocation vector othe source.
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6.3 Numerical Validation

In this section, the validation of the proposed approach is perfausiegthe large 3Dmodels
described in Chapter. 3Fhe simplified urban environment modefirst selectegince the energy
method should theoretically be fairly accurate in this type of environifiRagareanu et al.,
2011) The fingerprintingmethodis thenimplemented for Fort Benning modghce it has been
usedin the previous investigatianUnlike the simplified model, the Fort Benning model is
topologically different without any recognizable urban cann8nsce this ighefirst evaluation

of the methodnoise in thanicrophonesignalsis not considered

Localization using one or two microphones is not considered here because at least three non
aligned microphones are required to determine the source pos#tiasingle microphone
determines the source ldmm to be on the surface of a sphere which is centered at the
microphone. A pair of microphones helps to narrow the possible locations down to the
intersections of two sphieal surfaces, which is still insufficient to determine one unique
location. For he same reason, three microphones that are aligned result in poor performance
because microphones along a line will not provide any additional information to narrow down

thepossible locations.

Figure 67 shows he location of thefive microphonesand thesource in the simplified urban
model. The microphonese located &ix, y, z) = (75, 50, 2), (20, 75, 2), (112, 13, 2), (20, 25, 2)
and (112, 88, 2n. The source is located at (3, 40,2) Similarly, Figure 6.8llustrates the
Army Fort Benning model ith nine microphones dispersed in the environment. The source
location is(52, 3, 2)m. Note hat none of the microphones havdirect Ine of sight (LoS) to the

source for both models.
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Here,illustrative result®©btainedfrom numerical simulations are presented.

A. Simplified Urban Environment:

The results for the simplified urba@nvironmentare presentetiere Figure 69 shows he time
signals (first column) and the corresponding 1/3 octave band spectrum in dedibeteond
column)for three microphones. Each row corresponds to microphone 1(a), 2(b) and 4(c). It is
shown thatthe sour@ signalarrives to the microphonat different times due to the different
propagation path length$he source signal arrives to the microphonirst (see Figure ®).

The peak value of the pressure also diminishes as the microphone is located Wwath&om
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the source due to thepherical propagationThe measured spectrum at the microphones 4

higher than the other two microphones due to the shortest propagation path.
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Figure 6.9: Time history and./3 octave spectrum fanicrophons (a)1, (b) 2, and(c) 4 for simplified urban
environment model. Source location is (3, 40n2)

As mentionedearlier, he measured spectrums at these microphonesharenormalized to

computethe{RSS( J)} at eachfrequencyband as showim Table 6.1 and Figure 6.10t is
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shown that the measured spectrummatrophone4 is dominant at all six 1/3 octave band,

indicating that the microphone 4 is mbkely the closest one to ¢tsource

Table 6.1: Microphone wrmalizedmeasuredpectrurs at each frequency band

= = = T
{Rsq M} ={H A B D R )
f, = 63Hz f,=80Hz | f,=100Hz | f,=125Hz | f,=160Hz | f,=200Hz
Mic 1 0.279 0.106 0.175 0.210 0.085 0.168
Mic 2 0.613 0.239 0.146 0.185 0.248 0.505
Mic 4 0.739 0.965 0.973 0.959 0.964 0.846
f, = 63Hz f, = 80Hz f, = 100Hz
1 1 1
g 0.8 g 0.8 g 0.8
E&o.s ‘é-).o.ﬁ %0.6
% 0.4 % 0.4 % 0.4
E 13 E
2 0.2 § 0.2 g 0.2
0 1 2 4 0 1 2 4 0 1 2 4
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Figure 6.10: Microphone norralized measured spectrums at each frequency band.

As a next stepthe database of fingerprintsconstructedusing theenergy methodTo this end,
the grid point for source candidate locatisnselected to match the same gpdints of the
energy modeli.e. 150,000 uniformly distributed grid points withuaiform grid spacing of Im.
Exanples of these fingerprints fdour candidate source locatiofimcluding the onavhere the
source is locatedre shown in Tablé.2. The locations of theandidatesources are (115, 40, 2),

(3, 50, 2), (3, 40, 2) and (3, 30,12 whichare shown in Figure 6.7
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Table 6.2: Examples of predicted fingerpits for different grid pointi.e. candidate source locations

Grid Point: (11540,2)

{Rss( M ={B(HBOH BRI

f,=63Hz | f,=80Hz | f,=100Hz | f,=125Hz | f,= 160Hz | f,=200Hz
Mic 1 0.997 0.997 0.997 0.997 0.997 0.997
Mic 2 0.041 0.041 0.041 0.041 0.041 0.041
Mic 4 0.061 0.061 0.061 0.061 0.061 0.061
d, (f,) 1.141 1.285 1.232 1.203 1.300 1.232
18
d=gad(t) 1.232
4= & BEw £ ) 2.983
Grid Point: (3,50,2)
= - = T
{Res( M={ B(H BOH R( )
f,=63Hz | f,=80Hz | f,=100Hz | f,=125Hz | f,= 160Hz | f,=200Hz
Mic 1 0.117 0.117 0117 0.117 0.117 0.117
Mic 2 0.703 0.703 0.703 0.703 0.703 0.703
Mic 4 0.701 0.701 0.701 0.701 0.701 0.701
d, (f,) 0.189 0.534 0.623 0.586 0.526 0.251
12
d,=5a g (t) 0.451
q) =\/§ H(E) ) 1.163
Grid Point: (3,40,2) i Actual Source Location
= = = T
{Res( M ={ R(H BOH R
fb = 63Hz fb = 80Hz fb = 100Hz fb = 125Hz fb = 160Hz fb = 200Hz
Mic 1 0.062 0.062 0.062 0.062 0.062 0.062
Mic 2 0.270 0.270 0.270 0.270 0.270 0.270
Mic 4 0.960 0.960 0.960 0.960 0.960 0.960
d;(f,) 0.462 0.054 0.163 0.171 0.032 0.282
1.8
d=gad(t) 0.194
g =\/? (B B ) 0.543
Grid Point: (3,30,2)
= = = T
{Res( M={ B(H BOH R( )
fb = 63Hz fb = 80Hz fb = 100Hz fb = 125Hz fb = 160Hz fb = 200Hz
Mic 1 0.027 0.027 0.027 0.027 0.027 0.027
Mic 2 0.063 0.063 0.063 0.063 0.063 0.063
Mic 4 0.997 0.997 0.997 0.997 0.997 0.997
d;(f,) 0.658 0.196 0.171 0.223 0.197 0.487
q :éa d(1) 0.322
g :\/aB B ) 0.892
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As shown inthe Table 6.2, the fingerprints{ RSS( bf)} are the same for all the bands. The
reason is thaperfectly reflective boundariesere assumed and thus the propagaisonot a
function of frequenc,yi.e.{RS$( bf)} :{ RS$ 1)} { Rﬁ(SB)}f. Table 6.2 also shows the
Euclideandistance compet usingthe two approachepresented in the previous sectidrhe

first approach (method 1) provides smaller Euclidean distances than the second approach
(method 2). However, both approaches shiossimilar pattern in the relative difference among

the candidate source locatioms the Table5.2. Amongthem the grid point a3, 40 2) mresults

in the smallest Euclidean distanisecausedhat is the true location of the sourddwe predicted
fingerprint for the actual source location is shown in Figuel 6As expected, it looks very

similar to the microphone measured spectrums in Figure 6.10.
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Figure 6.11: Predicted fingerpnt for actualsource location.

To visualize the Euclidean distance for thié grid points, the results fadl;( f,) normalized by
the maximum value in the domaiare presented in a color mawhich is similar to the
localization mapusing bamformingin Chapter 5Note that only three microphones (1, 2 and 4)
are used for an initial study. FigurelB.shows thelocalizationmap for the entire frequency

range that includes all six bands using both methbDdkstopology, sourceandmicrophonesre
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superimposed on the mafhe estimate sourcelocationis shown ineach localization map using

a diamond shaped symbol. Inetferesultsthe cut-off thresholdused ist’!vE =0.1. A color

cut- off

scale isthenused o represent the numericallua: red represesta value of O (minimum) while

the dark blue is 1 (maximum).

In method 1(Figure 612a), the Euclidean distance computed for each band is averaged across
the bands. In method @igure 6.1B), a singlevector is constructed from the daat all
frequency bands and the Euclidean distance computed. It is shdvgure 6.12hat method 1
givesslightly better estimate than method 2, i.e. the region of the source becomes stasper.
observationwas found to be truefor all cases investaged (i.e. different source locations)
Therefore, thenormalizedEuclidean distance magsesentedrom this pointare obtained via
method 1(Choi et al., 201b).
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Figure 6.12. Localizationmap for the simplified urbamodelfor the entire frequency bands using both methods;
method 1 &) and method 2k). Source is at (3, 40, 2).
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So far, the resultsshow only one particular casé three dispersed microphonebigure 6.13

shows the performance of the source localization for several combinations of 4 and 5 dispersed
microphonesAs expected, the additional microphone does not improve the performance as long
as the first three microphos@re closer to the source than the additional one (see Bidize

and compare to Figur@.1 and6.13d). Significant improvement is observed only if the new
microphone added is the one closest to the source as demonstrated i Biglifas compared

to Figure6.12a). Finally, the case where all five microphones are used is shown in Bigaie

The performance is not improved as compared to the best three microphone case 6. Egure
indicating the overwhelming importancetbe microphone 4 (classt to the source) in the source

localization performance.

Normalized
Euclidean
Distance

coooocooooo-~
= hIW N O GO D

Figure 6.13: Examples ofocalization magtop view) for the simplified urbamodelusingfour and five
microphonesSource is at (3, 40, 2.
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B. Fort Benning Urban Environment:

The same type of results is presented here for the Army Fort Benning urban environment training
facility shown in Figure3.6. For thiscase the numberof microphones implemented in the
simulations ranged from 3 to @see Figure ®). The number of possible microphone
combinations is too large to present all of them here. Therefore, a limited number of cases are

shown in this section wittheaddiional results found irAppendixD.

The time signalgfirst column)and corresponding 1f3octave band spectrufsecond column)

for microphonel, 2 and 3are shown in Figure 6.14&ach row corresponds to microphone 1(a),

2(b) and 3(c). It is interesting notethat the fluctuation of the received signals is not as severe
asin the simplified urban modein spite of the irregularity of the building¥he largerspace
between the buildings seems to reduce cluttering in th@emThe results in Figure 6.5how

that the source signal arrives to the microphone 1 first due to the shortest propagation path. For
the sameeason themeasuredspectrum at the microphone 1 shows the highest source pressure
levelin all six bandsOn the other hand, the source signal readater to the microphone 2 and

3. However, comparing Figure 6.14b and Figure 6.démonstrates th#te spectral content of

the microphone signals are heavily distortedh®clutter on their paths.
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Figure 6.14: Time history andpectrunof the received signal at microphone 1(a), 2(b) and 3(c) for a
Benning urban model. Source location is (52, 3n2)

The normalized measured spectrums at these microphones to cc{rlﬁﬁﬁ(eg‘)} areshownnext

in Table 6.3and Figure 6.15It is easy to find out that the microphone 1 dominates the other
microphones at all six 1/3 octave bands. On the other hhadnicrophone3 results in the
smallestnormalizedmeasured gectrum at all six bandsecauset is far away and there is a lot

of cluttering between the source and theroptione
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Table 6.3: Normalized measured spectrum for each microphone.

= = = T
{Rsg M ={H H. B H ()
f, = 63Hz f,=80Hz | f,=100Hz | f,=125Hz | f,=160Hz | f,=200Hz
Mic 1 0.961 0.764 0.983 0.974 0921 0.779
Mic 2 0.239 0.598 0.158 0.218 0.369 0.624
Mic 3 0.136 0.241 0.087 0.044 0.122 0.073
f, = 63Hz f, = 80Hz f, = 100Hz
1 1 1
£ 0.8f § 0.8 g 0.8
%0.6* ’5.’.0.6 ?&)0.6
% 0.4 % 0.4 % 0.4
£ E £
2 0.2 2 0.2 % 0.2
0 1 B 3 0 1 2 3 0 2
Microphone Microphone Microphone
fo = 125Hz fo = 160Hz f, = 200Hz
1 1 1
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Figure 6.15: Microphone normalized measured spectrums at each frequency band.

The database of fingerprinis then constructedusing theenergy methodTo this end, 145,600
uniformly distributedgrid point for source candidate location was selected to match the same
grid points of the energy moldeSimilarly, examges of these fingerprints fdiour candidate
source locationgcluding the true onarepresentedn Table6.4. The locatios of thecandidate
sources aréb, 72, 2), (85, 20, 2), (90, 50, 2) and (5228m which areshown in Figure 6.6As

expectedthe grid point a{52, 3 2) m provides the smallest Euclidean distance
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Table 6.4: Examples of predicted fingeiipts for different grid poiry, i.e. candidate source locations

Grid Point: (5,72,2)

= = = T
{Rss( N ={B( N ROH R M
f,=63Hz | f,=80Hz | f,=100Hz | f,=125Hz | f,=160Hz | f,=200Hz
Mic 1 0.468 0.468 0.468 0.468 0.468 0468
Mic 2 0.882 0.882 0.882 0.882 0.882 0.882
Mic 3 0.043 0.043 0.043 0.043 0.043 0.043
olj ( ) 0.816 3.686 0.890 0.835 0.689 0.191
d,=15d(t) 0.646
Bia
\/ BB B 1.683
Grid Point: (85,20,2)
- = = T
{Rss( N ={B( N RO B WM
f,=63Hz | f,=80Hz | f,=100Hz | f,=125Hz | f,= 160Hz | f,=200Hz
Mic 1 0.048 0.048 0.048 0.048 0.048 0.048
Mic 2 0.083 0.083 0.083 0.083 0.083 0.083
Mic 3 0.995 0.995 0.995 0.995 0.995 0.995
d,- ( f,) 1.261 6.301 1.307 1.324 1.259 1.264
-1aq () 1.261
B
\/ HE) B 3.026
Grid Point: (90,50,2)
= = = T
{Rss( M ={B(H BCH B
fb = 63Hz fb = 80Hz fb = 100Hz fb = 125Hz fb = 160Hz fb = 200Hz
Mic 1 0.036 0.036 0.036 0.036 0.036 0.036
Mic 2 0.876 0.876 0.876 0.876 0.876 0.876
Mic 3 0.47 0.479 0.479 0.479 0.479 0.479
d (1) 1.174 6.270 1.252 1.226 1.081 0.722
1 B
d=gad(t) 1.045
b=1
4= a Wk -£(0) 2.582
Grid Point: (52,3,2) 1 Actual Source Location
= = = T
{Rss( M ={ (N RO RO
fb = 63Hz fb = 80Hz fb = 100Hz fb = 125Hz fb = 160Hz fb = 200Hz
Mic 1 0.933 0.933 0.933 0.933 0.933 0.933
Mic 2 0.293 0.293 0.293 0.293 0.293 0.293
Mic 3 0.209 0.209 0.209 0.209 0.209 0.209
d, (f,) 0.161 1.291 0.217 0.252 0.234 0.683
1 B
d=gad(t) 0.329
b=1
) :\/é B B 0.829
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Figure 6.16 shows the predicted fingerprint for the actual source location. As expecieks it |

relatively similar to the microphone measured spectrums shown in Figure 6.15.
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Figure 6.16. Predicted fingerpnit for actud source location.

The localization maps for this case #nenshown in Figure$.17 and 6.18 Figure 6.17shows
the normalized Euclidean distance nfagp view)for the entire frequency range that includes all
six bands usig bothlocalizationmethods As observedthe source locatiorestimates are not as
accurateas the ones for the simplified urbarodel even with anicrophoneclose tothe source
The localization error is more than trtfas compared t6 mfor the simplified urban model. This
is becasge the energy methoghodelsbetter the simplified urban model due to its regularly
spaced streets and identical clutters. In other wordsrtbegy method provides more accurate
fingerprints for the simplified urban modélowever, the resultstill idenify the general areaf

the sourcdocation Here, nethod 1 gives closerestimateof the sourcgplacementhan method

2.Hencemethod 1 is used fohe rest of the results
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Figure 6.17: Localizationmap (Top view)or theFort Benningurban modefor the entire frequency bands using
both methods; method 1 (a) and method 2%burce is at (52, 3, 2.

A few additional cases of thre@eicrophone combinationare depicted in Figure .&8. The
results again shows a relatively good estimation of the region whereotinee sis located

althoughthe localizatioraccuracystill needs to be improved.
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Figure 6.18 Localization map (Top viewfpr Fort Benningurban model withthree microphonessing method 1
Source is at (52, 3, 2.
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