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Development on a JavaScript Library for Recognizing
Machine-generated Sounds
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Our daily life is now surrounded by various machine-generated sounds, so it is valuable to establish a way to detect and
recognize those synthesized sounds as a trigger to invoke information systems. However, it is still not easy to enable end-user
programmers to create custom-built recognizers for each usage scenario through the supervised learning. Therefore, focusing on
a feature of synthesized sounds whose auditory deviation is small for each replay, we implement a JavaScript library that detects
and recognizes sounds by the traditional pattern-matching algorithm. We quantitatively evaluate its performance, and show its
effectiveness by proposing various usage cases including an autoplay system, an augmentation of digital games, and a

gamification.
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Figure 1 Overview of Picognizer.
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Figure 3 Graphical explanation of Mask(A,B). Naively
comparing target A with input B results in low performance
when B contains noise derived from sources such as background
music. To exclude the noise, Asym_Dist calculates the Euclidean
distance between A and Mask(A,B).

Picognizer DB 7 o —1IX 2 DX H 72> T\ 5D, M
Mg b e 2 TIEM) OEFEREY wav BREIT mp3
BXTANTDE, BEREEIRIA 7TV THD
Meyda[23)iC L W /RU—2 7 h T A, MFCC %, 17 Fi¥H
DR EEDHEDEND R DFET Mt an
%. FORE, EHEOR =R T 4 B EO— BT
BHiTbhd. £z, MHRBT 2L~ 7 AN bER
AL, FERICRHEENY MIZE#RESND.

EfEOREENT ML EATORBENZ VI
Dynamic Time Warping 15, 5 X ONEHZILEIEIC L o TLhik
Eh, a2 MBREA &S, Dynamic Time Warping {50 %
4E121%, 1 RIE® Dynamic Time Warping %D npm /3> & —
TTH D dtw[24]% ZWTTITHRR L TRV,

F o EBEIE X, AJTEF & IEMIZ-OV T, Dynamic
Time Warping O X 5 I[ZHffE &2 BE LT, A —727 1 —
ATl L a X MERBTOFETHD. 2 A M
ELLFCThIL, I eHR2 L THEELBEEZITS.

7235, Dynamic Time Warping 1%, E#LEIEOWT I
BOTH, £7L—AIZBIT 23 A FORICITR#ES
7 PNVH ORISR ERTOMLERDD. EFEHRIET
I, TEMOEEREEN TV DIRMOE HIK> TS &
WIORBM B R E LWz, RO L5 A IExFre



BHBERI %K Asym_Dist €7 L CHW .

Asym_Dist(target, input) = Dist(target, Mask(target,input))
Z T, target |XIEFETE DRI T bV, input I AT EF
DFRFE T v, Dist(A,B)FX7 bV A2 k)L B OO
a—27 Uy RiEfEZ R L, Mask(AB)Z~7 L A4 L7
MV BDERT L DR/MENLRDZXT NV THD. T
bbZD i FHHDOEFZ Mask{ABILLTDO L HITEHES N
D.

Mask(A,B) = min(A;,B;)

INZERFELIZLORMI THD.

3.2 ERARE
321 Web T35 0HFICLBERA

PATFIZ Web 7 F U & /&FHIZ, Picognizer D H k%
R

Picognizer A4 > A h— /L ARETHY, UTFTDO LI
URLIZT ZBAT A CTIEHAFRETH 5.
http://picog.azurewebsites.net/script.html? cri=10&surl=http://p
icog.azurewebsites.net/bg_red.js&src=http://zzz.com/target.mp3

F 1L, 7o) XFEHE UTHRERRE/R R T XA — 2 D —
BERT. ZOBITIE, stc ST A =X THRELEFRY 7
ANEEMEL, cri T A—Z%&aX bORMEEL, 22
NAERMEZ TRl 5 72 Rpl2 32179 % JavaScript 7 7 A /L &
surl ST A—F THELTWND. K4ICZDURLIZT 7k
A LTeRED BT OMT % 7~ 7. [Picognize] R¥ &7 Y v
7HLFEF v 7L, T3V~ A ZRAOF R &5 2
D EEMENBMBIND. B FEICIE R FORERS & B
BN Z7{ENTEBY, ATA4 RA=Ti#litl7R L~
B A FHE R THS.

#1 77 UK Picognizer IZfRET H /3T A—4.,

Table 1 Detection parameters for browser-based Picognizer.
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src

stet SRHITRE IR TR (CE S BFTDORIIARFZ) A8 T I
surl BF (CSR1T =N BlavaScript 7 77 - JLADURL

cri FHHERTDOIXAMDULEME

mode OXRTET7ZILT D X A (“dtw” :DTW or “direct” :[EFELEES)
wfunc =B34 (default: "hamming")

ft Meyda Cilitt 3 2= (default: powerSpectrum)

frame =2 OEHA (default: 0.02)

dur R METEDEER (default: 1.0)

UTIEM R ICEE O xR LI E227 Y 7
bg redjs DNETHD.
setup = function(){
console.log("Initialized.");

}

onfire = function(){

document.bgColor = 'red’;
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Figure 4 Screenshot of browser-based Picognizer
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BGM S/N[dB] FlE #E&E BIRE
clean 0.750 0.750, 0.750

coin outdoor 5| 0.667] 0.714] 0.625
0| 0.545| 1.000] 0.375
clean 0.545 1.000] 0.375
Jjump underground 5/ 0.462| 0.600{ 0.375
0| 0462 0.600, 0.375
clean 0.500] 0.667| 0.400
1up star 5/ 0.500] 0.667| 0.400
0/ 0500, 0.667] 0.400
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BRI DRER
Table 3 Results of Euclidean distance and direct comparison

condition in experiments 1 and 2

Flg @Be® BEE

BGM S/N [dB]
clean 1.000] 1.000| 1.000

coin outdoor 5/ 0.875| 0.875| 0.875
0| 0.667| 0.714] 0.625
clean 0.889| 0.800/ 1.000
jump underground 5/ 0.842| 0.727 1.000
0| 0.842| 0.727| 1.000
clean 1.000{ 1.000/ 1.000
1up star 5/ 1.000{ 1.000/ 1.000
0/ 1.000, 1.000| 1.000
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Table 4 Results of Asym_Dist and DTW condition in

experiments 1 and 2
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Table 7 Results of Euclidean distance and direct comparison

condition in experiments 3 and 4

BRHEXE BGM S/N [dB]

FiE B&E BEE

BGM S/N[dB] FfE #E&E BIRE

clean 0.750 0.750 0.750 clean 0.870 1.000 0.769

coin outdoor 5| 06251 0625 0625 coin outdoor 5/ 0.636 0.778 0.538
0l 0400 0429 0375 0| 0.636] 0.778] 0.538

clean 0.545| 1.000] 0.375 clean 0.553] 0.382] 1.000

jump underground 5/ 0.400[ 1.000/ 0.250 jump underground 5/ 0.867 0.765 1.000
0| 0.222| 1.000 0.125 0| 0.867| 0.765| 1.000

clean 0.444| 0.500/ 0.400 clean 1.000/ 1.000| 1.000

Tup star 5| 0444/ 0.500] 0.400 Tup star 5/ 1.000, 1.000| 1.000
0| 0.100] 0.067] 0.200 0/ 1.000/ 1.000/ 1.000
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Table 5 Results of Asym_Dist and direct comparison condition

in experiments 1 and 2

BGM S/N[dB] FfE @E&3*E HBIRFE

clean 1.000] 1.000] 1.000

coin outdoor 5| 1.000 1.000 1.000
0] 0.933] 1.000] 0.875

clean 0.941 0.889] 1.000

Jjump underground 5/ 0.889] 0.800 1.000
0] 0.889] 0.800] 1.000

clean 1.000] 1.000] 1.000

1up star 5/ 1.000] 1.000{ 1.000
0] 1.000] 1.000] 1.000

Wiz, 6~ ICHREEEOLIFNHETHILIER 3 B
FUOER 4 OofRE2RT. PO S/ N [dABlIIZ2WT,

lclean) 1B 3 OFERIZXIS L, 5dB & 0dB (3325 4 ©
FERICKIET 2. FE, HEEREE (=—2 U v RiE#EE
Asym_Dist) & A NFET AT X5 (DTW & EHLE)
DOEBEZTNETIEE LT,

#6 EBr3-FEHRAITBTD [=2—2 Vv FEEB LW
DTW] Dk FE
Table 6 Results of Euclidean distance and DTW condition in

experiments 3 and 4
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Table 8 Results of Asym_Dist and DTW condition in

experiments 3 and 4

B ER BGM S/N[dB] FiE E&FE BERFE
clean 0.636] 0.778 0.538
coin outdoor 5| 0.571 0.750] 0.462
0] 0.333] 0.600 0.231
clean 0.261 0.300{ 0.231
Jjump underground 5/ 0.267 1.000 0.154
0] 0.143] 1.000] 0.077
clean 0.400{ 0.500/ 0.333
1up star 5/ 0.400] 0.500] 0.333
0| 0400, 0.500 0.333
#9 FBR3 - TR AIZBIT D TAsym_Dist 35 L ONEHLLEZ

Table 9 Results of Asym_Dist and direct comparison condition

in experiments 3 and 4

BRHEXER BGM S/N[dB] Fff #H&F BEHRE
clean 0.870] 1.000{ 0.769

coin outdoor 5 0.818] 1.000] 0.692

0| 0.762| 1.000, 0.615

clean 0.963] 0.929] 1.000

Jjump underground 5/ 0.963 0.929 1.000

0| 0.929] 0.867 1.000

clean 1.000] 1.000] 1.000

1up star 5/ 1.000{ 1.000, 1.000

0| 1.000] 1.000/ 1.000

BHR BGM S/N[dB] Fif @E&E BEE
clean 0.600{ 0.857 0.462

coin outdoor 5/ 0.455| 0.556 0.385

0| 0.421 0.667 0.308

clean 0.194| 0.167 0.231

jump underground 5/ 0.200| 0.176 0.231

0| 0.333] 0.600| 0.231

clean 0.444| 0.667 0.333

1up star 5/ 0.500{ 1.000] 0.333

0| 0.235] 0.182 0.333
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5.1.1 Toolification of Games
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Figure 10 An example of Toolification of Games with Super
Mario Brothers. Picognizer detects the sound effects of gaining

a coin to eject a real coin.
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Figure 11 An example of augmentation of the smartphone game

Monster Strike. The real-world lighting delivered by an IoT
lighting solution Philips Hue turns red when the game alerts the

player of the boss enemy’s arrival.
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Figure 12 An example of an autoplay system for QuickDraw, a
game for Nintendo Switch. The game controller is manipulated

physically by an IoT motor Webmo.
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Figure 13 An example of the detection of synthesized sounds in

a nongame context. An alert sound from McDonald's French fry
potato fryer is detected and a push notification is delivered to

the user.
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